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Preface 

The International Conference on Cognitive Modelling (ICCM) is the premier conference 
for research on computational models and computation-based theories of human 
cognition. ICCM is a forum for presenting and discussing the complete spectrum of 
cognitive modelling approaches, including connectionism, symbolic modeling, 
dynamical systems, Bayesian modeling, and cognitive architectures. Research topics can 
range from low-level perception to high-level reasoning. In 2025, ICCM was jointly 
held with MathPsych—the annual meeting of the Society for Mathematical 
Psychology. The conference was held at The Ohio State University July 25th to July 
29th. An additional, virtual conference was held online from June 16th to June 20th. 
Submissions from both the in-person and virtual conferences are included in these 
proceedings. It is available at http://acs.ist.psu.edu/papers/ICCM2025Proceedings.pdf 
and other mirrors.
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Abstract 

Research into concept formation is concerned with the 
fundamental question of how we categorise objects into a 
particular class. This study develops cognitive agents based on 
the CHREST model that is placed into a genetic programming 
environment (GEMS), thus generating cognitive strategies. We 
evolve populations of agents learning by chunking, with each 
agent incorporating LTM and STM stores, as well as attention 
mechanisms. The resulting models simulate the seminal 
concept learning tasks that investigate the learning rate of 
linearly and nonlinearly separable categories of various 
complexity (Nosofsky et al., 1994; Shepard, Hovland, & 
Jenkins, 1961). CHREST’s results are compared to both human 
data and EPAM – a different chunking-based learning model 
that utilises hand-crafted task-specific strategies. The 
automatically evolved CHREST strategies produced good fit to 
the human data in both studies, improving on EPAM’s scores 
by as much as factor of two on some of the categories. These 
findings fuse human-like concept learning strategies with 
CHREST’s powerful general learning mechanisms, and 
exemplify GEMS automated discovery of cognitive function. 

Keywords: learning; chunking; genetic programming; GEMS; 
CHREST; learning; long-term memory; short-term memory. 

Introduction 

Research into concept formation is concerned with the 
fundamental question of how we categorise objects into a 
particular class. A key result is that natural categories lack 
consistent defining features and are better characterized as 
the outcome of inductive learning of statistical distributions 
and functions (Braunlich & Love, 2022; Medin & Schaffer, 
1978; Nosofsky, 2011; Rosch, Simpson, & Miller, 1976). 

Psychologists have developed mathematical models that 
capture the statistical abstraction approach into formalisms of 
prototypes (which treat concepts as sets of weighted 
probabilistic features) (Rosch, 1973), exemplars (for deriving 
concepts from typicality gradients across all specific 
instances) (Nosofsky et al., 1994), and models based on 
adaptive learning types of clustering (Braunlich & Love, 
2022). 

Being widely influential, the exemplar, prototype and 
clustering theories were incorporated into broader cognitive 
architectures such as ACT-R and Soar (e.g., Chong & Wray, 
2003; Rutledge-Taylor et al., 2012) or, alternatively, 
augmented with algorithms based on deep learning 
(Battleday, Peterson, & Griffiths, 2020). This provided 
rigorous links to how the initial mathematical models may be 
connected to other and/or broader phenomena – such as 
language acquisition, problem solving and memory decay. 
Another approach was to forgo the mathematical models and 
to build the concept learning theory from the foundations of 
a cognitive architecture itself (e.g., Richman & Simon, 2002). 

In all three cases, it was typical for the models to feature 
hand-crafted attentional and learning strategies. Indeed, 
model development requires assumptions regarding the 
cognitive/psychological mechanisms that are involved in 
various experimental settings. On the other hand, this often 
leads to experimenters’ bias, with researchers inadvertently 
overlooking potentially important mechanisms at play. 

In this context, the aim of the current paper is threefold. 
First, we take Newell’s (1990) advice and aim to integrate 
concept learning into a broader theoretical structure. To that 
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end, we use CHREST – a cognitive architecture – as a 
foundation for the concept learning models. 

Our second aim is to use the GEMS environment (Lane et 
al., 2022), which is based on Genetic Programming (GP) 
(Koza, 1992), to create and evolve candidate models. One 
downside of working with complex cognitive architectures is 
the laborious process of hand-crafting task-specific strategies 
that incorporate many interacting parts and processes. The 
use of GEMS, on the other hand, helps to automatise and 
speed up this process. The other benefit of GEMS is how it 
reduces the experimenter’s bias when designing and tuning 
the concept learning models, with the experimenter only 
deciding on the choice of cognitive architecture (e.g., 
CHREST, ACT-R, Soar, a mixture of all three, etc.), the 
initial set of operators and the fitness function that provides 
the desired goal for the evolving models. 

Our last objective is to further bridge the gap between 
models that have a good fit to human experiments on simple 
pre-processed categories and models that are used for 
outright performance on raw complex multidimensional 
natural concepts. It is common for a model to perform well in 
one of these domains, but badly in the other. CHREST has 
recently been shown to perform well in categorising raw 
natural categories (Bennett & Gobet, 2024), and, given its 
deep roots in psychology, it is fitting to evaluate how well it 
models human concept learning data with simple categories. 

The Cognitive-Based CHREST Model 

CHREST (Chunking Hierarchy and REtrieval STructures) 
(Gobet, 1993, 2000; Gobet & Lane, 2012; Gobet & Simon, 
2000) is a cognitive architecture based on the chunking 
theory – one of the most deep-rooted theories in cognitive 
psychology (Chase & Simon, 1973; Gobet et al., 2001; 
Simon, 1974). 

The motivation behind CHREST originated from criticism 
of the traditionally disjointed approach to cognitive science 
and its task-specific models (Newell, 1973). Cognitive 
architectures were presented as a solution to that problem, 
aiming to integrate theories of various cognitive mechanisms 
and representations into unitary computational embodiments 
(Byrne, 2012; Lane & Gobet, 2012b; Newell, 1990). 

Consequently, CHREST and related chunk-based models 
were used to explain and predict behaviour in the acquisition 
of language (Freudenthal et al., 2016; Jessop, Pine, & Gobet, 
2025), verbal learning (Bennett et al., 2024), problem solving 
(Lane, Cheng, & Gobet, 2000), emotion processing in 
problem gambling (Schiller & Gobet, 2014), categorisation 
of novel literature and music pieces (Bennett & Gobet, 2024; 
Bennett, Gobet, & Lane, 2020), developmental trends and 
cognitive decline due to ageing (Mathy et al., 2016; Smith, 
Gobet, & Lane, 2007), expert behaviour (Gobet & Simon, 
2000; Richman et al., 1996; Richman, Staszewski, & Simon, 
1995; Simon & Gilmartin, 1973), and the list goes on. 

The core concept of the chunking theory – a chunk – can 
be defined as a meaningful unit of information constructed 
from elements that have strong associations between each 
other. CHREST formalises chunks as nodes in a graph data 

structure that represents LTM. The process of chunking is 
used to update the LTM with new data – by either updating 
the existing nodes (familiarisation) or creating new ones 
(discrimination) (Gobet, 1993, 2000; Gobet & Lane, 2012; 
Gobet & Simon, 2000). CHREST’s STM structure allows for 
retrieval of items from the LTM and additional processing – 
such as linking stimuli across verbal and visual modalities. 

The other important feature of the chunking theory is that 
it uses established experimental data to set the  time costs for 
its core cognitive operations (Simon, 1974; Simon & 
Gilmartin, 1973). These are also integrated in CHREST. For 
example, recognition of a pattern requires traversing several 
nodes (10 milliseconds each), familiarisation (adding 
information to an existing chunk) takes two seconds, and 
discrimination (creating a new chunk) takes ten seconds. 

For more details on the chunking theory and cognitive 
architectures see Gobet and Lane (2012). 

The Genetic Side – GEMS 

GEMS (Genetically Evolving Models in Science) is a meta-
modelling program framework designed to semi-
automatically develop cognitive models (Bartlett et al., 2023; 
Lane et al., 2022). These cognitive models consist of 
operators derived from research literature in psychology. 
Each operator requires a certain amount of time for 
execution, and GEMS tracks these timings using internal 
clocks. As a result, the overall time consumed by a model 
developed with GEMS can be calculated. 

To assess the performance of a model, GEMS simulates the 
experimental conditions of the original experiment. The 
accuracy and timings of the simulations are recorded by 
executing the models over a cognitive architecture, which is 
CHREST in our case (See Figure 1). 

Figure 1. Overview of GEMS and its interaction with 
CHREST. 

Genetic programming employs these fitness values to 
search the state space of the cognitive models. It acts as a 
generator and a breeder, creating and combining models 
following principles inspired by natural selection. This 
process evolves a population of models, pushing the top-
ranked ones into future generations and using them to 
produce offspring. When an evolutionary run ends, it yields 
several distinct models with the best fitness scores, which 
serve as candidate solutions.  

The final step involves refining these candidate solutions 
by removing any non-functional code that became part of 
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their genetic makeup during evolution. These simplified 
models simulate the behaviour of human participants in 
experimental settings and can be considered as the strategies 
adopted by humans during the experiment. 

At the end of a run or multiple runs of GEMS, the system 
yields a population of good quality solutions. We have 
incorporated several post-simplification and analysis 
functionalities into the system to further simplify these 
models and cluster them based on their similarities (Lane et 
al., 2022). However, all this is contingent on the requirements 
of the experiment one is trying to simulate. 

Alternative GP approaches also generate cognitive models 
to simulate behaviours and agentic strategies. However, their 
underlying cognitive mechanisms are often simple and lack 
simulations of the LTM and perceptual apparatus (e.g., 
Bartlett et al., 2023; Gunaratne & Patton, 2022; Pires & Cota, 
2015). By contrast, our approach combines GP (in the form 
of GEMS) with the highly developed cognitive architecture 
CHREST. This allows us to combine complex psychological 
mechanisms and structures with the semi-automatic search of 
the cognitive strategy space, yielding models that reflect the 
complexity presumably involved in concept learning. 

Simulations of concept-learning experiments 

As mentioned above, CHREST can categorise raw natural 
highly multi-dimensional stimuli without bootstrapping to 
pre-learned knowledge structures (Bennett et al., 2020) – 
typical examples of the latter include semantic dictionaries 
(e.g., Lieto et al., 2017), hand crafted chess heuristics (e.g., 
Lane & Gobet, 2012a), and geology expert devised similarity 
matrices (e.g., Nosofsky, Meagher, & Kumar, 2022). 
CHREST’s performance was also shown to be similar to a 
deep-learning model in psychologically important ways – 
despite the vast differences in mechanisms (Bennett & Gobet, 
2024). However, one shortcoming of these studies was their 
lack of comparison to human data. The current paper aims to 
address this limitation by testing the psychological 
plausibility of CHREST’s learning mechanisms against the 
classic human concept learning experiment carried out by 
Shepard et al. (1961). Despite its apparent simplicity, this 
experiment has been used as a benchmark in categorisation 
research for decades and continues to feature in high-impact 
modern psychology research (Braunlich & Love, 2022; 
Goodman et al., 2008; Nosofsky, 2011).  
  The experiment involves establishing learning patterns for 
six different types of classification, where the same set of 
eight stimuli have to be split into two classes A and B (see 
Table 1 for the complete set of category structures). A strong 
correlation was found between the category types and the 
learning difficulty for human participants (see Figure 2): 
Type I is the easiest to learn, followed by Type II, which is 
generally easier than Types III, IV, and V, which all present 
similar levels of difficulty. Type VI, on the other hand, 
proved to be the most challenging, requiring learners to 
memorize all possible configurations of the stimuli.  

The differing learning rates across these six category types 
have become a litmus test in the field, with computational 

models expected to account for these results to be considered 
credible explanations of human category learning. The fast 
learning of non-linear XOR-like Type II and slow learning of 
linearly separable Type IV tends to foil models that do not 
account for human selective attention and localist encoding. 
For example, deep learning/backpropagation-based models 
tend to learn Type IV faster than Type II (Kurtz, 2007). 

A number of mathematical models provide excellent fit to 
the human data – for example, SEA (Braunlich & Love, 
2022), RULEX (Nosofsky et al., 1994), DIVA (Kurtz, 2007) 
and rational-rule model (Goodman et al., 2008), with 
respective r2 scores being above .95.  

There have been a number of instances where the 
mathematical models above were implemented in broader 
theories of cognition/cognitive architectures (e.g., Chong & 
Wray, 2003; Rutledge-Taylor et al., 2012). Another approach 
has been to hand-craft bespoke concept learning models from 
within the cognitive architecture. For example, Richman and 
Simon (2002) applied the EPAM architecture, which was 
originally developed for modelling verbal-learning and 
expertise data, to concept formation. Their model had 12 
Learn and Respond routines, some of which branched into 
further subroutines. For instance, “if the current stimulus and 
the previous stimulus are not members of the same category 
the hypothesis will be created by comparing the exception to 
itself instead of by comparing the exception (or non-
exception) to the previous stimulus” (Richman & Simon, 
2002, p. 11). EPAM model also had an overall good fit to the 
human data (r2 = .94 for its average proportions of errors), 
but, despite the hand-crafted strategies, the human and 
EPAM error rates differed by a factor of 2 or 3 for categories 
of Types III – VI (see Figure 4).  

Table 1. The six types of categories in Shepard et al. (1961). 

Figure 2. Average probabilities of human errors for each 
category type in each block of 16 trials. Adapted from 
Nosofsky et al. (1994). 

3

Proceedings of the 23rd International Conference on Cognitive Modelling (ICCM 2025)



The Present Study 

The current study aims to simulate the results of the human 
concept learning experiment reported by Shepard et al. 
(1961) and replicated by Nosofsky et al. (1994). The 
contribution of the current study is in using CHREST as a 
foundation for concept learning models and fusing it with the 
evolutionary search offered by GEMS. Integrating concept 
learning into the CHREST cognitive architecture will 
potentially connect concept learning with other behaviours 
that have been simulated with chunking mechanisms – such 
as problem solving, language acquisition and developmental 
decay due to ageing (to mention but three). The incorporation 
of GEMS, on the other hand, will allow us to remain agnostic 
with regard to the category-specific attentional and learning 
strategies, while still optimizing the fit of the models with 
human data. This will minimise our theoretical bias towards, 
for example, exemplar, prototype or rule-based approaches to 
concept learning. Lastly, it will also let us check if the 
previously reported powerful general learning capability of 
CHREST – which, similar to deep learning, allows it to learn 
from raw complex natural data without bootstrapping – is 
consistent with our current understanding of human concept 
learning.  

Method 

Training and Testing 

The human data were taken from Nosofsky et al. (1994), who 
replicated the training and testing procedure used by Shepard 
et al. (1961). Each trial consisted of (a) a stimulus being 
presented to the model, (b) the model classifying the stimulus 
into category A or B, and (c) feedback on the accuracy of the 
response. The model’s performance was monitored over 25 
blocks of learning trials (there were 8 trials in the 1st and 2nd 
blocks, and 16 trials in subsequent blocks). While the original 
experiment was self-paced, we imposed a 30 second limit as 
the maximum time that a model was allowed to spend per 
trial (it could also choose shorter presentation time 
durations). 

In order to generate concept learning strategies automatically, 
CHREST was integrated with GEMS.  Thus, instead of a 
single model, a population of 500 models were 
simultaneously evaluated on the task. Each model initially 
consisted of random program trees made from cognitive 
operators. The operators included attend stimulus, 

attend feedback, recognise stimulus, 

recognise and learn stimulus, recognise 

and learn response, learn the link 

between the stimulus and the response, 

repeat operation, and wait for up to 30 

seconds (see Table 2). The best performing models were 
crossbred (with a mutation rate of .20) for 100 generations. 
Since each category type requires a different cognitive 
strategy (Rehder & Hoffman, 2005), the models were trained 
on “per category type” basis. The fitness was the sum of 
categorisation errors for an individual CHREST model. At 
the end of the run, GEMS automatically picked around 300 
models that, when averaged, had the best fit to the human data 
(also averaged). 
   Please see https://github.com/Voskod/GEMS for the code 
and the best models for all the experimental conditions. 

Results 

The results of the evolved CHREST concept learning models 
are presented in Figures 3 and 4. CHREST achieved good fit 
to the human data in Nosofsky’s concept learning study. 
Looking at the six category types individually (from Type I 
to Type VI), the corresponding r2 values for P(Error) across 
learning trial blocks are .89, .89, .94, .80, .97, and .90 (see 
Figure 3). The overall r2 for the average proportion of errors 
across all category types is .97 (see Figure 4).  

The average proportion of errors per category type for 
CHREST follows the same ordering as humans in the study 
by Nosofsky et al. (1994). CHREST’s error rates are closer 
to those of humans when compared to the results of the 
previous chunking-based hand-crafted EPAM model. 

CHREST does worse than people on the very first block of 
learning (with human average error rate across all category 
types being .35, while that of CHREST’s being .64) – we 
suspect that this is due to the differences in self-paced versus 
time-limited stimuli presentation in human and simulated 

Operator Function Type

PROG-X a sequence of 2, 3 or 4 subprograms Syntax

REPEAT2 repeats a subprogram 2 times Syntax

ATTEND-STIMULUS place the stimulus value into input slot 1 Input

ATTEND-RESPONSE place the response value into input slot 2 Input

REC-AND-LEARN-ST calls CHREST's recognise-and-learn-pattern function to learn a stimulus LTM

REC-AND-LEARN-RES calls CHREST's recognise-and-learn-pattern function to learn a response LTM

RECOGNISE-ST calls CHREST's recognize-pattern function to locate a pattern in long-term memory LTM

LEARN-AND-LINK calls CHREST's learn-and-link-two-patterns function to associate stimulus with response LTM

RESPOND retrieve the linked pattern using the stimulus and assign it to the model's output slot Output

WAIT-X advances model-clock (in ms): 1000 or 2000 Time

Table 2. Overview of GEMS operators. Each operator type had a time cost (in milliseconds, ms) as 
follows:  input (100 ms), output (140 ms), LTM (2,000 ms for familiarisation, 10,000 ms for 
discrimination), and syntax (0 ms). 
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experiments, respectively, as opposed to a fundamental 
deficiency of the models’ learning. Indeed, some individual 
CHREST models displayed human-like errors rates on their 
first trial (e.g., around .25 for Type I).  

A sample strategy for the Type I category is presented in 
Figure 5; it will be briefly explained in the Discussion 
section. 

We should note that we are reporting only the results with 
the best group of models, with there being many groups of 
models that achieved similar fit. 

Figure 3. Average probabilities of CHREST models’ errors 
for each category type in each block of 16 trials. 

Figure 4. The comparison of average proportion of errors per 
category type for humans, CHREST and EPAM. Human data 
are from Nosofsky et al. (1994), and EPAM data are from 
Richman and Simon (2002). 

(PROG4 
   (PROG4 

 (RESPOND) 

 (WAIT-2000) 
 (PROG2 

  (WAIT-1000) 

  (PROG4 
 (ATTEND-STIMULUS) 

 (RECOGNISE-ST) 
 (WAIT 1000) 

 (WAIT-1000))) 

     (RESPOND)) 
  (REPEAT2 

 (RECOGNISE-ST) 

 (REC-AND-LEARN-RES)) 
 ... 

  ... 
  (PROG4 

  (WAIT-2000) 

  (ATTEND-STIMULUS) 
  (REC-AND-LEARN-RES) 

  (RESPOND)) 

  (REPEAT2 
  (LEARN-AND-LINK) 

  (REPEAT2 

 (REPEAT2 
 (LEARN-AND-LINK) 

     (WAIT-2000)) 

 (PROG2 
  (REC-AND-LEARN-ST) 

  (ATTEND-RESPONSE))))) 

Figure 5. One of the strategies in the final population of 
models that learnt to classify Type I category stimuli. 

Discussion 

There are three important contributions of the current study.  
First, CHREST, a modern chunk-based cognitive 
architecture, has passed the litmus test of simulating the 
seminal concept learning experiment carried out by Shepard 
et al. (1961). CHREST largely replicated the pattern of results 
found in human learning: e.g., learning non-linear Type II 
faster than the linearly separable Type IV, and generally 
producing proportional error rates similar to those of humans. 
This differentiates CHREST from pure machine-learning 
algorithms based on deep learning, whose pattern of learning 
differ significantly from humans’; e.g., taking longer to learn 
nonlinear XOR/Type II than the linearly separable Type IV 
category (Kurtz, 2007).   
   The second contribution is in moving away from hand-
crafted learning strategies that were used in previous 
research. Indeed, the authors of an earlier chunk-based 
cognitive architecture lamented their already complex hand-
crafted procedures as being not complex enough to address 
the relatively poor Type VI performance and suggested 
adding parameters for switching from rote learning to 
hypothesis formation (Richman & Simon, 2002). In contrast, 
GEMS made it possible to automatically develop multiple 
cognitive strategies that solved the Type VI problem in 
human-like fashion. 
  The interpretability of the models (programs) that were 
evolved by GEMS is worth stressing. These are not “black 
boxes” and stem directly from the definitions of the cognitive 
operators of the underlying architecture (this is unlike the 
Bayesian and artificial neural network approaches). For 
example, let us consider the simple cognitive strategy in 
Figure 5 for the Type I condition. Skimming through the 
strategy, we understand that it is applied for each presentation 
of a stimulus. The model initially focuses on the stimulus, 
learns the stimulus, and after responding with its category 
guess, it then reevaluates the stimulus and feedback/response. 
Deeper level analysis into timings (which are important as 
LTM’s discrimination and familiarisation processes cost 
time) and the order of cognitive operators is also possible.  
   The aspects of human-like learning and interpretability are 
even more intriguing as CHREST is otherwise comparable to 
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deep learning in its ability to learn from raw 
multidimensional naturalistic data (Bennett & Gobet, 2024) 
– an area where traditional psychological models of concept
learning have struggled (when not bootstrapped by pre-
processed data or augmented with deep learning to do the
heavy lifting of feature learning). In this sense, CHREST
reversed the traditional trajectory of simulating artificial
category experiments with the aim of discovering
mechanisms that generalise to naturalistic data. This forms
the third key contribution of the current study.
   One possible critique of our modelling approach is 
“overfitting” – when overly complex models attain near-
perfect results on training sets but struggle to generalize 
effectively to data outside of the simulated scenarios. In our 
view, the CHREST models did not show these signs, as the 
resulting programs were relatively concise, psychologically 
meaningful and traced from the start of training. This may be 
further investigated with CHREST’s simulations of other 
concept learning experiments.  
   Another potential issue is more epistemological. Indeed, it 
may be argued that an attempt to eliminate the researcher’s 
bias through search is an illegitimate move that violates the 
central tenet of falsificationism (Popper, 1959). Moreover, 
theories cannot emerge from data, as data are always 
particular and never general. Our answer to these criticisms 
is to stress the semi-automatic nature of our models. GEMS’s 
search through the space of candidate strategies is indeed 
fully automatic/atheoretic. However, the underlying 
CHREST and GEMS mechanisms, as well as the operators 
chosen, do form our theoretical commitments. Thus, our 
overall approach reduces – rather than eliminates – 
theoretical bias towards, e.g., exemplars, prototypes or 
specific chains of counterfactual reasoning. The combination 
of theory and search allowed us to show that, for example, 
despite previous studies being unable to find chunking-based 
strategies that were complex enough to offer a good fit to 
Type VI categorisation performance, such strategies do exist 
and that the underlying chunking theory is fundamentally 
compatible with our understanding of human concept 
learning. 
   To conclude, our study integrates concept learning into a 
powerful general learning chunk-based cognitive architecture 
and presents a method to automate the discovery of task-
specific cognitive processes.  
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Abstract 
We created Scaper, a Static code analysis tool for production 
system architectures. Using this tool, we successfully 
analyzed 26 ACT-R models. This process took 
approximately 5 seconds to complete and identified 3,619 
components, including chunk-types, declarative memories, 
and productions. In general, the analysis shows appropriate 
levels of compliance to the Scaper’s tests. Models’ 
compliance scores are above 94% for component usage, and 
above 78% for production design. However, further analysis 
revealed that 3.9% of the 152 chunks are not used, and 4.1% 
of the references from the 1,222 productions have 
discrepancies with the chunk-type definitions. Although we 
did not analyze whether such issues affect models’ 
performance, their detection at least suggest code 
improvements opportunities. Moreover, Scaper can support 
the development of production systems by (a) providing a 
better visibility of the components, (b) identifying 
discrepancies in the components’ relationships, and (c) 
fostering models’ code readability, maintainability, and 
scalability. 

Keywords: Production System Architectures; ACT-R; 
Development Tools; Code Static Analysis 

Introduction 
Static code analysis tools aim to enhance the software 
development experience, facilitate maintainability, and 
contribute to the improvement of software quality. We can 
trace the definition of such tools at least back to the 1970s 
(Ramamoorthy & Ho, 1975; Wendel & Kleir, 1977). 
Furthermore, after Johnson (1978) introduced a Unix tool 
to check C programs, the name of his tool, lint, became 
synonymous with the term for any tool used for source 
code analysis.  

Research have extensively studied these tools (e.g., 
Bacon & Sweeney, 1996; Louridas, 2006; Mantere et al., 
2009), including their capabilities, performance, and 
benefits. Their proven benefits have inspired both 
commercial solutions (e.g., FORTINET SAST, HCL 
AppScan), and open-source projects (e.g., PMD Source 
Code Analyzer, and SonarQube)1. 

1An extensive list is available at the National Institute of Standards 
and Technology (NIST) website https://www.nist.gov/itl/ssd/software-
quality-group/source-code-security-analyzers. 

Despite their expertise, all users are susceptible to 
making errors (Patel et al., 2011). Therefore, detecting 
errors and user-generated mistakes when creating models 
can be important (e.g., Ritter et al., 2000). Tools to analyze 
code usually help to detect potential pitfalls, improve code 
maintainability, facilitate software scalability, and help to 
prevent errors. The development of production system-
based cognitive architectures will benefit from having tools 
that give feedback to their developers regarding the model 
implementation. 

Production systems architectures are high-level  
programming languages (Anderson & Kline, 1977). Their 
development often presents multiple challenges. For 
example, the specific characteristics needed to model 
human cognition (Young, 2001), the steep learning curve 
(Ricupero, 2024), and the limitations of development tools 
(Wang, 2024), among others. Moreover, these 
architectures usually model complex human cognition 
processes such as trust (Blaha et al., 2020; Lebiere et al., 
2021), fatigue (Gunzelmann et al., 2009; Swan et al., 2024), 
physiology (Dancy, 2013), and problem solving (Ritter & 
Bibby, 2008). Due to the complexity and these challenges, 
production systems developers frequently encounter 
coding errors. 

Aiming to foster high-quality code for production 
systems models and facilitate the development, we have 
developed Scaper, a static code analyzer for ACT-R 
models (Anderson, 2007; Ritter et al., 2019). Scaper can 
describe components used by ACT-R models and highlight 
discrepancies in their use. We have also tested this tool by 
analyzing the ACT-R publication repository (http://act-
r.psy.cmu.edu/publication). The tool, the model analysis, 
and potential impacts are presented in the following 
sections. 

The Static Code Analyzer 
Scaper parses the model’s components, identifies potential 
issues in the relationships between its components, and 
estimates the model’s compliance with ACT-R syntax. 
This tool evaluates the models using syntax rules defined 
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in the ACT-R 7.28+ Reference Manual (http://act-
r.psy.cmu.edu/actr7.x/reference-manual.pdf) and an 
internal ruleset we created. Although, We built Scaper as a 
Java program 2; it runs as a native standalone app. It could 
also be extended to function as a mode in Emacs or an 
extension for Eclipse. Scaper can analyze multiple models 
in batch and generates reports in text files. Figure 1 shows 
an example of a simple model.  

Figure 1: An ACT-R model that uses two chunk-types: 
number and add; three declarative memories: zero, one, 
and test-goal; and a production: init-add. 

Model files serve as the input to the analysis process. 
Figure 2 shows the analysis workflow. This analysis 
follows three sequential steps: reading, mapping, and 
analysis. In the first step, the reader filters according two 
criteria: the use of the define-model clause and the type of 
components defined within the define-model block. Only 
models that define chunk-types, declarative memories, 
and/or productions within the define-model clause proceed 
to the mapping step.  

Figure 2: Analysis workflow. 

In the second step, the mapper decomposes every 
component into the elements defined for its syntax. Finally, 
in the third step, the analyzer scans every component to 

2Code available at https://github.com/psu-acs/scaper 

(a) find usages and dependencies, and (b) detect potential
discrepancies in their relationships.

The output of the analysis consists of two reports: 
Component usages, and Production design, each of them 
with summary and detail versions. These four reports are 
generated in text file format. While the summary reports 
provide a high-level overview of the model’s compliance, 
the detailed version presents the evaluation of each 
component. 

Summary Reports 
The summary reports are similar in that they consolidate 
the findings for both the model and its components but 
differ in their scope. Figures 3 and 4 show the summary 
reports for the sample model in the Figure 1.  

Figure 3 shows the component usage report for the 
sample model.  This report focuses on components such as 
chunks-types, declarative memory, and productions. On 
the other hand, the production design report, shown in 
Figure 4, covers the production structure, especially its 
relationship with the chunk-types and their slots of 
information. 

Figure 3: An example of the Component usages summary 
report.  

The summary reports also include a compliance score 
for the model. These scores are given in percentages. For 
component usages the score corresponds to the percentage 
of components that are in use. For the production design 
compliance score, the analyzer applies penalties for the 
following issues (a) slots that do not match the chunk-type 
definition (5 points), (b) chunks that do not follow a chunk-
type definition, but implies a chunk definition that can be 
inferred and checked against other productions (10 points), 
we call these chunks implicit chunks, and (c) chunks 
without slots (50 points). 

We assign a high penalty of 50 points to chunks 
without slots because slots are essential part of chunks; a 
10 point penalty to the usage of implicit chunks, because 
although chunk-types are optional, describing them 
increases code readability; and finally 5 points, the lowest 
penalty, reflects the good practice of using a chunk-type 

Model files MapperReader Analyzer Report files
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but penalize the use of slots that are not part of the chunk-
type definition. These penalties do not imply errors, but 
they may be roughly equivalent to warning and errors in 
compliers. Furthermore, we use these penalty mechanisms 
to highlight the components that production system 
developers should review in depth. 

Figure 4: An example of Production design summary 
report. 

Detailed Reports 
Scaper generates two detailed reports: Component usage 
and Production design. These reports contain all the 
specifics of the analysis. The Component usage report lists 
the relationship between components and their consumers. 
For example, Figure 5 shows a Chunk-type named 
“number” that is used by two declarative memories: “zero” 
and “one”, and by the production “init-ad”. 

Figure 5: An extract from the Component usage report. 

The Production design report details the chunks and 
their designated slots that constitute each production. In 
this report, each row typically corresponds to a slot. 
However, for chunks without any slots, the report uses the 
keyword “null” to represent missing slots. Figure 6 shows 
an extract form a Production design report. This extract 
shows the production “init-add” with 6 slots (arg1, arg2, 
sum, sum, count, number), and the chunk “log” without 
any slots, represented by the keyword null. 

In addition, to the four reports, Scaper also generates 
log files. These files contain the detail of the processing 
component by component, as well as the blockers that 
prevents the completion of the analysis for a given model, 
(e.g., a file missing the define-model clause). The 
processing logs are not part of the scope of our analysis. 

Figure 6: An extract from the Production design report. 

Application 
We tested Scaper by scanning the ACT-R models 
repository. We found 46 publications reporting models’ 
code attachments. However, 14 of those publications do 
not include model files. This situation is similar to the one 
reported by Thimbleby (2003) who found that about a 30% 
of papers with model-based experiments in the Journal of 
Machine Learning Research did not make their code 
available. 

After downloading and uncompressing the 46 
publications’ attachments, we detected 155 text files that 
contain source code structures (some publications contain 
more than one model file). We setup a MacOS machine 
with 8GB of RAM, and a 3.1 GHz Dual-Core Intel Core i5 
processor with both the analyzer and the files to run the 
analysis. 

The analysis took about 5 seconds to complete: 2.8 
seconds for the component usage report, and 1.7 seconds 
for the production memory design. That is to say, this 
analysis does not require extensive processing. Scaper 
successfully completed the analysis of 26 files reported in 
21 publications. The analysis of the remaining 129 files is 
incomplete because they do not contain any definitions of 
the ACT-R’s components that Scaper checks. Some of 
those files use the ACT-R versions available before the 
introduction of the clause “define-model” (e.g., versions 5 
and 5.1), and others contains only functions, macros and 
other utility components. Therefore, we report and discuss 
only the models with the components found in the 26 files. 

Results and Discussion 
In general, the static code analysis demonstrates a good 
level of compliance regarding Scaper’s validation rules. 
However, the code analysis uncovered potential issues that 
could indicate underlying problems. We consolidated the 
analysis across all these models to gain insights into the 
models’ code quality. 
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Component Usages 
In the 26 models’ files, we found an average of ~109.5 
components per model file, distributed as follows: 152 
explicit chunk-types, 1,484 declarative memories, and 
1,212 productions. We observed a high usage of the chunk-
types structures, with 96% being in use. These structures 
are used in a proportion of 69.8% and 30.2% by declarative 
memories and productions, respectively. Figure 7 shows 
the frequency of uses chunk-types in chunk definitions. 

Figure 7: Reuse of chunk-types. The x-axis represents the 
chunk types of each model, while the y-axis the 
frequencies. Some of these chunk-types appear more than 
once (e.g., goal, box, and task), because different models 
use the same names to define their chunks. 

We observed also a positive trend in reusing chunk-
types structures within models, with a median of 14 times. 
On average, chunk-types are reused 25.8 times. The names 
of the chunk types are tied to the models being analyzed. 
But the names show that some architecture-related chunks 
get used often (e.g., goal) and that some task-related 
chunks (e.g., number) are also used often.  

Another relevant finding is the usage of 771 implicit 
chunks. Unlike explicit chunks, implicit chunks do not use 
a chunk-type definition. These chunks are typically defined 
within the productions. The absence of a chunk-type 
definition is not an error, as the use of chunk-types is 
optional in the latest ACT-R versions. However, using 
chunk-types can enhance the model’s code readability and 
maintainability. 

Production Memory Design 
A production typically encompasses buffers contained in 
conditions or actions. These buffers have access to chunks 
and react to their changes (Newell, 1973). Scaper identified 
1,212 productions, an average 46.6 per model. Figure 8 
shows the number of productions for the 26 models. 

Figure 8: Number of productions by model. Some 
publications contain multiple models (e.g., “How Can the 
Human…”). Therefore, each model corresponds to a 
separate bar. 

In total, these productions use 7,442 slots across 3,187 
chunks. 82.4% of those chunks follow an explicit chunk-
type definition, and 17.6% use an implicit chunk-type 
definition. Regarding the slots, 6,249 matched the slots 
defined in the explicit chunk-types, 270 do not match them, 
and 923 correspond to slots defined in implicit chunks. The 
analysis also reveals that 382 chunks initialized in 
productions do not use any slot, even when 45.7% of those 
chunks are explicitly defined. Figure 9 shows the number 
of slots used across all the productions of each of the 26 
models. 

Figure 9: Number of slots used by model. Some 
publications contain multiple models (e.g., “How Can the 
Human…”). Therefore, each model corresponds to a 
separate bar. 

Models Compliance 
Figure 10 shows the models’ compliance scores. In general, 
the analysis reveals good compliance, with models 
achieving over 94% for all component usages, and above 
78% for productions design, and with a median of 91.6% 
for production design. 
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Figure 10: Models compliance evaluation. Some 
publications contain multiple models (e.g., “How Can the 
Human…”). Therefore, the models’ compliance is plotted 
separately for each model. 

Potential issues 
Because the models come from published studies, the 
detected issues may not compromise the models’ output. 
They may reflect dead (unused) code or code for debugging. 
Whether those issues affect the models’ predictions are out 
of the scope of our study. Moreover, we cannot yet 
categorize these issues as errors. Table 1 summarizes the 
issues that Scaper detected in this set of models. 

There were 6 instances where a chunk-type was 
defined, but the chunk was not used. Inspection of the 
models suggests that these might be models with an unused 
chunk for capabilities that were never created. The other 
issues mainly impact code readability, making it difficult 
to evolve and reuse the models. 

Table 1: Detected Issues 

Issues Frequency 
Unused chunk-types  6 
Implicit chunks 581 
Chunks without slots filled 382 
Unmatched slot definitions 270 
Implicit slots used in productions 923 

Discussion 
Our primary goal was to create a tool to gain insights into 
the code of production system architectures and potentially 
provide a way to support model creation. We developed 
Scaper, a static code analyzer for ACT-R models, and used 
it to analyze 26 cognitive models. The analysis 
demonstrated the effectiveness of Scaper.  

Furthermore, Scaper allowed us to characterize 
cognitive models published over a period of 20 years. This 
characterization showed that the ACT-R community could 
benefit from incorporating further software development 

and engineering practices to foster our research (e.g., 
Wilson et al., 2017).  

The adoption of tools such as Scaper has the potential 
to significantly impact the evolution of other production 
systems development as well, such as Soar (Laird, 2017) 
or other production systems architectures (Kotseruba & 
Tsotsos, 2022; in press). In particular, tools like Scaper can 
provide succinct visibility into models’ design, reduce 
modelers’ learning curves, support the early stages of 
production system development, and help identify 
opportunities to improve and simplify model code.  

Limitations 
Despite its demonstrated effectiveness, we recognize that 
Scaper has several limitations worth noting. First, it uses a 
limited ruleset for static analysis. Because ACT-R has 
several components and production systems, and 
developers use different programming techniques, there 
are structures that Scaper does not yet understand. To 
address this gap, we will continue the technical evolution 
of our tool. 

Second, it is worth pointing out that Scaper lacks 
external validation of its own usability. Both development 
tests and this study were conducted only by us. We plan to 
conduct a study to gather feedback from potential users. 
This feedback will help us not only validate the 
performance of Scaper, but also the enrich its capabilities. 

Another limitation is that the current version runs as a 
standalone process. Further development is required to 
integrate Scaper with other tools (e.g., Emacs, Eclipse). 
This integration will offer capabilities such as real-time 
validation, and a unified development experience. 

Finally, Scaper has only a detector profile. Although 
detecting issues facilitates development, users would 
benefit from having explanations and guidance. We plan to 
improve the Scaper’s output by providing details of issues 
and offering recommendations for improving the code. 

Conclusion 
We have presented Scaper, which, to the best of our 
knowledge, is the first Static Code Analyzer for the ACT-
R production system architecture. We demonstrated its 
utility by analyzing 26 published cognitive models. This 
analysis showed that Scaper can effectively detect code 
issues and, therefore, contribute to creating high-quality 
code for science (Thimbleby, 2024). We hope that our tool 
serves as a stepping stone for the development of 
production systems tools that will facilitate, improve, and 
enhance the creation of cognitive and agent architectures.  
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Abstract


The Attentional Training Technique (ATT) has been 
shown to enhance attentional control and reduce 
maladaptive cognitive patterns but lacks a well-defined 
computational explanation. This paper applies a 
metacognitive skill model within the ACT-R cognitive 
architecture to clarify the procedural mechanisms 
underlying ATT. Grounded in proceduralization theory, 
we propose that ATT transforms declarative attentional 
strategies into automatic procedural skills, enhancing 
metacognitive control and emotional regulation. This 
framework advances our understanding of the 
computational and cognitive mechanisms supporting 
ATT, its applications in psychotherapy, and the process 
of metacognitive skill learning.


Keywords: Attentional training technique; attention; 
metacognition; metacognitive skill; ACT-R; meditation	 


Introduction

Understanding the cognitive mechanisms underlying 
psychotherapeutic interventions is crucial for 
optimizing their efficacy and refining treatment 
strategies. The Attentional Training Technique (ATT) 
(Wells, 1990; 2019) has been shown to be effective in 
alleviating symptoms across various psychological 
disorders (Rochat, Manolov & Billieux, 2018). 
However, the computational and cognitive mechanisms 
that give rise to its effectiveness remain poorly 
understood. This paper investigates these mechanisms 
using the ACT-R cognitive architecture to provide a 
more precise account of these processes.

	 In their 2023 fMRI study, Jahn et al. stated, 
“Understanding the ‘how’ behind the Attentional 
Training Technique should lead to a better 
understanding of attentional control and metacognition 
in general and could eventually manifest in improved or 
even more specific treatment” (p.12). To this end, we 
aim to articulate the mechanisms of attentional training 
by applying a model of metacognitive skill that has 
been effectively used to explore related cognitive 
processes, including metacognitive sensitivity, 
emotional regulation, and attentional control (Conway-
Smith, West, & Mylopoulos, 2023). Grounded in the 
principles of proceduralization, this model provides a 
computational framework for understanding how 
metacognitive skills develop and refine over time, 
offering a mechanistic account of how training 
enhances metacognitive monitoring and control.


	 This paper will help address Wells’ (2019) call for a 
“stronger information processing theory” (p.13) to 
explain metacognitive control — its components, 
functions, and the types of metacognitive information 
involved in the preservation and disengagement of 
negative processing. A more precise theoretical account 
of the Attentional Training Technique’s subcomponents 
may not only enhance its existing applications but also 
facilitate the development of more effective 
interventions.

	 This study aims to address unanswered questions: 
What cognitive mechanisms underpin attentional 
control training? How does their enhancement reduce 
maladaptive patterns of thought and emotion? More 
broadly, we explore how intelligent systems may 
enhance their ability to monitor and regulate their own 
activity.

	 To address these questions, we first provide an 
overview of the Attentional Training Technique and its 
practical applications. Next, we outline key aspects of 
metacognition and the metacognitive skill model. We 
then apply this model to ATT to illuminate its 
constitutive mechanisms. Finally, we discuss how this 
refined explanation enhances our understanding of the 
cognitive processes that support emotional regulation 
and alleviate psychological symptoms.


Attentional Training Technique

Psychotherapeutic treatments in metacognitive therapy 
are grounded in the Self-Regulatory Executive Function 
(S-REF) model, which explains the role of strategic 
processes and metacognition in psychological disorders 
(Wells & Matthews, 1996). The S-REF model posits 
that maladaptive metacognitive beliefs and knowledge 
can trigger an adverse thought pattern known as the 
Cognitive Attentional Syndrome (CAS). CAS is a style 
of negative processing characterized by worry, 
rumination, and threat monitoring. It involves rigid, 
self-focused attention that amplifies negative emotions, 
leading to persistent self-preoccupation and distress. 
CAS is also associated with maladaptive coping 
strategies such as thought suppression, avoidance 
behaviors, and substance abuse (Wells, 2009).

	 The Attentional Training Technique (ATT) is 
des igned to counteract CAS by enhancing 
metacognitive control and breaking cycles of negative 
thought (Knowles & Wells, 2018). ATT helps 
individuals disengage from persistent thought patterns, 
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interrupt self-focused attention, and strengthen 
metacognitive awareness (Knowles et al., 2016; Nassif 
& Wells, 2014). 

	 fMRI studies (Jahn et al., 2023) have linked ATT to 
improvements in attentional abilities and structural 
changes in the brain. However, researchers emphasize 
that the underlying cognitive mechanisms of ATT 
remain poorly understood, highlighting the need for a 
more detailed theoretical framework. This aligns with 
Wells’ (2019) assertion that “a more detailed modeling 
of the metacognitive and cognitive architectures 
supporting self-regulatory processing is needed to 
advance the field” (p. 5).


Metacognition

We propose that the Attention Training Technique 
fundamentally relies on a form of automatized 
metacogni t ion. The common concept ion of 
metacognition pertains to the monitoring and control of 
cognitive processes (Flavell 1979; Fleming, Dolan, & 
Frith, 2012).  Metacognitive skill presupposes that the 
main components of metacognition, monitoring and 
control, can improve with practice. Metacognitive 
control concerns the active regulation of cognitive 
processes or states to either activate or suppress them 
(Proust, 2013; Wells, 2019). The control of one’s own 
cognitive activity can involve a range of processes such 
as attention, emotion, planning, reasoning, and memory 
(Slagter et al., 2011; Efklides, Schwartz, & Brown, 
2017; Pearman et al., 2020). Metacognitive monitoring 
refers to the ability to recognize and identify cognitive 
states. It involves the perception of internal mental 
properties such as thoughts and feelings in order to 
regulate those states or direct behavior. 

	 There are at least two types of cognitive 
representations that engage in metacognitive monitoring 
and control processes — declarative knowledge and 
procedural knowledge. Metacognitive knowledge, or 
meta-knowledge, is considered a form of declarative 
knowledge (Schraw & Moshman, 1995; McCormick, 
2003). Meta-knowledge takes the form of an explicit 
metarepresentation that is propositionally formatted and 
refers to a cognitive property, e.g.: “I am focused” 
(Shea et al., 2014; Proust, 2013). Metacognitive 
knowledge is considered distinct from metacognitive 
skill, as it does not automatically deploy metacognitive 
processes (Veenman & Elshout, 1999). Meta-knowledge 
is further distinguished from a metacognitive 
instruction, which specifies the mental action to be 
performed (Wells, 2019). A metacognitive instruction, 
or meta-instruction, prescribes a mental action directed 
toward controlling some cognitive process, e.g.: “Direct 
focus toward the present task.” 

 	 The executing of metacognitive instruction is 
performed by way of procedural knowledge. 
Improvements in metacognition are said to involve the 
refining of procedural knowledge that people employ 
to monitor and control their own cognitive processes 

(Brown & DeLoache, 1978; Schraw & Moshman, 1995; 
Wells, 2019). The various realms of metacognitive 
skills can be understood as different domains of 
procedural knowledge (Veenman et al., 2005; 
Braithwaite, & Sprague, 2021). The dynamic role of 
declarative knowledge and procedural knowledge in 
metacognitive processes can be more clearly articulated 
within the ACT-R cognitive architecture.


ACT-R

Theories of metacognition have been modeled in the 
ACT-R cognitive architecture (Reitter, 2010; Anderson 
& Fincham, 2014). ACT-R instantiates decades of 
research on the computational mechanisms of human 
cognition. Its mandate is to depict the components 
necessary for human intelligence, which include 
working memory, perception, action, declarative 
memory, and procedural memory. These modules have 
been correlated with their associated brain regions, 
providing a neurobiologically grounded framework for 
investigating cognitive processes (Borst et al., 2015).

	 ACT-R distinguishes between declarative knowledge 
and procedural knowledge to explain the underlying 
components of skill learning, which accords with the 
literature on skill in philosophy and psychology 
(Squire, 1992; Christensen, Sutton, & McIlwain, 2016). 
Declarative knowledge is formatted propositionally and 
structured within semantic networks. Procedural 
knowledge is specified computationally as “production 
rules” which are a dominant form of representation 
within accounts of skill (Newell, 1990; Taatgen & Lee, 
2003). Production rules, or “productions”, transform 
information and change the state of the system to 
complete a task or resolve a problem.  The building and 
refining of production rules are considered to be central 
to human intelligence and fundamental to cognitive 
skills (Anderson, 1993). Neurologically, production 
rules are associated with the 50ms decision timing in 
the basal ganglia (Stocco,  2018).	

	 A production rule is modeled after a computer 
program instruction in the form of a “condition-action” 
pairing (Figure 1). It specifies a condition that, when met, 
performs a prescribed action. A production can also be 
thought of as an “if-then” rule. If the conditional side 
matches to a pattern in working memory, then it fires a 
prescribed action (Anderson, 1993; Stocco et al., 2021).	

Figure 1: Production rules are formatted as an if-then rule, 
or condition-action pairing. If the condition side matches 
to the cue in working memory, then it fires an action. 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This is clarified by noting that procedural knowledge 
(production rules) is generally not innate in humans. 
For example, a child must develop production rules to 
print their name (motor actions), perform mathematical 
calculations (cognitive actions), and regulate their focus 
(metacognitive actions). They must learn that 
conditions such as ‘print name,’ ‘solve for x,’ or ‘pay 
attention’ are paired with the appropriate action 
sequences. Once these actions are associated with the 
correct cues, practice is required to refine the 
supporting production rules and improve performance.

	 With sufficient practice, these productions become 
stored in procedural memory. When a relevant cue 
appears in working memory (‘print,’ ‘calculate,’ ‘focus’), 
matching productions will activate and execute the 
correct actions. In this way, cues in working memory 
can trigger procedural knowledge across motor, 
cognitive, and metacognitive domains, and refined 
through a process of proceduralization.


Proceduralization

Proceduralization is a key concept in skill acquisition, 
describing the transition from explicit declarative 
knowledge to implicit procedural knowledge. Theories 
of skill learning characterize this process as moving 
from a declarative stage of rule-following to a 
procedural stage where performance becomes faster, 
more automatic, and more accurate (Dreyfus & Dreyfus, 
1986; Kim & Ritter, 2015). Our account follows 
Fitts’ (1964) skill acquisition model as computationally 
interpreted by Anderson (1982).

	 Proceduralization plays a central role in both physical 
skills, such as those in athletics (Beilock & Carr, 2001; 
Ford, Hodges & Williams, 2005), and cognitive skills, 
such as mathematics (Anderson, 1982; Taatgen & Lee, 
2003). As declarative knowledge is retrieved and 
practiced, actions become faster, more automatic, and 
less error-prone. This occurs because procedural 
knowledge becomes directly associated with task-
relevant cues, reducing reliance on slow declarative 
knowledge retrieval. Consequently, performance speeds 
up and working memory load decreases. Task 
refinement can also occur through mechanisms such as 
time-delayed learning, where faster productions are 
reinforced.

	 With sufficient practice, conscious control 
diminishes, and skill execution becomes automatized. 
Automatized skills operate largely outside of working 
memory, making them less perceivable to the performer 
(Beilock & Carr, 2004; Ford et al., 2005). When an 
appropriate cue appears, well-practiced motor, 
cognitive, and metacognitive skills activate 
automatically with minimal effort. We posit that this 
transition toward automaticity is a fundamental 
mechanism underlying the Attentional Training 
Technique.


Stages of metacognitive skill 
Here we propose that proceduralization is key to 
understanding attentional training as a subdomain of 
metacognitive skill. Metacognitive proceduralization 
articulates a top-down mechanism by which human 
cognition becomes more skillful at monitoring and 
controlling its own processes, such as attention, 
emotion, and metacognitive sensitivity (Conway-Smith, 
West, & Mylopoulos, 2023; Conway-Smith & West, 
2024). Explanations of metacognitive skill have also 
produced bottom-up models, where implicit processes 
learn by way of stored low-level feedback (Proust, 
2013) such as metacognitive reinforcement learning 
(Krueger, Lieder & Griffiths, 2017).

	 Metacognitive proceduralization posits that 
metacognitive skill develops from an initial stage of 
instruction-following to an advanced stage where 
performance largely relies on automatic procedural 
knowledge (production rules). In the later stages, 
monitoring and control processes are deployed quickly, 
more automatically, and require less working memory. 
This shift towards automatization not only enhances the 
efficiency of cognitive processes but also frees up 
cognitive resources, allowing for more complex and 
nuanced metacognitive operations.


Figure 2: Three stages of metacognitive skill learning 
through proceduralization (Conway-Smith, West, & 
Mylopoulos, 2023).


According to the theory of metacognitive learning via 
proceduralization, a metacognitive practitioner 
progresses through three stages of training (Figure 2), 
which we propose as a structured framework for 
understanding the Attentional Training Technique.
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Novice Stage. Training begins with meta-instructions 
that direct monitoring and control processes toward a 
specific target of focus (e.g., a visual point, physical 
area, or sound). These instructions are retrieved from 
declarative memory and executed as productions. 
Performance at this stage is slow, effortful, error-prone, 
and demands significant working memory resources. 

Intermediate Stage. Through proceduralization, 
repeated practice refines meta-instructions into faster, 
task-specific production rules, reducing reliance on 
declarative knowledge. These specialized productions 
are rewarded and reinforced, allowing metacognitive 
performance to become quicker, more automatic, and 
less cognitively demanding. 

Expert Stage. Meta-instructions are fully converted 
into procedural knowledge and stored in memory. Upon 
encountering a relevant stimulus (e.g., a cue to focus 
attention), production rules activate automatically, 
requiring minimal conscious effort. At this stage, 
metacognitive performance is fast, efficient, and highly 
automatic, demonstrating the hallmarks of expertise.


Empirical support for proceduralized attention

Empirical findings support the notion that attentional 
control can become proceduralized through training. 
For example, Ramamurthy and Blaser (2017) 
introduced the concept of “procedural attention” to 
describe the transition from deliberate to automatic 
attentional deployment. In their study, participants were 
instructed where and how to allocate attention, and with 
repeated practice, attention became automatically 
oriented toward those rehearsed locations. This was 
interpreted as evidence for an “offline” attentional 
selection mode, that is, cognitively unsupervised and 
automatic. The authors noted that this mode is 
“analogous to the procedural memory that guides 
skilled motor behavior” (p. 1).

	 Additional evidence for proceduralization comes 
from data consistent with the power law of skill 
acqu i s i t i on . Logan (1988) ope ra t iona l i zed 
automatization as a speed-up in reaction times (RTs) 
that follows a power function — characterized by rapid 
initial improvement followed by a gradual leveling off. 
This negatively accelerating learning curve has been 
widely observed in both motor and cognitive skill 
domains (Newell & Rosenbloom, 1981; Anderson, 1982).

	 Shin et al. (2015) provide evidence that attentional 
control improves with practice according to a power 
law. In a multi-session rapid serial visual presentation 
(RSVP) task, participants showed gains in target 
identification and reductions in attentional blink, both 
following a negatively accelerating curve typical of 
procedural skill learning. These findings suggest that 
attentional control, like other motor and cognitive skills, 
d e v e l o p s t h r o u g h s t r u c t u r e d p r a c t i c e a n d 
proceduralization.


Clarifying the Attentional Training Technique	

Building on the theory of metacognitive learning via 
proceduralization, we apply this framework to identify 
the key features and stages of proceduralization in the 
Attentional Training Technique (ATT). This structured, 
computational approach characterizes how attentional 
control transitions from deliberate, declarative 
strategies to automatic processes.

	 Jahn et al. (2023) describe the ATT method as 
implemented via a standardized audio protocol based on 
the Metacognitive Therapy (MCT) manual (Wells, 
2009). Participants receive instructions on directing 
their attention while listening to six simultaneous audio 
stimuli: a bell, traffic noise, birds, rushing water, 
crickets, and a ticking clock. Each 12-minute session 
consists of three phases: selective attention (focusing on 
one sound at a time), attentional switching (shifting 
between sounds), and divided attention (attending to 
multiple sounds simultaneously).

	 Participants practiced ATT twice daily for five days. 
By the study’s conclusion, they exhibited improved 
metacognitive expertise, demonstrating faster and more 
accurate attentional control compared to a control 
group. This training trajectory mirrors the transition 
from effortful, declarative instruction-following to 
automatized proficiency — a hallmark of metacognitive 
proceduralization.

	 Jahn et al. (2023) suggest that the anterior cingulate 
cortex (ACC) plays a primary role in metacognitive 
development and the storage/execution of procedural 
knowledge for attentional control. While ACT-R 
traditionally attributes procedural execution to the basal 
ganglia, both regions likely contribute within a broader 
n e u r a l n e t w o r k g o v e r n i n g m e t a c o g n i t i v e 
proceduralization. Here, we propose the ACC and basal 
ganglia operate in tandem, collectively supporting the 
automatization of attentional control processes in ATT.

	 Alternative explanations of attentional training have 
emphasized mechanisms such as reinforcement learning 
(Krueger et al., 2017) and predictive coding (Clark, 
2015). While these accounts provide valuable 
perspectives, they do not fully explain the transition 
from controlled to automatic attentional regulation. 
Proceduralization uniquely captures how attentional 
skills become automatized through training, offering a 
more mechanistic account of skill acquisition in ATT.


Exiting maladaptive thoughts 
Metacognitive proceduralization provides a framework 
for understanding how attentional control training 
mitigates symptoms of psychological disorders. The 
Self-Regulatory Executive Function (S-REF) model 
describes how disorders such as anxiety and depression 
involve perseverative negative thinking (e.g., worry, 
rumination), characterized by repetitive cognitive loops 
(Wells, 1995, 2000). Cognitive Attentional Syndrome 
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(CAS) exemplifies this process, where threat-related 
thoughts become self-reinforcing without a natural exit 
condition from the loop.

	 A computational perspective helps clarify how 
attentional training disrupts maladaptive cognitive 
cycles. In ACT-R, production rules (procedural 
knowledge) operate as condition-action pairs. If a 
condition in working memory is met, an action is 
executed. Through attentional training, production rules 
become more efficient at recognizing maladaptive 
thought patterns, facilitating disengagement.

	 This aligns with clinical insights on the importance of 
developing meta-awareness, or "identifying thoughts as 
thoughts" (Moore, 1996) — a crucial step in breaking 
repetitive negative thinking. For example, an individual 
prone to rumination may, through attentional training, 
develop automatized metacognitive productions that 
detect and disengage from intrusive thoughts, 
effectively providing an exit condition (Figure 3). 

Figure 3: Maladaptive thought and emotional loops can 
persist without an exit condition. Attentional training 
develops production rules that recognize and disengage 
from these patterns, thereby exiting the loop. 	


Exiting negative emotions

Attentional training has been shown to reduce negative 
emotional patterns, yet the precise underlying 
mechanism remains unclear (Wadlinger & Isaacowitz, 
2011; Wells, 2019). We propose that the same 
procedural mechanism that enables production rules to 
detect and disengage from maladaptive thoughts can 
also be applied to negative emotions.

	 This claim is supported by evidence that both 
declarative knowledge (propositional information) and 
emotions (non-propositional affective states) are 
represented as patterns of information within working 
memory and are accessible to production rules (West & 
Conway-Smith, 2019). As a result, attentional training 
fosters the development of production rules that 
recognize and disengage from negative emotional 
states, mirroring the mechanism by which it disrupts 
maladaptive thoughts. This process aligns with previous 
research suggesting that emotional regulation is 
supported by metacognitive proceduralization 
(Conway-Smith & West, 2024).

	 From a computational perspective, an exit condition 
from any cognitive loop is implemented through an exit 

production — a procedural rule that activates upon 
detecting a maladaptive emotional state. This shared 
mechanism suggests that metacognitive control over 
thoughts and emotions relies on a common process of 
proceduralization. As a result, attentional training 
provides an integrated framework for cognitive and 
emotional regulation, offering a mechanistic account of 
how structured interventions disrupt cycles of 
maladaptive thought and emotional reactivity.


Theoretical support for transfer effect

This analysis provides theoretical grounding for 
empirical findings that suggest attentional training skills 
are transferable — applicable across diverse tasks and 
cognitive domains (Ducrocq et al., 2016; Chua et al., 
2021). Proceduralizat ion helps explain this 
phenomenon by identifying the metacognitive 
informational units (i.e., production rules) that enable 
attentional skills to be generalized across contexts.

	 The role of production rules in skill transfer has been 
extensively studied, demonstrating their ability to 
facilitate both near and far transfer across cognitive 
domains (Singley & Anderson, 1989; Taatgen, 2013). 
From this perspective, attentional skills transfer when 
production rules become refined and automatized, 
allowing them to be triggered effortlessly in any context 
requiring attentional control. Once proceduralized, these 
skills stabilize focus across various tasks without 
requiring explicit instruction or deliberate cognitive 
effort.

	 Beyond attentional training, this framework suggests 
that metacognitive skill acquisition follows a 
general izable learning t ra jectory, in which 
proceduralized attentional control becomes a core 
cognitive resource that can be redeployed across 
different domains, ranging from problem-solving and 
decision-making to emotional regulation and self-
directed learning. This underscores the broader 
cognitive impact of attentional training beyond its 
immediate therapeutic applications.


Future Directions and Implications

Further empirical work is needed to test and refine this 
paper’s claim that metacognitive proceduralization 
underlies the Attentional Training Technique (ATT).  	 	
	 First, model validation is critical. Task-based fMRI 
s tudies could examine whether a t ten t ional 
proceduralization involves activation in the anterior 
cingulate cortex and basal ganglia (Jahn et al., 2023). 
EEG markers may also reveal proceduralization-related 
changes analogous to those observed in motor and 
cognitive skill learning, including reduced frontal theta 
power and diminished prefrontal activation.   
	 Second, the extent to which ATT produces domain-
general versus task-specific improvements remains an 
open question. Clarifying this distinction will be 
essential for optimizing its application across clinical, 
educational, and high-performance contexts.   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	 Third, integrating insights from metacognitive 
reinforcement learning (Krueger, Lieder, & Griffiths, 
2017) may enhance the model’s ability to represent the 
dynamics of proceduralization over time.   
	 Fourth, future work could test the hypothesis that 
behavioral measures of attentional control — such as 
visual gaze stability, reaction time, and accuracy — 
follow a power law of learning, with rapid initial gains 
tapering off with continued practice.


Conclusion

This paper has provided a computational account of the 
metacognitive mechanisms underlying the Attentional 
Training Technique (ATT), offering a more precise 
characterization of how attentional control is 
proceduralized through structured training. By situating 
the Attentional Training Technique within the ACT-R 
cognitive architecture, we extend Wells’ (2019) call for 
a more comprehensive metacognitive information-
processing theory, refining our understanding of how 
metacognitive skills develop and automatize.

	 Through the application of a metacognitive skill 
model, we have demonstrated how proceduralization 
transforms attentional training from an effortful, 
declarative process into an automatic, self-regulating 
metacognitive skill. This transition is critical for 
enhancing attentional control, improving emotional 
regulation, and disrupting maladaptive cognitive loops 
characteristic of psychological disorders.

	 Beyond its clinical implications, this framework 
suggests that attentional skill training transfers across 
domains, with potential applications in education and 
high-performance training. A deeper computational 
understanding of metacognitive proceduralization can 
help develop more adaptive, scalable, and personalized 
interventions for cognitive and emotional self-regulation.

	 By mapping the metacognitive mechanisms 
underlying the Attentional Training Technique, we aim 
to support the development of more effective 
psychotherapeutic interventions and to advance the 
broader study of cognitive training, computational 
modeling, and applied metacognition.
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Abstract

Neural specificity is the ability to differentiate multiple rep-
resentations in a neural population such that individual neu-
rons provide some constituent feature of those representations
(Park, Carp, Hebrank, Park, & Polk, 2010; Kleemeyer et al.,
2017). Two different theories of neural specificity have been
used to explain interregional brain differences that trend with
performance loss: neural dedifferentiation (Koen, Hauck, &
Rugg, 2019) and system segregation (Chan, Park, Savalia, Pe-
tersen, & Wig, 2014; Wig, 2017). Although both estimates
demonstrate a significant trend with performance, neither ad-
equately explains the mechanisms by which performance de-
clines, due to loss in neural specificity. To help identify these
mechanisms, we developed three neurocognitive models in the
NengoSPA framework that perform a restricted version of a
go/no-go task: one control model, and two intervention mod-
els. The first intervention was neural population reduction
(NPR) in all of one model’s network regions, which simulates
the process of neural dedifferentiation - the loss of differenti-
ated neural activity. The second intervention was representa-
tion localization reduction (RLR) between neural populations
in the model’s different network regions, which simulates a re-
duction in system segregation compared to the control model.
Performance in both intervention models decreased compared
to the control model, although in different ways. The NPR
model demonstrated consistent omission errors, while the RLR
model demonstrated consistent commission errors. This sug-
gests that a reduction in neural function may cause the omis-
sion errors typical of neural attenuation, while compensatory
neuroplasticity accounts for the commission errors of neural
broadening, due to its limited ability to repair representations
damaged by prior neural function loss. Considering these find-
ings, it is likely that estimates of neural specificity are captur-
ing statistically significant reductions in neural function and
the inability for neuroplasticity to fully compensate.
Keywords: cognitive model, cognitive architecture, brain sim-
ulation, cognitive aging, neural dedifferentiation, system seg-
regation

Introduction
Neural dedifferentiation increases and system segregation de-
creases with aging in adult populations (Koen et al., 2019;
Chan et al., 2014; Wig, 2017). Both phenomena are captured
with brain imaging data in which neural activation between
brain areas increasingly co-occur with aging. This is coupled
with age-related reduction in task performance, suggesting
a reduction in neural specificity. Neural specificity refers to
the unique activation of neurons in response to distinct stim-
uli, indicating unique representations and processing for each
stimulus (Park et al., 2010; Kleemeyer et al., 2017). Neither
neural dedifferentiation nor system segregation fully capture
how neural specificity affects the underlying representations.

We propose reductions in neural specificity through both a
loss of neural function and an increase in compensatory neu-
roplasticity are the primary causes for the representational de-
cay present in neural dedifferentiation and reductions in sys-
tem segregation. Additionally, simulated intervention on both
neural properties should result in distinct, predictable errors
on a cognitive task.

In what follows, we review existing measures of neural
dedifferentiation and system segregation and their relation-
ship to task performance. We then present a new compu-
tational neurocognitive model of a restricted go/no-go task,
developed using the NengoSPA platform (Eliasmith, 2013).
We modify the model to simulate the effects of dedifferenti-
ation and system segregation reduction through neural popu-
lation reduction (NPR) and representation localization reduc-
tion (RLR). Our model provides new insight into the mech-
anisms underlying neural dedifferentiation and system segre-
gation through the unique contributions of neural specificity
on task performance.

Neural Dedifferentiation in Cognition
Cognitive function depends on the ability of neural systems
to process and represent information in a specialized man-
ner. Neural dedifferentiation refers to a reduction in the dis-
tinctiveness and selectivity of neural responses, wherein the
difference in activation between preferred and non-preferred
stimuli diminishes. This decline in neural specificity results
from a loss of specialized neural characteristics that impair
neural signalling, compromising the precision and fidelity
of neural representations (Koen et al., 2019; Koen & Rugg,
2019; Voss et al., 2008). Koen et al. (2019) demonstrate this
by computing a regional Differentiation Index (DI) for the
parahippocampal place area (PPA) and lateral occipital cor-
tex (LOC) regions of interest (ROIs).

DI is calculated using the means and variances of the
across-trial BOLD responses of both the preferred and non-
preferred image type in a categorical memory task. This is the
difference between mean preferred (µPref) and non-preferred
(µNon−Pref) image BOLD responses divided by their pooled
standard error:

DI =
µPref −µNon−Pref√

σ2
Pref+σ2

Non−Pref
2

(1)
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The greater the mean difference and the lower the error, the
greater the DI. A high DI indicates lower neural dedifferen-
tiation, where the difference between selection of preferred
and non-preferred image types is highest.

Extensive research on neural dedifferentiation has focused
on aging, where declines in neural specificity have been
linked to impairments across multiple cognitive domains, in-
cluding visuospatial ability, perception, memory, and cog-
nitive control (de Frias, Lövdén, Lindenberger, & Nilsson,
2007). In younger individuals, neural responses are typ-
ically more specialized, with distinct brain regions selec-
tively engaged in specific cognitive processes. However, in
older adults, these previously distinct neural responses be-
come more generalized, leading to overlapping activation pat-
terns across different tasks and stimuli (Koen & Rugg, 2019).

This age-related decline in neural specificity can be at-
tributed to two distinct mechanisms: broadening, where
category-selective neurons increasingly respond to non-
preferred stimuli; and attenuation, where activation to pre-
ferred stimuli diminishes. Park et al. (2012) investigate
these processes using functional magnetic resonance imag-
ing (fMRI) to examine neural dedifferentiation in the face-
processing network, analyzing both the core face network,
which includes the bilateral fusiform face area (FFA), oc-
cipital face area (OFA), and superior temporal sulcus (STS),
and the extended face network, encompassing the amyg-
dala (AMG), inferior frontal gyrus (IFG), and orbitofrontal
cortex (OFC). Their findings demonstrate that dedifferentia-
tion in the core face network primarily reflects broadening,
as older adults exhibit increased activation to non-preferred
stimuli, such as houses, indicating a decline in the preci-
sion of category-selective neurons. In contrast, the extended
face network, particularly the prefrontal cortex and amygdala,
shows attenuation, with reduced activation to preferred stim-
uli, such as faces, suggesting a diminished neural response
with age. These findings highlight the complexity of neural
dedifferentiation and its varied effects across different neural
networks and regions of interest.

Cognitive aging not only introduces neural dedifferenti-
ation, reducing the specificity of local neural representa-
tions, but also alters the organization of large-scale func-
tional networks. As age-related decline progresses, previ-
ously distinct functional neural systems become less segre-
gated, leading to increased cross-talk between cognitive net-
works and greater susceptibility to interference (Geerligs,
Renken, Saliasi, Maurits, & Lorist, 2015; Rieck, Baracchini,
Nichol, Abdi, & Grady, 2021). However, not all individuals
experience equivalent cognitive decline, suggesting that some
network-level properties may mitigate the impact of dediffer-
entiation (Rieck et al., 2021). One such property is system
segregation, which maintains distinct functional boundaries
within and between networks, preserving cognitive efficiency.

System Segregation and Cognitive Performance
System segregation refers to the degree to which subnetworks
within a larger network maintain independence from one an-
other (Wig, 2017). Chan et al. (2014) developed a method to
estimate system segregation in the brain using Resting State
Functional Connectivity (RSFC) data. An existing RSFC
map is used to compose nodes using a winner-takes-all ap-
proach. These nodes are labelled with their associated func-
tional system, and activation in nodal regions is used to mea-
sure within and between system correlations. Finally, these
correlations are used in the System Segregation (SS) formula
as an estimate of system segregation.

SS is the difference between mean within-system correla-
tion (Zw) and mean between-system correlation (Zb), divided
by the mean within-system correlation (Zw):

SS =
Zw −Zb

Zw
(2)

As age increases, within-system correlation reduces and
between-system correlation rises. This estimate captures the
degree to which distinct neural communities maintain inde-
pendent processing, while still contributing to the broader
network’s functional integrity. Effective network function re-
lies on striking a balance between maintaining subnetwork
segregation, which preserves specialized processing, and al-
lowing integration within and between subnetworks to fa-
cilitate communication and coordination. Key characteris-
tics of segregated systems include dense intraconnections,
where neural communities within the same subnetwork ex-
hibit strong connectivity, and sparse interconnections, where
communication between different subnetworks is compara-
tively weaker, but necessary for distributed processing.

This leads to a subtle discrepancy between Wig (2017)’s
description of system segregation and the constituent vari-
ables used in Chan et al. (2014)’s estimate. Wig (2017)’s
system segregation is described the same way neural differ-
entiation is by Koen et al. (2019), where the focus is on dif-
ferences in neural activation. Chan et al. (2014)’s estimate
changes the focus to the difference between interregional and
intraregional neural activation. DI and SS both rely on similar
statistical methods to assess differences in fMRI BOLD re-
sponses, but SS is finer-grained, correlating multiple subnet-
work means to capture these intraregional differences. Con-
sidering some mean neural connectivity can be expected in a
particular region, a reduction to within-system correlation can
be said to capture neural population reduction (NPR). Ad-
ditionally, the overlap between the SS nominator with DI’s
nominator suggests both SS and DI capture some aspect of
neural specificity.

Research indicates that young adults exhibit high system
segregation, characterized by strong within-network connec-
tivity and minimal interference between networks (Geerligs
et al., 2015). In contrast, aging is associated with increased
cross-network connectivity, particularly between the default
mode network (DMN) and task-positive networks such as the
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frontoparietal control network. This loss of network distinc-
tiveness contributes to slower cognitive processing, reduced
task-switching efficiency, and greater susceptibility to dis-
traction (Chan et al., 2014; Geerligs et al., 2015).

As aging progresses, previously segregated networks be-
come more interconnected, leading to functional dedifferen-
tiation at the network level (Rieck et al., 2021). This weak-
ening of functional boundaries results in diminished task-
relevant activation, making it more difficult for older adults
to suppress irrelevant information and maintain goal-directed
behaviour (Geerligs et al., 2015).

Despite these age-related declines, some older adults main-
tain higher levels of system segregation, which has been
linked to better cognitive function (Rieck et al., 2021). These
findings suggest that preserving system segregation may
serve as a protective factor against cognitive aging, support-
ing more effective neural processing and task performance.

Nengo and the Neural Engineering Framework
The Neural Engineering Framework (NEF) provides a sys-
tematic approach to constructing large-scale, biologically
plausible neural models of cognition. It operates as a frame-
work for neural simulation, allowing researchers to define
neuron properties, representational values, and computational
functions, while mathematically solving for synaptic connec-
tion weights that achieve these transformations (Eliasmith &
Anderson, 2003). One of the core strengths of the NEF is its
ability to model neural connections of different kinds (feed-
forward and recurrent) while enabling the construction of dy-
namical systems (integrators, oscillators and control mecha-
nisms).

The NEF consists of three fundamental principles: repre-
sentation, transformation, and dynamics (Eliasmith & Ander-
son, 2003; Voelker et al., 2021). The representation principle
enables the encoding of continuous values through the activ-
ity of neural populations such that neural ensembles represent
signals. The transformation principle allows for the compu-
tation of arbitrary functions using weighted synaptic connec-
tions, transforming representations through connections be-
tween neural ensembles. The dynamics principle supports
the modelling of time-dependent processes through the inte-
gration of control theory, which is particularly beneficial for
applications like working memory and motor control. These
principles collectively allow for the construction of models
that closely resemble real brain function, constrained by bio-
logical data.

Nengo is a Python-based computational modelling plat-
form designed for constructing and simulating large-scale
neural networks using the Neural Engineering Framework
(NEF). It streamlines the process of defining, running, and an-
alyzing complex neural simulations, making it an accessible
and efficient tool for researchers. With its user-friendly inter-
face, Nengo enables users to specify neural populations, de-
fine transformations, and simulate interactions with environ-
mental stimuli, facilitating the study of cognitive processes

and neural dynamics (Sharma, Aubin, & Eliasmith, 2016).
Nengo integrates biologically inspired learning rules, al-

lowing it to simulate adaptive and plastic neural circuits that
mimic the way real biological systems learn and change over
time (Stewart, Bekolay, & Eliasmith, 2012). This capabil-
ity has been instrumental in modeling reinforcement learn-
ing in the basal ganglia, where Nengo successfully repli-
cates key neurophysiological properties observed in biologi-
cal decision-making systems (Stewart, Bekolay, & Eliasmith,
2012).

The Semantic Pointer Architecture
The Semantic Pointer Architecture (SPA) was built to facil-
itate cognitive model construction using Nengo (Eliasmith,
2013). SPA uses a Vector Symbolic Architecture (VSA;
Kleyko, Rachkovskij, Osipov, & Rahimi, 2022, 2023) to
encode structured information in a high-dimensional latent
space. In a VSA, information is encoded as vectors, and com-
plex relationships are captured through mathematical opera-
tions that allow for the storage, retrieval, and manipulation of
information in the latent space. In NengoSPA, this is accom-
plished using Holographic Reduced Representations (HRRs;
Plate, 1995), which defines a binding operation over vec-
tors that allows vector-symbols to be combined into vector-
symbolic expressions.

SPA relies on the Semantic Pointer Hypothesis (SPH),
which serves as a bridge between the low-level neural details
of the NEF and higher-level cognition (Eliasmith, 2013). The
SPH suggests that neural systems encode, process, and ma-
nipulate structured information using semantic pointers. Se-
mantic pointers are high-dimensional vector representations
that can be implemented as patterns of neural activity and rep-
resent arbitrarily complex symbolic information in a manner
that is dynamically modifiable by the neural system.

The Nengo implementation of SPA is known as NengoSPA
(Applied Brain Research, 2025). A major advantage of Nen-
goSPA is its modular and extensible architecture. This mod-
ularity supports the construction of large-scale cognitive ar-
chitectures, such as Spaun, one of Nengo’s most notable
applications (Stewart, Choo, & Eliasmith, 2012). Spaun
is a large-scale brain model capable of performing high-
level cognitive tasks, including working memory, problem-
solving, action selection, and motor control. It processes vi-
sual stimuli, stores information in memory, and generates mo-
tor output by controlling a simulated robotic arm, demonstrat-
ing how large-scale neural systems coordinate multiple cog-
nitive functions without requiring external reprogramming
(Eliasmith et al., 2012).

Models of Neural Impairments
Understanding how the brain encodes, processes, and re-
trieves information is a fundamental challenge in computa-
tional neuroscience. The NEF and SPH provide a biologically
plausible approach to modelling cognitive functions, enabling
simulations of perception, memory, decision-making, motor
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control, and cognitive decline. Computational models built
in Nengo have been used to investigate various neurological
impairments, including Parkinson’s disease, Alzheimer’s dis-
ease, and age-related cognitive slowing. By leveraging spik-
ing neural networks (SNNs) and high-dimensional vector rep-
resentations, these models offer insights into how neural cir-
cuits break down in neurodegenerative disorders.

Senft, Stewart, Bekolay, Eliasmith, and Kröger (2018) de-
veloped a spiking neural network model of the basal ganglia-
thalamus-cortex loop to study speech sequencing deficits in
Parkinson’s disease. Their findings showed that dopaminer-
gic depletion leads to syllable sequencing errors, and deep
brain stimulation (DBS) reduces these impairments by in-
hibiting the subthalamic nucleus (STN) and globus pallidus
internus (GPi). Wijs (2022) examined pattern separation in
the hippocampus using a spiking model of the EC-DG-CA3
circuit, showing that Alzheimer’s disease-related synaptic
changes increase pattern overlap, leading to memory encod-
ing deficits. Ahmed, Lytton, Stewart, and Crystal (2024) ex-
plored age-related cognitive slowing with Nengo-based mod-
els of the Stroop task, demonstrating that axonal loss and
input noise slow processing, while increased feedback pre-
serves memory at the cost of further slowing.

The integration of semantic pointers, vector symbolic ar-
chitectures (VSAs), and biologically inspired learning mech-
anisms provides a unified computational framework for
studying cognitive decline. We used these same tools in
our own NengoSPA simulations to capture features of neu-
ral specificity.

Models & Simulations
To demonstrate neural dedifferentiation and system segrega-
tion in NengoSPA, we modelled two interventions. The first
intervention involved a reduction in neural specificity directly
through representation localization reduction (RLR), accom-
plished by the de-localization of vocabularies between states
in computationally modelled brain regions. With less local-
ized representations across multiple neurons, performance er-
rors should arise from an inability to differentiate between the
target representation and other, similar ones. This is similar
to an individual with reduced system segregation. The second
intervention captured within-system correlation reduction in
our simulations using neural population reduction (NPR). A
reduction in neural population lowers the degrees of freedom
with which to encode a representation, due to less neural con-
nections on account of the neural loss. Since these models are
functional, NPR is a stand-in for any neural dysfunction that
interrupts the neuron’s activity.

To assess the effects of these two interventions, we con-
structed a restricted Go/No-go cognitive task. In this task,
a set of stimuli are provided with action rules, wherein one
stimulus is the GO condition and another is the NO-GO con-
dition. Normally, when the GO condition is presented, some
response is required by the participant. When the NO-GO
condition is presented, response inhibition is required. In our

models, processing of the stimulus is cut off before action
selection or any prefrontal monitoring or control.

In these models, stimuli are passed to neural ensembles as
semantic pointers, allowing for encoding, storage, decoding,
and manipulation of the representations to facilitate cogni-
tive processing; the output of which is some decision, prior
to an action selection loop. In each model, rule matching be-
tween internal representations and perception is assumed to
happen prior to action selection, but the cortico-basal ganglia-
thalamo-cortical (CBGTC) loop was not modelled. This as-
sumption aligns with the theoretical considerations taken in
the construction of both Spaun (Stewart, Choo, & Eliasmith,
2012) and Borst, Aubin, and Stewart (2023)’s whole-task
brain model. This means our model only requires a decision
to be made, without a behavioural response. No inhibition of
an action is necessary, and no prefrontal monitoring or control
is present.

Input to the hippocampus (hc) state will be compared to
its output, providing a similarity value for the model’s deci-
sion. Each model will run for 6 seconds over 50 simulations
with 8 similarity samples taken per simulation, first at 0.375s
and then at each additional interval of 0.75s in accordance
with the presentation of our two stimuli: VOW or CONS.
VOW, standing for vowel, indicates the GO decision should
be made, while CONS, standing for consonant, indicates the
NOGO decision should be made.

Figure 1: Go/No-go Model in NengoSPA

In Figure 1, the stimuli serve as an input that is passed to
an observation state (obs). The obs state encodes the stim-
uli as one of two semantic pointers, VOW for vowels, and
CONS for consonants. Two equivalence rules have a priori
representation as semantic pointers embedded in the posterior
parietal cortex (ppc) state. These rules are “VOW = GO” and
“CONS = NOGO”. Connective states (hc obs & hc ppc) are
used with unique semantic pointer vocabularies to simulate
interregional and intraregional neural specificity between the
obs and ppc states with the hippocampal (hc) state. The hc
state receives a representation consisting of a binding of both
the hc ppc state and the negative of the hc obs state. VOW
and GO share a vector due to the equivalence rule, so the neg-
ative of the hc obs state removes VOW during binding. GO
is passed to a clean-up memory.

A clean-up memory is a system that corrects any repre-
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sentation to one of a set of canonical representations in the
clean-up memory’s vocabulary. The clean-up memory in our
model has no threshold, which means that the model always
outputs one of the symbols in the vocabulary; however, were
a threshold added, low semantic pointer similarity could fail
to pass threshold and fail to activate neural populations in the
clean-up memory.

Results
In Figure 2, we see a medium similarity to GO at each sam-
pled timestamp, averaged over 50 simulations (M = 0.57, SE
< 0.01). Similar results were found for NOGO (M = 0.54,
SE < 0.01).

Figure 2: Control Model Mean GO Similarity Over Time

In Figure 3, we see a high similarity to GO at each sam-
pled timestamp, averaged over 50 simulations (M = 0.77, SE
< 0.01). Similar results were found for NOGO (M = 0.73,
SE < 0.01). Additionally, VOW demonstrated a high simi-
larity (M = 0.77, SE < 0.01) during each GO stimulus, and
CONS demonstrated a high similarity at each NOGO stimu-
lus (M = 0.73, SE < 0.01). This suggests co-activation of GO
and VOW responses to the GO stimulus, and co-activation of
NOGO and CONS to the NOGO stimulus.

Figure 3: RLR Model Mean GO Similarity Over Time

In Figure 4, we see a low similarity to GO at each sampled
timestamp, averaged over 50 simulations (M = 0.27, SE <

0.01). Similar results were found for NOGO (M = 0.27, SE
< 0.01).

Figure 4: NPR Model Mean GO Similarity Over Time

Each simulation is independent of the previous trials. Tests
for normality and homoscedasticity were performed. A
Shapiro-Wilk test was performed, demonstrating the data vi-
olated the assumption of normality (Table 1).

Table 1: Shapiro-Wilk Test for each Model & Stimulus

Shapiro-Wilk p
GO Control 0.61 <0.01
GO RLR 0.68 <0.01
GO NPR 0.73 <0.01
NOGO Control 0.65 <0.01
NOGO RLR 0.72 <0.01
NOGO NPR 0.74 <0.01

A Levene’s test demonstrated homoscedasticity was also
violated, except for NOGO-NOGO (Table 2).

Table 2: Levene’s Test for each Model & Stimulus

VOW CONS GO NOGO
GO 323.73 46.80 6.64 3.833
p <0.01 <0.01 <0.01 0.02
NOGO 25.06 251.79 352.90 0.019
p <0.01 <0.01 <0.01 0.98

Due to these violations, a Welch’s ANOVA was performed
demonstrating high significance with a very large effect size
suggesting group membership at each timestamp describes
73% of the variance in similarity scores, F(2,352) = 427.01,
p < 0.01, η2 = 0.73.

A Games-Howell post-hoc test confirms this (Table 3),
demonstrating highly significant differences in variance be-
tween all model similarity scores. For both Control-NPR and
NPR-RLR comparisons, effect sizes are very large, while the
Control-RLR comparison had a medium effect size.
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Table 3: Games-Howell Test

Comparison Abs. Mean Diff. p Hedges’ g
Control-NPR 0.03 <0.01 -2.87
Control-RLR <0.01 <0.01 -0.66

NPR-RLR 0.03 <0.01 2.80

Discussion
Results from our model comparison suggests that the biolog-
ical properties RLR and NPR represented could be candidate
mechanisms for neural specificity. RLR directly modeled a
loss in system segregation, directly modelling the effects of
neural broadening. While this was a top-down approach for
the model, the biological equivalent is a bottom-up process
whereby interregional activity is lost, in favour of interre-
gional activity. In our model, NPR is an actual reduction
in the number of neurons; however, our model is functional
and any loss of a neuron’s ability to send and receive signals
would be equivalent. The RLR model demonstrated much
higher similarity than the control; however, a co-activation
was found with each of the paired stimuli (VOW with GO;
CONS with NOGO). This comports with the commission er-
rors found with neural broadening. NPR demonstrated a simi-
lar pattern, where similarity was significantly lower than with
the other models. Were the clean-up memory’s threshold set
to 0.5, the similarity would’ve been too low to provide a re-
sponse.

The impact of NPR on representation and performance ex-
plains within-system correlation well, and the cause of NPR’s
loss in neural function can come from multiple sources such
as illness, senescence, or brain trauma. Nonetheless, a reduc-
tion in neural specificity cannot result from random impair-
ments to neural function alone, because those impairments
fail to account for all characteristics of performance decline.
The very fact commission errors and neural broadening hap-
pens suggests neural specificity reduction results from an-
other, different mechanism, which is precisely why we mod-
elled RLR. It is likely neural specificity reduction results from
a kind of passive, functional compensation to overcome the
loss in neural function. As neural function decreases, pro-
cesses like dendritic arborization do not cease. The continued
growth of new connections may not be enough to compensate
for the lost functional activity, especially when cumulative
damage to representations builds as functional impairment
continues. Instead, it seems likely neural specificity loss is
partially explained by compensatory neuroplasticity that can’t
quite fill the representational gaps completely.

Future research into these mechanisms and their relevance
in explicating cognitive decline should focus on the effects
of neural dysfunction (NPR) on modularity and neural redun-
dancy. Modularity is calculated by comparing the observed
fraction of within-community connections to the expected
fraction if connectivity were randomly distributed across the
network (Newman, 2006). Comparisons between randomly

(or uniformly) distributed and regionally targeted NPR could
indicate idiosyncratic cognitive impairments. Future research
on RLR should focus on whole-task brain models to see
if co-activation of adversarial representations causes unique
impairments in different neural systems. Additional work
could be done investigating intraregional effects of RLR, to
investigate finer-grained neural specificity, similar to what
is done with neuroimaging techniques like voxel-wise mod-
elling (Huth, De Heer, Griffiths, Theunissen, & Gallant,
2016). An extension could be done to test whether DI and
SS formulae can be applied to NengoSPA models. Lastly,
it may be worth exploring patients with traumatic brain in-
jury or stroke to see if there is a shift from omission errors
to commission errors during or following recovery. If so, this
would suggest neural specificity reduction results from both
a loss of neural function and the inability of neuroplasticity
to completely compensate, leading to less distinct represen-
tations and partially impaired information processing in the
brain.
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Abstract
Prediction markets have been used to forecast a variety of fu-
ture events, ranging from sports to geopolitical events. The
market price is often interpreted as a crowd-sourced probabil-
ity estimate of a future event. While much of the literature has
focused on understanding factors that affect accuracy, much
less research has examined the degree to which prediction mar-
kets adhere to the rules of probability theory. Existing research
on the unpacking effect, which occurs when probability judg-
ments of disjoint sub-events do not sum to the probability of
the general event, has produced mixed results. In a popular
online platform, we found evidence of unpacking effects in
prediction markets for the 2024 US elections. As a proof of
concept, we demonstrate that a multi-agent model based on
principles of quantum cognition can produce several qualita-
tive patterns of unpacking effects. We conclude with a dis-
cussion of limitations of the model and directions for future
research.
Keywords: wisdom-of-crowds; prediction markets; forecast-
ing; quantum cognition; decision-making; unpacking effects

Introduction
An extensive body of research indicates that aggregating
judgments across a large number of individuals leads to more
accurate estimates, a phenomenon known as the wisdom of
crowds (Surowiecki, 2004). In many cases, an aggregated
judgment is more accurate than the best individual judge.
Judgments can be aggregated through a variety of methods,
including averaging independent judgments across individ-
uals (Surowiecki, 2004), team interactions (Mellers et al.,
2014), prediction markets (Berg et al., 2008), or a combina-
tion thereof (Dana et al., 2019).

Our focus will be on prediction markets in which individ-
uals buy and sell shares representing the outcome of a future
event, such as the winner of a sports competition (Page &
Clemen, 2013), the winner of an election (Berg et al., 2008),
or the replication of an experiment (e.g., Dreber et al., 2015).
As an example, consider a person who bought a share for can-
didate A winning an election for .70 dollars. If candidate A
wins, the shareholder receives 1 dollar. However, if candi-
date A does not win, the shareholder receives nothing, and
losses the initial investment. In a prediction market, the wis-
dom of crowds emerges through transactions between indi-
viduals with heterogeneous knowledge who are incentivized
to maximize profit, ultimately converging on a market price
that reflects the pooled knowledge of all participants.

Much of the research pertaining to prediction markets has
focused on assessing accuracy or devising methods to im-
prove accuracy. For example, prediction markets were more
accurate for long time horizons than polling in predicting the

outcome of US elections between 1988 and 2004 (Berg et
al., 2008). Across a wide range of prediction markets in-
volving political and sporting events, Page & Clemen (2013)
observed the favorite-longshot bias, whereby high probabil-
ity events tend to be under-priced and low probability events
tend to be over-priced. However, as the time horizon de-
creased, the prices became better calibrated. Similarly, for
prediction markets involving European elections and refer-
endums, Arnesen & Strijbis (2015) found evidence of the
favorite-longshot bias. Additionally, their analysis attributed
the favorite-longshot bias, in part, to the use logarithmic scor-
ing rule in the market maker (an algorithm used to promote
liquidity in markets), which causes prices to change more
slowly as they approach the end points of 0 or 1. Dana et al.
(2019) compared prediction markets to individual estimates
which were aggregated using an algorithm that adjusted for
regression towards the mean and weighted individuals ac-
cording to prior accuracy. The aggregation algorithm was
at least as accurate as the prediction market, and combining
the methods resulted in additional improvement, indicating
some degree of inefficiency in the prediction market. Taken
together, the literature indicates that prediction markets are
useful, albeit imperfect, forecasting tools.

Based on the empirical findings above and theoretical anal-
ysis (e.g., Wolfers & Zitzewitz, 2006), the market price is
commonly interpreted as a crowd-sourced probability esti-
mate for the occurrence of an event. One implication of inter-
preting market prices as probability estimates is that market
prices should conform to the rules of probability theory. Al-
though variety of violations of probability theory have been
observed in the estimates of individuals (e.g, Tversky & Kah-
neman, 1983; Tversky & Koehler, 1994; Busemeyer et al.,
2011), much less is known about the coherence and logi-
cal consistency of prediction markets. The limited research
investigating coherence of prediction markets has yielded
mixed results. Lee et al. (2009) investigated the conjunction
fallacy and unpacking effect in a wide variety of prediction
markets. A conjunction fallacy occurs when the judged prob-
ability of joint events exceeds the probability of one or both
of its constituent events (Tversky & Kahneman, 1983), e.g.
p(a∧ b) > p(a). An unpacking effect occurs when an event
is unpacked or decomposed into disjoint sub-events which do
not sum to the original event (Tversky & Koehler, 1994), e.g.,
p(a) ̸= p(a1)+ p(a2)+ · · ·+ p(an). Generally speaking, the
market prices tended to adhere to the rules of probability the-
ory, only producing an unpacking effect in a few transient and
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isolated instances (Lee et al., 2009). By contrast, Sonnemann
et al. (2013) found evidence of unpacking effects in predic-
tion markets for sporting competitions in both controlled lab-
oratory experiments and naturalistic field data.

As prediction markets have become increasingly popular
and accessible, one question that naturally arises is whether
unpacking effects might be observed in popular prediction
markets with diverse participants. A related question is
through which cognitive mechanisms could unpacking effects
potentially emerge? To the best of our knowledge, very few
efforts have been made to analyze prediction markets through
the lens of a cognitive model. To fill these gaps in the liter-
ature, we investigated unpacking effects in prediction mar-
kets for the 2024 US elections and developed a proof-of-
concept model based on principles from quantum cognition
(e.g., Busemeyer et al., 2011). We selected quantum cog-
nition as our modeling framework because it can produce
several types of unpacking effects (Franco, 2010), and other
violations of classical probability theory (Busemeyer et al.,
2011).

Overview
Our primary goal in this paper is to investigate unpacking ef-
fects in prediction markets and to provide a viable explana-
tion for future research to explore. In what follows, we begin
with a review unpacking effects in the judgments of individ-
uals, including subadditivity and superadditivity. Next, we
describe the mechanics of Polymarket, an online prediction
market platform. We then describe how several markets per-
taining to the US 2024 elections can be leveraged as tests of
unpacking effects. Our analysis of these markets reveals evi-
dence of multiple sustained unpacking effects. As a potential
explanation for these findings, we introduce an agent based
model of the prediction market in which agents evaluate event
probabilities according principles of quantum cognition (e.g.,
Busemeyer et al., 2011). We conclude with a discussion of
key findings, limitations, and future directions.

Unpacking Effects
An unpacking effect occurs when the sum of probability judg-
ments across disjoint partitions of an event is not equal to the
judged probability of the event (Tversky & Koehler, 1994;
Sloman et al., 2004; Fiedler et al., 2009). As an example, pre-
vious research found that the probability judgments for death
by natural cause were lower on average than the sum of sepa-
rate probability judgments for specific types of natural causes
of death: death by cancer, death by heart disease, and death
by all other natural causes (Tversky & Koehler, 1994). Un-
packing effects constitute a violation of a property of proba-
bility theory called additivity. Suppose an event e is unpacked
or partitioned into a set of mutually exclusive and exhaustive
sub-events: E = {e1,e2, . . . ,en}. Formally, additivity is de-
fined as:

p(e) = ∑
ei∈E

p(ei). (1)

Unpacking effects lead to one of two violations of additiv-
ity. The first type, which is the most commonly reported, is
subadditivity (Tversky & Koehler, 1994), defined as: j(e) ≤
∑ei∈E j(ei), where the judgment function j(·) does not require
judgments to adhere to the rules of probability theory. The
second type is superadditivity, defined as j(e) ≥ ∑ei∈E j(ei).
Some evidence suggests superadditivity is likely to occur
when the partition includes an atypical sub-event (Sloman et
al., 2004).

Polymarket
Polymarket is a crypto-based online prediction market plat-
form in which users can buy and sell shares for a wide range
of future events, such as the winner of a football match,
the Federal Reserve’s decision to change interest rates, and
the winner of an election. In a given market, users buy
and sell shares for binary events. A yes share corresponds
to occurrence of event e, whereas a no share corresponds
to the occurrence of the complementary event ē (Polymar-
ket, 2024). At time t, the market price of a share for event
x ∈ {e, ē} is px(t) ∈ [0,1], which pays 1 if event x occurs
and 0 otherwise. A person’s subjective probability of event
x is denoted as j(x). Letting Vx be a random variable repre-
senting the eventual payoff of a share for event x, the sub-
jective expected value of a share purchased at price sx is
E[Vx] = j(x) · [1 − sx]− [1 − j(x)] · sx = j(x)− sx. From a
normative perspective, a person should purchase a share if
px(t)< j(x).

Polymarket is classified as continuous double auction
whereby bids and asks are tabulated in an order book and an
exchange occurs when the bid and ask price match (see details
below; Polymarket, 2024). Users can visualize the order book
with a depth chart showing the volume of bid and ask prices in
descending order. The difference between the minimum ask
and maximum bid is known as the spread. A transaction oc-
curs when the spread is zero. Users can submit orders (bids or
asks) using one of two primary methods: a market or a limit
(Polymarket, 2024). With the market method, users buy or
sell shares immediately at the current market price. By con-
trast, the limit method allows users to submit orders which
are executed at a later date if the market price converges to
the bid or ask price. Polymarket also provides incentives to
promote liquidity in markets (Polymarket, 2023).

In what follows, we describe the conditions under which
a transaction occurs. To facilitate the description, we will
introduce some notation and definitions. Let be and ae be
a bid price and ask price for event e, respectively. For bi-
nary events, a bid (ask) is equivalent to 1 minus an ask (bid)
for the complementary event, e.g. be = 1− aē. Given these
definitions, a transaction occurs under three conditions: (1) if
bi,e = ak,e, user i pays user k ̸= i the amount of bi,e in exchange
for one share; (2) if bi,e +bk,ē = 1, a share for e is created and
given to user i for the amount of bi,e, and likewise a share for
ē is created and given to user k for the amount of bk,ē; and (3)
if ai,e + ak,ē = 1, user i receives ai,e and relinquishes 1 share
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Figure 1: The unpacking factor for multiple market sets. Values greater than 1 correspond to subadditivity whereas values less
than 1 correspond to superadditivity. mov: margin of victory. See text for details.

for event e, and user k receives ak,ē and relinquishes 1 share
for event ē (Polymarket, 2023).

A prediction market works in a similar fashion to a share
market: as individuals with heterogeneous knowledge buy
and sell shares, the market converges on an equilibrium or
market price. With some caveats, the market price can be
interpreted as crowd-sourced probability estimate for the oc-
currence of event (Wolfers & Zitzewitz, 2004). An impor-
tant implication is that market prices should be constrained by
rules of probability theory, including additivity as described
above in Equation 1. In what follows, we will present evi-
dence showing sustained periods of unpacking effects in pre-
diction markets.

2024 Election Markets
One desirable feature of Polymarket is that it provides numer-
ous opportunities for testing additivity of market-based prob-
ability estimates. Tests of additivity involve the comparison
of two market sets: (1) a market set containing a single mar-
ket for the binary event {(e, ē)}, and (2) a market set in which
event e is partitioned into n mutually exclusive and exhaus-
tive sub-events: {(e1, ē1),(e2, ē2) . . .(en, ēn)}. The market for
e vs. ē was displayed by itself on a webpage, whereas markets
for each binary sub-event ei vs. ēi were grouped together on
the same webpage and embedded within a full partition of the
sample space, E ⊂ Ω. Users were free to buy or sell shares in
all of the markets.

For our analysis, we compared several market sets pertain-
ing to the 2024 US elections for the presidency, senate, and
house of representatives. Our description of the market sets
follow the same order listed in the legend of Figure 1. In the
first comparison, we compared a market for a Democrat win-
ning the presidency to a set of markets in which a Democrat
won the presidency with different margins of victory. For
the remaining three, we compared a market for Democrats
winning a given branch of government (presidency, senate,
house) to a market set in which that event was unpacked into
four sub-events in which Democrats or Republicans win the

other two branches of government. For each of these com-
parisons, probability theory predicts the additive property de-
scribed in Equation 1 will hold.

In the Figure 1, additivity is measured with a ratio called
the unpacking factor (Tversky & Koehler, 1994), which is de-
fined as uf = ∑ei∈E j(ei)

/
j(e). Thus, additivity holds when

uf = 1, subadditivity occurs when uf > 1, and superadditivity
occurs when uf< 1. Examination of Figure 1 reveals multiple
sustained violations of additivity. For example, the market set
for Democrats and Republicans winning the electoral college
with different margins of victory (purple) was consistently
subadditive. However, subadditivity was less consistent and
more attenuated for other markets. Markets tended to dis-
play subadditivity, with exception of the market for the senate
(green), which tended to be superadditive. Overall, the pre-
diction markets displayed evidence of sustained unpacking
effects across time, but the effects were smaller in magnitude
compared to what is reported for individual judgments (e.g.,
Tversky & Koehler, 1994).

Agent Based Model
We developed two agent based models using quantum cogni-
tion to contrast their differing predictions for unpacking ef-
fects in prediction markets. One model assumed beliefs are
compatible, whereas the other assumed beliefs were incom-
patible. Both models consisted of 1,000 agents, each with
an initial endowment of 500 dollars, and two market sets de-
signed to examine unpacking effects. On each day, each agent
submitted one order (ask or bid) in each available market.
Agents submitted orders sequentially in a different random
order on each day. We set the duration to the maximum dura-
tion in Figure 1, which was 305 days.

In both models, agents represented and evaluated their be-
liefs based on principles from quantum probability theory
(QPT; Busemeyer et al., 2011). Quantum probability the-
ory can be viewed as a generalization of classical probabil-
ity theory in which certain properties such as commutativity
do not necessarily hold (Busemeyer et al., 2011). In QPT,
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beliefs are represented geometrically as sub-spaces within a
vector space. Additionally, subjective probabilities are found
by projecting a superposition state (i.e., a linear combination
of basis vectors) onto the subspace spanned by the beliefs in
question. An important distinction in QPT is whether beliefs
are compatible. If beliefs are compatible, they can be rep-
resented with a single basis, in which case QPT reduces to
classical probability theory and does not predict unpacking
effects. However, if beliefs are incompatible, they are repre-
sented by different bases in a lower dimensional space, and
are evaluated sequentially (Busemeyer et al., 2011). In this
case, quantum cognition can account for unpacking effects
and other violations of classical probability theory.

In the compatible quantum model (CQM), beliefs are
jointly represented with a common basis. As such, the CQM
satisfies the rules of classical probability theory, including ad-
ditivity. By contrast, beliefs in the incompatible quantum
model (IQM) cannot be represented jointly with a common
basis, leading to violations of additivity. Intuitively, the dif-
ferent bases allow agents to view the markets from different
perspectives based on available information. Our proposal is
that, in principle, a qualitative change in information could
cause agents to view the markets from a different perspective
(i.e., basis), leading to periods of subadditivity or superaddi-
tivity.

Prediction Markets
Agents traded shares in two market sets designed to explore
predictions for subadditivity and superadditivity. Although
the nature of the events do not necessarily matter, event A
could refer to a candidate winning the electoral college, and
event B could refer to the same candidate achieving a plu-
rality. The first market set consisted of one market for event
A: {(A, Ā)}. The second market set consisted of four mar-
kets formed from the joint distribution over events A and B:
{(A∧B,A∧B),(A∧ B̄,A∧ B̄),(Ā∧B, Ā∧B),(Ā∧ B̄, Ā∧ B̄)}.
According to probability theory, the market price for event
A in the first market set should equal the sum of market
prices for the unpacked events in the second market set:
p(A) = p(A∧B)+ p(A∧ B̄), which implies an unpacking fac-
tor of 1.

Belief Representation and Evaluation
The critical distinction between the CQM and the IQM is
whether beliefs are compatible, which has implications for
unpacking effects. As the name implies, beliefs in the CQM
are compatible, meaning it is possible to represent the full
2× 2 joint distribution of beliefs with a common basis. The
CQM represents beliefs in 4D space using the following or-
thonormal basis: {|AB⟩ , |AB̄⟩ , |ĀB⟩ , |ĀB̄⟩}. Because the
joint probability distribution can be represented with a sin-
gle basis (i.e. events are compatible), the probability judg-
ments conform to classical probability theory, including ad-
ditivity. An agent’s initial state is represented as a superposi-
tion or linear combination of basis vectors: |ψ⟩=ψAB |AB⟩+
ψAB̄ |AB̄⟩+ψĀB |ĀB⟩+ψĀB̄ |ĀB̄⟩, where coefficients in ψ

represent amplitudes. An agent’s probability judgment is
found by projecting the agent’s state vector onto the sub-
space representing the target event and squaring the magni-
tude. For example, the probability judgment for A ∧ B is
given by j(A∧ B) = ∥PAB |ψ⟩∥2 = ψ2

AB, where the projec-
tion matrix for the event is computed as the outer product of
the corresponding basis vector: PAB = |AB⟩⟨AB|. For each
agent k, the square of the amplitudes (i.e., probabilities) are
defined as: ψ′

k ∼ Dirichlet([0.20,0.25,0.10,0.45] · 20), such

that ψk = ψ
′⊙ 1

2
k and ⊙ denotes an element-wise square root.
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Figure 2: Predictions for the IQM as a function of rotation
parameter θ. Solid lines correspond to ρ = .40 and dashed
lines correspond to ρ = .60.

By contrast, in the IQM, the joint distribution of beliefs
cannot be represented with a common basis. Instead, beliefs
are represented in a reduced 2D space with two orthonormal
bases: {|A⟩ , |A⟩⊥} and {|B⟩ , |B⟩⊥}. One basis is obtained by
rotating the other basis e.g., |B⟩=U(θ) |A⟩, where U a unitary
transformation and θ is the rotation angle in radians. Because
the events are incompatible, they must be evaluated through
a sequence of order-dependent projections. The probabilities
of the two unpacked events are j(B∧A) = ∥PAPB |ψ⟩∥2 and
j(B̄∧A) = ∥PAPB̄ |ψ⟩∥2. By contrast, the probability of the
packed event is defined as j(A) = ∥PA |ψ⟩∥2. Importantly,
expanding the packed term reveals its relationship to the un-
packed terms: j(A) = ∥PAPB |ψ⟩∥2 + ∥PAPB̄ |ψ⟩∥2 +∆. The
key difference is that the unpacked equation includes an in-
terference term, ∆. Subadditivity occurs when ∆ < 0 and
superadditivity occurs when ∆ > 0. For agent k, the ini-
tial state is defined as |ψk⟩ =

[√
ρk,−

√
1−ρk

]
, with ρk ∼

Beta(.45 ·20,(1− .45) ·20). During the first 100 days, agents
viewed the markets from the perceptive represented by the
angle parameter θk,1 ∼ normal(.90, .01). After 100 days,
new information was disseminated to the agents, leading
to a change in perspective represented by angle parameter
θk,2 ∼ normal(.40, .01). The distributions for θ1 and θ2 were
selected to produce subadditivity and superadditivity, respec-
tively. Our rationale for selecting day 100 to induce a change
in perspective was to create a visually clear change within the

31

Proceedings of the 23rd International Conference on Cognitive Modelling (ICCM 2025)



middle third of Figure 2.
Figure 2 shows the predictions of the IQM for different

values of ρ and θ. Depending on θ, the IQM produces subad-
ditivity, or superadditivity, with minimum unpacking factor
occurring when j(B∧A) = j(B̄∧A) and the maximum un-
packing factor occurring when either unpacked judgment is
at its maximum value. The maximum unpacking factor is
greater for ρ = .40 compared to ρ = .60.

Decision Process
An agent k submits an order for a bid or ask with equal prob-
ability if its money reserve is positive and it owns at least
one share. If it owns shares, but has no money, it submits
an order for an ask. Otherwise, it submits an order for a bid.
When submitting an order for a bid, agent k selects an event
x ∈ {e, ē} with equal probability and sets the value of the bid
according to the following rule:{

bk,x = ax,min ax,min < jk(x )
,

bk,x ∼ D(max(0, jk(x) − δ),max(0, jk(x) − .01)) Otherwise

where ax,min is the minimum ask across all agents, jk(x) is the 
agent’s subjective probability for event x, D is a dis-crete 
uniform distribution with increments of .01, and δ ∈ 
{.01, .02, . . . ,(1 − jk(x))} defines the variability in the bid or 
ask. To determine the ask value, the agent considers the con-
sequences of keeping its highest priced share for event x 
com-pared to selling it for the maximum bid price, denoted 
bx,max. The expected value of keeping this share is 
E[Vk,x,max], and the net payoff for selling it is the difference 
between the maxi-mum bid and the purchase price of the 
share: bx,max −sk,x,max. Letting z = (bx,max − sk,x,max) 
−E[Vk,x,max], the rule is defined as:{

ak x = bmax x z > 0

ak

,

,x ∼ D( 
,

min(1, jk(x) + .01),min(1, jk(x) + δ)) Otherwise 
.

Thus, the agent asks for the maximum bid for event x if it
leads to a better payoff; otherwise, it asks for a random value
greater than its subjective probability for event x. As a sim-
plifying assumption, the maximum number of orders in each
market’s order book was limited to one per agent. However,
each agent could change any order each day during its turn.

Simulation Results
Figure 3 compares the unpacking factors for the CQM and
IQM across time. As expected, the unpacking factor of the
CQM varied around a value of 1, indicating a general adher-
ence to additivity with brief violations due to noise. By con-
trast, the unpacking factor for the IQM reveals a sustained
period of subadditivity before shifting to a period of super-
additivity upon the agents acquiring new information. For
some runs of the IQM, the shift from sub-to-superadditivity
is less pronounced, indicating some degree of sensitivity to
the distribution of ρ and θ. Overall, these results provide a
proof of concept that a shift in perspective in the IQM can

produce qualitative deviations from additivity found in pre-
diction markets for the 2024 US elections.

Discussion
Our goal in the present research was to investigate unpacking
effects in prediction markets and provide a preliminary model
of unpacking effects as a proof of concept. Our investigation
of electoral prediction markets uncovered sustained periods
of unpacking effects—both in the form of subadditivity and
superadditivity. Unpacking effects were primarily of the for-
mer variety, and were smaller in magnitude than what is typ-
ically found in individual probability judgments. Nonethe-
less, the unpacking effects were clearly present. As a poten-
tial explanation using principles based on quantum cognition,
we proposed that unpacking effects could arise from incom-
patible beliefs of individual actors in the prediction markets.
When beliefs are incompatible, the markets are viewed from
different psychological perspectives, leading to unpacking ef-
fects. If new information prompts individuals to view the
markets from a different perspective, this could lead to a pe-
riod of subadditivity followed by a period of superadditivity,
or vice versa. We demonstrated that incompatible represen-
tations can produce the qualitative patterns of unpacking ef-
fects found in the empirical data, but the unpacking effects
disappeared when the model used a compatible rather than
incompatible belief representation.

The present research raises many important questions for
future research to investigate. One question is why stronger
evidence of unpacking effects were found in Sonnemann et
al. (2013) and Polymarket in the present study compared to
the prediction markets examined by Lee et al. (2009). Some
possible explanations include the level of expertise of partic-
ipants, market dynamics, such as trading volume, procedu-
ral differences in the mechanics of the prediction markets, or
other unknown moderators. Another question is whether an
alternative model might provide better a explanation for un-
packing effects. Unlike support theory (Tversky & Koehler,
1994), one advantage of quantum cognition is that it accounts
for superadditivity in addition to subadditivity. At this point,
however, the evidence for the IQM is tentative, and as we
will explain shortly, there are shortcomings associated with
this model.

Limitations

Several limitations should be noted. As alluded above, one
limitation is that evidence for the IQM’s proposed causal
mechanism has not been established. Instead, as a proof of
concept, we demonstrated that incompatible beliefs can pro-
duce some of the qualitative patterns of unpacking effects
observed empirically. More work is needed to investigate a
possible connection between information consumption and
unpacking effects. From a practical perspective, testing the
mechanism of the IQM is challenging due to the lack of ex-
perimental control and the lack of independent measure of in-
compatibility. In principle, one could design a closed-system
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Figure 3: The unpacking factor for the compatible and incompatible quantum models. Values greater than 1 correspond to
subadditivity whereas values less than 1 correspond to superadditivity.

prediction market to experimentally test the IQM by attempt-
ing to control information consumption and devising an inde-
pendent measure of compatibility.

Another limitation with the IQM is the sensitivity of un-
packing effects to the rotation parameter. As shown in Fig-
ure 2, the unpacking factor changes quickly in response to
the rotation parameter. Small changes in the distribution over
the rotation value may lead to different trajectories for the
unpacking factor.

A third limitation is that the IQM assumes that judgments
sum to one, even for incompatible events. We found prelim-
inary evidence that the sum of prices across markets forming
an entire sample space can be less than or greater than one.
Future research might investigate a more recent quantum cog-
nition model called the quantum sampler, which can provide
a more comprehensive account of unpacking effects (Huang
et al., 2024).

Conclusion

Although prior research has focused primarily on accuracy of
prediction markets, coherence may serve as a check on the
quality and accuracy of prediction markets, particularly be-
fore the outcome is known. We believe that a combination
of multi-agent modeling and cognitive modeling approaches
can help elucidate the performance of prediction markets,
and identify under which conditions they may serve as useful
forecasting tools.
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Abstract
One question in decision making is whether people consider all
features before making a decision, or instead consider only a
subset of features. One prominent example of the later strategy
is the priority heuristic (PH)—a non-compensatory strategy in
which features are evaluated sequentially in order of impor-
tance until one option is sufficiently better on a given feature
dimension. Our primary goal was to test the ability of the PH
to generalize to a two-stage decision making task and account
for dynamic inconsistency, which occurs when people deviate
from their plans for the second stage after observing an out-
come from the first stage. We adapted the PH to the two-stage
decision task and demonstrated that it predicts dynamic incon-
sistency under some conditions. However, the predictions were
largely at odds with empirical choice patterns—namely, the PH
predicted a tendency towards risk aversion, whereas subjects
tended to exhibit risk seeking behavior.
Keywords: decision-making; heuristics; dynamic-
inconsistency; priority-heuristic

Introduction
One important theoretical debate concerns whether people
take into consideration all features of a set of options when
making a decision, or instead consider only a subset of fea-
tures (e.g., Brandstätter et al., 2006; Birnbaum, 2008a). The
assumption that people consider all features during decision
making is embodied in the notion of expected utility, which
is ubiquitous throughout economics, cognitive science, and
related fields (Brandstätter et al., 2006; Birnbaum, 2008b).
Consider the gamble G = (x1, p1; . . . ;xn, pn), where xi is a
possible outcome occurring with probability pi. Accord-
ing to expected utility theory—a theory of rational decision
making—one’s valuation of the gamble is captured by its ex-
pected utility: EU(G) = ∑

n
i piu(xi), where utility function

u(x) transforms objective values into subjective values. The
core assumption of weighting and adding all features also
forms the basis of psychologically inspired variants of ex-
pected utility theory, including prospect theory (Tversky &
Kahneman, 1992), and TAX (Birnbaum, 2008b), which in-
corporate ideas such as loss aversion and non-linear proba-
bility weighting. By contrast, the fast and frugal heuristics
approach contends that people make decisions by consider-
ing only a subset of important features—in many cases, only
a single feature (Gigerenzer & Todd, 1999). Drawing upon
bounded rationality, the argument for this approach is that in
complex, real world environments it is not feasible to examine
and optimally weigh all features to arrive at a decision, nor is
it necessary to do so. Instead, people quickly extract a small
but diagnostic amount of information to make a decision.

One prominent example of a fast and frugal heuristic is the
priority heuristic (PH), which is applied to gambles, such as
the one previously described (Brandstätter et al., 2006). Ac-
cording to the PH, people sequentially compare options in
terms of minimum outcomes, minimum outcome probabili-
ties, and maximum outcomes, but terminate this evaluation
process as soon as one option is sufficiently better in terms
of a given feature (see Figure 1). Brandstätter et al. (2006)
showed that the PH can account for a variety of phenomena in
decision making, including the four fold pattern, the certainty
effect, and the Allais Paradox. They also showed that the PH
performed at least as well as competing models on several
data sets involving binary gambles. Finally, they found some
evidence for sequential evaluation of features—namely, the
median response times increased with the predicted number
of features people considered before making a decision.

Several researchers have subsequently challenged the PH.
For example, Birnbaum (2008a) presented evidence that al-
ternative models performed similarly and sometimes better
than the PH when the parameters of the alternative mod-
els were properly estimated. Moreover, the PH performed
poorly compared to alternative models when applied to more
diagnostic choice sets, such as gambles with three outcomes
instead of two (Birnbaum, 2008a). Along similar lines,
Glöckner & Betsch (2008) designed more diagnostic choice
sets for testing the PH, and found that prospect theory pro-
vided a more accurate account in many cases. Furthermore,
Birnbaum (2023) found that empirical data violated a critical
property of the PH called interactive independence, accord-
ing to which an effect of one feature difference is indepen-
dent of other features which are equal in value across across
alternatives. In a reply to various criticisms, Brandstätter et
al. (2008) noted that every strategy has a region of poor per-
formance, but argued for an adaptive toolbox of strategies in
which the best strategy for the problem is selected.

An alternative strategy for testing the PH is to investigate
how well it generalizes to a more complex decision making
task. Assuming the PH describes general principles underly-
ing decision making, one would expect it to predict choices
on a more complex task without fundamentally changing its
core principles. Following this line of reasoning, we tested
the ability of the PH to generalize to a two-stage decision task
involving a sequence of two related gambles (Barkan & Buse-
meyer, 2003). In this task, subjects often exhibit dynamic in-
consistency (DI), a phenomenon whereby planned decisions
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for the second stage are subsequently changed after observing
the outcome from the first stage. Thus, our goal is to investi-
gate whether the PH can generalize to the two-stage decision
making task and account for DI.

Overview
The remainder of this paper is organized as follows. We be-
gin with a description of the two-stage decision task and DI.
Next, we describe the PH in more detail and demonstrate how
the PH can be extended to the two-stage decision task, and ac-
count for DI under some conditions. To test its predictions,
we apply the PH to an existing dataset from a two-stage de-
cision task. Finally, we conclude with discussion of key find-
ings, limitations, and pathways for future research.

Two-Stage Decision Task
We tested the generalizability of the PH with a two-stage de-
cision task in which two related gambles are presented se-
quentially (Barkan & Busemeyer, 2003; Busemeyer et al.,
2015). In the first stage, participants do not make a decision.
Instead, an outcome xi,1 ∈ {xG,xL} is sampled from a risky,
binary gamble R1 = (xG, .50;xL, .50) and then presented to
the participant, where xG ≥ 0 is a gain, xL ≤ 0 is a loss, and
the index of R corresponds to stage. Henceforth, we sup-
press the stage index in xi,1 for ease of notation, as we do
not discuss outcomes from stage 2. In the second stage, par-
ticipants decide between a risky option R2 = R1, and a safe
option S2 = (0,1.0).

Each participant performed the two-stage decision task in
two conditions: a planned decision condition followed by
a final decision condition (Barkan & Busemeyer, 2003). In
the planned decision condition, participants made a plan for
choosing between R2 and S2 contingent on a hypothetical out-
comes xL and xG from stage 1. Next, in the final decision
condition, participants observed an outcome xi from stage 1
and decide whether to commit to the corresponding planned
decision for stage 2, or switch to the other option. As shown
in Table 1, there were 16 unique gambles plus 1 practice gam-
ble (Barkan & Busemeyer, 2003). The experienced outcome
in stage 1 was xL for nine gambles, and was xG for the remain-
ing eight. Each subject made planned and final decisions for
each gamble twice, except for the practice gamble.

Dynamic Inconsistency
One of the primary goals of the two-stage decision task is to
examine whether participants change their planned decisions
after observing the outcome from the first stage in the final
decision condition. The phenomenon whereby planned deci-
sions differ from final decisions is termed dynamic inconsis-
tency (DI; Busemeyer et al., 2015). Assuming a closed sys-
tem in which the participant knows all relevant information
pertaining to the decision, expected utility theory predicts that
subjects make the same decision in both conditions (Johnson
& Busemeyer, 2001). The solution for identifying the optimal
decision in multi-stage decision making is obtained through
a process called backward induction (Johnson & Busemeyer,

2001). Backward induction involves constructing a decision
tree spanning the decision stages, where nodes represent de-
cision points and possible outcomes, and edges represent pos-
sible pathways. The optional solution is obtained by pruning
inferior options, starting at the last stage, and moving succes-
sively up the decision tree until only one sequence of deci-
sions remains. Importantly, backward induction is predicated
on the assumption of dynamic consistency—the notion that
preferences are stable across time. Consequentially, back-
ward induction entails that planned and final decisions must
be the same.

Priority Heuristic
As shown in Figure 1, the PH assumes decisions are made by
comparing the features between options in descending order
of importance, and selecting an option and soon as its com-
parative advantage exceeds an aspiration level on a given fea-
ture (Brandstätter et al., 2006). Unlike models based on ex-
pected utility theory, the PH is a non-compensatory strategy,
meaning as soon as an option is sufficiently better on one fea-
ture dimension, the superior option with respect to this feature
is selected without regard for the other features. In principle,
a decision can be made by considering only the first feature.

Figure 1: An illustration of the priority heuristic. Starting
at the top, options are compared in terms of features ranked
in descending order of importance. For a given feature, an
option is selected if has the best value above an aspiration
level. Otherwise, the options are compared in terms of the
next most important feature.

The PH uses an identity function to assess the utility of
a feature: U(x) = x. Thus, the valuation of features is as-
sumed to be objective. According to the PH, features of
gambles are compared in descending order of importance:
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(1) the minimum outcome, (2) the probability of the mini-
mum outcome, and (3) the maximum outcome. In the gamble
G = (5, .90;10, .10), those features correspond to 5, .90, and
10, respectively. The definition of minimum outcome and
maximum outcome differs somewhat from the conventional,
mathematical definition of minimum and maximum. Instead,
both depend on the value of the two outcomes under consid-
eration (Brandstätter et al., 2006; Rieskamp, 2008). General
definitions that apply to gambles with any outcome, including
mixed gains and losses, have not described formally. Here,
we formalize our interpretation based on verbal descriptions
in prior research (Brandstätter et al., 2006; Rieskamp, 2008).
The minimum outcome of a binary gamble is defined for-
mally with the function:

fmin(x,y) =

{
max(x,y) if x ≤ 0,y ≤ 0
min(x,y) otherwise

. (1)

Thus, for non-positive outcomes, the goal is to select the min-
imum loss. The corresponding maximum outcome of a binary
gamble is defined according to the function:

fmax(x,y) =

{
min(x,y) if x ≤ 0,y ≤ 0
max(x,y) otherwise

. (2)

For simplicity, we define xmin, j = fmin(x j,y j) and xmax, j =
fmax(x j,y j) as the minimum outcome and maximum outcome
respectively, where j ∈ {risky,safe} indexes the decision op-
tion. The probability of the minimum outcome for option j is
denoted pmin, j.

The aspiration level is the minimum difference between the
feature values of two options required to make a decision. If
the aspiration level is met or exceeded, the option with the
superior feature value is selected (Brandstätter et al., 2006).
Otherwise, the options must be compared with respect to the
next most important feature. The aspiration level for the min-
imum outcome is defined relative to other outcomes, rather
than an absolute value. In particular, the aspiration level is
defined as 10% of the outcome with largest magnitude across
all options. The outcome with the largest magnitude is de-
fined as:

xmax = max({|xi, j|}i∈Ii, j∈I j), (3)

where Ii, and I j are index sets for outcomes and options, re-
spectively. The quantity xmax is often rounded to the nearest
prominent number, which is defined as a power of 10, or half
or twice a power of ten. For simplicity, we omit this step
without significantly altering predictions. For the probability
of the minimum outcome, the aspiration level is 10% of the
maximum of the probability scale, which is .10 ·1 = .10.

Putting the pieces above together, the decision rule for
comparing minimum outcomes is:

choose safe if (xmin,safe − xmin,risky)≥ .10 · xmax

choose risky if (xmin,risky − xmin,safe)≥ .10 · xmax

check next feature otherwise
. (4)

Similarly, the decision rule for comparing the minimum out-
come probabilities is:

choose safe if (pmin,risky − pmin,safe)≥ .10
choose risky if (pmin,safe − pmin,risky)≥ .10
check next feature otherwise

. (5)

Note that the goal above is to minimize the probability of
the worst outcome. Finally, the decision rule for comparing
maximum outcomes is:

choose safe if xmax,safe > xmax,risky

choose risky if xmax,risky > xmax,safe

guess with equal probability otherwise
. (6)

To see how the PH works, consider the following choice
between a risky option R = (10, .50;−10, .50) and a safe op-
tion S = (0,1). After substituting the relevant values into
Equations 1 and 3, we obtain xmin,risky = −10, xmin,safe = 0,
and xmax = 10. The PH predicts that one should select the
safe option based on the minimum outcomes because

0− (−10)≥ .10 ·10
10 ≥ 1.

It should be noted that in its current formulation the PH
cannot account for DI, owing to the fact that the decision pro-
cess does not vary with experimental condition. Next, we turn
to a proposed solution for producing DI with the PH, which
entails a modification to the valuation process while main-
taining its core decision logic.

Extending the Priority Heuristic
In this section, we explain how the PH can be extended to
account for DI in the two-stage decision making task using
reference point dependent valuation. This concept formed
the basis for an extension of prospect theory called the R
model, which was used to account for DI (Barkan & Buse-
meyer, 2003) and similar effects (Tversky & Shafir, 1992). As
the name implies, reference point dependent valuation allows
one to compare options using a reference point that depends
on experimental condition.

Reference point dependent valuation works as follows: In
the planned decision condition, the risky option S2 and the
safe option R2 are evaluated without consideration of the hy-
pothetical outcome xi in the first stage. Consequentially, the
valuations of the outcomes are {xG,xL} for R2, and {0} for
S2. By contrast, in the final decision condition, the realized
outcome xi from the first stage is incorporated into the valu-
ation of the options, producing {xi + xG,xi + xL} for R2, and
{xi} for S2. One rationale for omitting the hypothetical out-
come in the planned decision condition is that it may have
lower salience or emotional impact compared to experienced
outcomes, causing the decision maker to completely discount
the hypothetical outcome. Henceforth, we will refer to this
extension as the reference-point priority heuristic (RPPH).
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Figure 2: Predictions of the reference point priority heuristic
(RPPH) in each condition. Notes: Actions are color coded as
black: select safe option, green: select risky option. Orange
dots represent gamble outcomes used in (Barkan & Buse-
meyer, 2003).

Predictions

The predictions of the RPPH can be obtained by substitut-
ing the reference point dependent values into Equations 1, 2,
and 3, and substituting the resulting values into the decision
rules defined in Equations 4, 5, and 6. After some algebraic
manipulation, the predictions for each latent, feature compar-
ison stage can be represented as a system of linear inequal-
ities within xG × xL stimulus space. The choice predictions
for observed decisions are defined by the union of the regions
across the latent feature comparison stages.

The qualitative predictions for DI can be gleaned by com-
paring the planned decisions to the final decisions in Figure 2.
One key insight is that the RPPH can produce DI in some re-
gions of the prediction space. When the first stage outcome
is a gain xG, the RPPH predicts DI for a narrow band located
at the top right of the prediction space. By contrast, when
the first stage outcome is a loss xL, the RPPH predicts DI in
a much larger region, defined by |xL| ≥ xG. For the gambles
used in Barkan & Busemeyer (2003), the RPPH does not pre-
dict DI for outcome xG. Instead, it predicts that people will
select the safe option for both planned and final decisions.
However, for three of nine gambles, the RPPH does predict
DI when the first stage outcome is xL, such that people shift
from the safe option in the planned condition to the risky op-
tion in the final decision. In the remaining gambles, the RPPH
predicts the selection of the safe option for the planned and
final decision.

True and Error Model Analysis
One challenge in evaluating the RPPH lack of error model to
account for various sources of stochastic behavior, including
lapses in attention, misreading information, and selecting the
incorrect response key. Defining an error model is important
for two reasons: (1) human behavior is inherently stochastic,
and (2) standard statistical tests may yield misleading results
because they do not properly account for true preferences and
errors (Birnbaum, 2023).

We used a True and Error Model (TEM; Birnbaum, 2023)
to disentangle true preferences from errors while making
minimal assumptions about the error distribution. The two-
stage decision task in Barkan & Busemeyer (2003) meets the
following requirements of TEM: (1) using two choice sets
(e.g., planned vs. final decision), and (2) repeating each
choice set at least twice. For each unique group of four
choice sets, the set of possible responses consists of 24 =
16 tuples: {(Rp,1,R f ,1,Rp,2,R f ,2), . . . ,(Sp,1,S f ,1,Sp,2,S f ,2)},
where S and R indicate the selection of the safe and risky gam-
bles, respectively, sub-scripts p, and f index planned and final
decision conditions, and the second subscripts index replica-
tion. A TEM can be conceptualized as a multinomial pro-
cessing tree, consisting of nodes for true preference states
and error states, and branches which represent transitions be-
tween nodes, each occurring with some probability. This tree
like structure defines multiple pathways to a response, each
traversing through between different true preference states
and error states. In the TEM, the true preference state space is
defined by {(Rp,R f ),(Rp,S f ),(Sp,R f ),(Sp,S f )}, and param-
eters pRpRf , pRpSf , pSpRf , pSpSf represent the joint probability
distribution over true preference states. In addition, the TEM
has four error parameters: εRp ,εR f ,εSp ,εS f ≤ .50, where, for
example, εRp is the probability of erroneously selecting R
given a true preference for S in the planned decision condi-
tion.

Consider a person who selects R in both choice sets and
both replicates: (Rp,1,R f ,1,Rp,2,R f ,2). This response pat-
tern could have been generated by any of the four prefer-
ence states, each with a different error pattern, i.e., path in
the tree. For example, the path probability for preference
state (Rp,R f ) is pRpRf · (1− εSp)

2 · (1− εS f )
2. The paths for

the other three preference states can be defined using similar
logic. All four paths sum to produce the marginal probability
of the example response pattern above.

Results
We used Bayes factors to test the predictions of RPPH. A
Bayes factor is the ratio of marginal likelihoods between two
competing models, Mi and M j:

BFi, j =
f (Y | Mi)

f (Y | M j)
, (7)

where f is a probability density function, Y = [y1,y2, . . . ,yn]
is a vector of data, and the marginal likelihood of Mi is given
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by:

f (Y | Mi) =
∫

θ∈Θi

f (Y | θ,Mi)π(θ | Mi)dθ, (8)

where π is the prior density over parameter vector θ ∈ Θi, and
Θi is the parameter space for Mi. The Bayes factor can be in-
terpreted as the relative probability of the data under Mi vs.
under M j. Alternatively, it can be interpreted as the factor by
which prior model odds must be updated to obtain the poste-
rior model odds. Bayes factors have two attractive features:
(1) they naturally account for various sources of model flex-
ibility, including functional form and dimensionality, and (2)
they can be used even when there is disagreement over the
prior model odds.

Table 1: A comparison of the predictions for the RPPH and
data for each gamble from Barkan & Busemeyer (2003).
Columns xG and xL correspond to possible gains and losses
of each gamble. Outcome refers to the experienced outcome
from stage 1. Predictions are listed under RPPH, where S =
select safe option, R = select risky option, and the positions
within each pair correspond to planned decision and final de-
cision, respectively. Bayes factors compare RPPH relative to
true and error model with a small DI effect.

xG xL Outcome RPPH log10(BF)

200 -200 xG SS -12
120 -100 xG SS -27
180 -200 xG SS -15
200 -120 xG SS -30
200 -220 xG SS -16
200 -100 xG SS -36
140 -100 xG SS -24
200 -140 xG SS -18
200 -100 xL SS NA
160 -140 xL SS -17
180 -100 xL SS -36
100 -120 xL SR -8
200 -160 xL SS -28
160 -100 xL SS -25
200 -180 xL SS -21
80 -100 xL SR -16
100 -100 xL SR -15

We compared MRPPH to an alternative model, MDI, which
predicts a small DI effect. The prior distributions for this
model are p ∼ Dirichlet([5,1,1,5]) for preference state prob-
abilities and ε ∼ uniform(0, .50) for error probabilities. The
priors for MRPPH are the same as MDI, except constraints are
imposed on p based on trial specific predictions. As an ex-
ample, consider the gamble listed in the first row of Table 1
where the predicted preference is for the safe option in both
conditions. Thus, the parameter pSpSf = 1, with the remaining
preference state probabilities set to zero. Hence, any devia-
tion from selecting only the safe option must be attributed
exclusively to error.

Table 1 shows Bayes factors comparing MRPPH to MDI in
log10 units. A positive value indicates support for MRPPH,
whereas a negative value indicates support for MDI. A value
of zero indicates both models are equally supported by the
data. Across the different gambles, the log10 Bayes fac-
tors are strongly negative, providing clear evidence against
MRPPH. One potential issue with Bayes factors is that
they can be sensitive to the choice of priors over parame-
ters. As a robustness check, we compared to an alterna-
tive with a uniform prior over true preference states: p ∼
Dirichlet([1,1,1,1]), but the results were qualitatively simi-
lar.

Figure 3: Posterior predictive distributions of MRPPH for
gamble 2 in Table 1. Response patterns are labeled on the
x-axis, and data are represented by black solid dots.

To understand why MRPPH performed poorly, we com-
pared the data to its posterior predictive distribution. Figure 3
provides a representative example in which the predictions
were approximately uniform, and failed to account for several
aspects of the empirical data. For example, it underestimated
subjects’ tendency to consistently select R or consistently se-
lect S .

Discussion
In this research, we extended the PH to a two-stage decision
making task to evaluate its generalizability to more complex
decisions. In service of this goal, we incorporated a previ-
ously reported reference point dependent valuation process
into the PH to account for DI, while maintaining the core de-
cision logic of the PH. We termed the resulting model the
RPPH. Our analysis of the RPPH revealed that it predicts
DI under some conditions, including those in the experimen-
tal design used to test the RPPH (see Barkan & Busemeyer,
2003). Examination of the RPPH’s prediction space shows
that it predicts DI under more conditions when the first stage
outcome is a loss (xL).

Although the RPPH can produce DI in principle, its pre-
dictions were frequently at odds with the choice patterns ob-
served in the experiment conducted by Barkan & Busemeyer
(2003). We evaluated RPPH using a TEM to distinguish true
preferences from a errors, using minimal assumptions regard-
ing the source and distribution of errors. Nonetheless, the
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discrepancy between the data and the model predictions were
quite large. In many cases, the RHHP predicted a preference
for the safe options, but subjects selected the risky option at a
might higher rate than could be explained by high error prob-
abilities.

Limitations
Several limitations and caveats are worth noting. Although
we did not alter the decision logic of the PH when extend-
ing it to the two-stage decision task, we introduced a refer-
ence point dependent valuation process which is not part of its
core theory. A different mechanism might yield more accu-
rate predictions. Here, we opted for a mechanism that seemed
psychologically plausible, and showed some success in prior
research (e.g., Barkan & Busemeyer, 2003). Another consid-
eration is that the PH is only applicable to difficult choices,
commonly defined as options with a ratio of expected val-
ues less than or equal to two. This constraint is satisfied for
final decisions, but the ratio is undefined for planned deci-
sion because the expected value of one option is zero. One
could argue that ratio of expected values is problematic be-
cause its not defined when one expected value is zero, and
it does not consider the variance of the payoff distributions.
When considering E(R )−E(S)√

Var(R )+Var(S)
as alternative measure of

decision difficulty, the choice sets used in Table 1 have a low
signal-to-noise ratio, indicating high decision difficulty.

A critic could also argue that the RPPH is overly restric-
tive because it does not allow individual differences in var-
ious aspects of the model, such as aspiration levels. In fu-
ture work, researchers could examine a more flexible variant
to the RPPH based on the stochastic PH (Rieskamp, 2008),
which relaxes the assumptions that aspiration levels and fea-
ture evaluation order are fixed.

Conclusion
The question of which features people consider during deci-
sion making, and how—if at all—they might be integrated
into a singular summary value (e.g., expected value) has long
intrigued researchers and spurred theoretical debate (e.g.,
Gigerenzer & Todd, 1999; Birnbaum, 2008a; Brandstätter et
al., 2008; Glöckner & Betsch, 2008). In our contribution to
this debate, we assessed the ability of the PH to generalize to
a more complex decision task compared to simpler decision
tasks used in previous research. With some caveats, our find-
ings cast doubt on the non-compensatory decision processes
specified by the PH, and add to a list of challenges to the PH.
Our research provides an entry point for future research to
analyze the PH in more complex tasks and attempt to reach
stronger conclusions.
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Abstract

Although prediction markets can be used as a forecasting tool,
concerns regarding their susceptibility to various forms of
price manipulation have limited their application. Using agent-
based modeling, we investigate the effectiveness of two price
manipulation strategies under a wide range of conditions: (1) a
bad actor who inflates the market price with high bids, and (2)
the spread of disinformation among market participants. Our
results indicate that a bad actor can exert a wide range of price
manipulation effects, depending on budget constraints and how
quickly other agents can clear inflated bids. However, the equi-
librium price was reestablished by the end of the trading period
in most cases. Our results indicate that a social network with
a power law degree distribution efficiently spreads disinforma-
tion. Disinformation could have a persistent effect unless it
creates an incentive for new agents to enter the market or fact
verification is not costly. We conclude with a discussion of
limitations.
Keywords: disinformation; prediction markets; forecasting;
decision-making; agent-based modeling

Introduction
A prediction market (PM) is a forecasting tool which lever-
ages the profit motive to distill heterogeneous knowledge dis-
tributed across a large number of individuals into a market
price. Importantly, the market price is often interpreted as a
crowd-sourced probability estimate of a future event (Wolfers
& Zitzewitz, 2006). In a PM, much like a stock market,
participants buy and sell shares. However, a key difference
compared to a stock market is that a share represents a con-
tract that pays 1 dollar if a future event occurs and nothing
otherwise. PMs can be used to forecast a wide variety of
events, including geopolitics, sporting outcomes, and project
deadlines—provided that the events are well-defined (e.g.,
Page & Clemen, 2013).

Generally speaking, PMs are useful—albeit imperfect—
forecasting tools. For U.S. elections between 1988 and 2004,
PMs were more accurate than polling over extended time
horizons (Berg et al., 2008). Page & Clemen (2013) exam-
ined the calibration of PMs for a wide variety of elections and
sporting events, and found evidence for the favorite-longshot
bias, defined as the tendency for low probability events to be
over-priced and high probability events to be under-priced.
However, as the time horizon shortened, this bias gradually
diminished. Some evidence indicates that combining PMs
with de-biased individual judgments leads to some improve-
ment in accuracy, suggesting PMs do not aggregate informa-
tion in a completely efficient manner (Dana et al., 2019).

Although PMs show promise as forecasting tools, concern
regarding their susceptibility to manipulation has limited their
adoption to some degree (e.g., Wolfers & Zitzewitz, 2004).

One concern is that price manipulation could sabotage de-
cision makers or policy makers who incorporate PMs into
their decision-making process. In elections, price manipu-
lation could amplify a potential bandwagon effect, whereby
voters increase their support for a candidate who appears to
be favored to win (see Morton et al., 2015, for an example in-
volving exit polls). Even the perceived risk of manipulation—
whether founded or not—could undermine trust in an other-
wise useful forecasting tool.

One strategy for price manipulation involves a well-funded
bad actor who purchases a large quantities of shares above
or below the market price depending on the desired ef-
fect. A common argument for the robustness of PMs against
this form of manipulation is that they have several built-in
safeguards—namely, price manipulation is costly for the ma-
nipulator, knowledge is decentralized, and price manipula-
tion creates an opportunity for informed individuals to ex-
ploit a mis-priced asset (e.g., Hayek, 1945). The empirical
evidence for price manipulation in PMs is somewhat mixed.
Evidence of successful price manipulation was found in a PM
for a Berlin state election (Hansen et al., 2004). However, a
manipulation attempt in horse race betting failed to have a
discernible effect on prices (Camerer, 1998). In a PM ex-
periment investigating price manipulation, a subset of partic-
ipants were given an additional incentive to increase the mar-
ket price (Hanson et al., 2006). Participants were unaware
of who had the additional incentive, but the presence and di-
rection of the incentive was disclosed. No evidence of price
manipulation was found under these conditions. One remain-
ing question is whether the manipulation attempt would have
been effective if participants were not informed of the incen-
tive and its likely effect on price. In a PM experiment where
manipulators knew the true price and were paid based on the
amount of money forecasters incorrectly invested, Deck et al.
(2013) found evidence of successful price manipulation.

Another price manipulation strategy is to indirectly influ-
ence prices using disinformation designed to bias individ-
ual beliefs in a desired direction. In principle, disinforma-
tion could have pervasive effects for two reasons. One rea-
son is that disinformation has a natural tendency to propa-
gate through social networks, thus extending the reach of its
effect. Moreover, social media could signal boost disinfor-
mation and reinforce its message with echo chambers. An-
other reason is that prior research has found that the effect
of mis/disinformation can be resistant to corrective informa-
tion, a phenomenon known as the continued influence effect
(Johnson & Seifert, 1994). To the best of our knowledge, little
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research has investigated the potential role of misinformation
in PMs.

Overall, the evidence for price manipulation in PMs does
not paint a clear story, leaving the boundary conditions and
magnitude of price manipulation poorly understood. We be-
lieve that agent-based modeling can play an important role
in elucidating these questions and spurring future empirical
research. Agent-based modeling allows one to develop a
large computational testbed for investigating price manipu-
lation under a wide range of assumptions pertaining to ma-
nipulation strategy, decision making, and mitigation strategy.
This approach has two advantages: (1) it allows one to ex-
amine the robustness of PMs to price manipulation under al-
ternative assumptions, and (2) it sharpens research questions
and serves as a guide for developing informative experiments.
For these reasons, we employ agent-based modeling to under-
stand the two price manipulation strategies described above.
In the first simulation, we investigate how the budget of a sin-
gle manipulator and the trading rate of other agents affects
price manipulation. In the second simulation, we investigate
how the strength of disinformation and interconnectedness of
a social network affects price manipulation.

Simulation 1: Price Manipulation
Our goal in Simulation 1 is to investigate how two factors af-
fect a bad actor’s ability to manipulate prices: (1) the size of
the bad actor’s budget, and (2) the rate at which other agents
sell inflated shares. Our general expectation is that increas-
ing the bad actor’s budget will allow it to inflate the price for
a longer duration, and increasing the trade rate of the other
agents will mitigate price manipulation. Going beyond these
qualitative relationships, we will use agent-based modeling
to elucidate the magnitude of price manipulation effects. In
this simulation, we introduce two types of agents: a set of
standard agents who trade shares based on their subjective
beliefs, and a single manipulator agent, who expends its en-
tire budget in attempt to inflate the market price. In what
follows, we describe the mechanics of the PM, and the rules
governing the decision making of both agent types.

Prediction Market
We used a continuous double auction PM whereby orders for
bids and asks are tabulated in an order book which is visi-
ble to all participating agents. As detailed below, a transac-
tion occurs when an equilibrium is achieved (e.g., bid and ask
match). Non-matching orders remain in the order book until
a match is found. In the PM, agents trade shares represent-
ing a payment contract for the occurrence of a future binary
event x ∈ {e, ē}, where e is an event (e.g., Federal Reserve
will raise interest rates) and ē is the complementary event
(e.g., Federal reserve does not raise interest rates). A share for
event x pays 1 dollar if x occurs and 0 dollars otherwise. If an
agent purchases a share for event x at the price of sx ∈ [0,1],
the net payout is 1− sx if x occurs and −sx otherwise. At
time t, the market price is px,t ∈ [0,1], which represents a dy-
namic, crowd-sourced probability estimate for the occurrence

of event x.
In what follows, we provide a detailed explanation of trans-

action conditions governing trade activity in the PM. First,
define be and ae as the bid price and ask price for event e,
respectively. For binary events, a bid (ask) is equivalent to 1
minus an ask (bid) for the complementary event: be = 1−aē.
Given these definitions, a transaction occurs under three con-
ditions: (1) if bi,e = ak,e, agent i pays agent k ̸= i the amount
of bi,e in exchange for one share; (2) if bi,e +bk,ē = 1, a share
for e is created and given to agent i for the amount of bi,e, and
likewise a share for ē is created and given to agent k for the
amount of bk,ē; and (3) if ai,e + ak,ē = 1, agent i receives ai,e
and relinquishes 1 share for event e, and agent k receives ak,ē
and relinquishes 1 share for event ē.

Standard Agents
Standard agents buy and sell shares in the PM using simple
rules based on their subjective probability estimates. When
making a bid, the agent considers the best current offer, which
is the minimum ask price. If the minimum ask will yield a
positive expected net payoff, the agent accepts it. Otherwise,
the agent submits to the order book a random bid less than its
subjective probability. To explain the bid rule more precisely,
we define jk,x as agent k’s subjective probability of event x,
and the random variable Vx as the net payoff of a share for
event x purchased for sx. Thus, the subjective expected value
of a share is given by E[Vx] = jk,x · [1− sx]− [1− jk,x] · sx =
jk,x − sx, which is positive if sx < jk,x. With these terms de-
fined, the bid rule is given formally by:{

bk,x = amin,x amin,x < jx,k
bk,x ∼ D(max(0, jk,x −δ),max(0, jk,x − .01)) Otherwise

,

where amin,x is the minimum ask in the order book, and D
is a discrete uniform distribution with increments of .01, and
δ ∈ {.01, .02, . . . ,(1− jk,x)} defines the variability in the bid
or ask price.

When determining the ask price, a standard agent compares
two options: (1) the subjective expected value of keeping its
highest priced share, and (2) selling that share for the max-
imum bid price in the order book. The expected value of
keeping the max priced share is E[Vk,max,x], and the net payoff
for selling it at the maximum bid price is the difference be-
tween the maximum bid and the purchase price of the share:
bmax,x − sk,max,x. Letting z = (bmax,x − sk,max,x)−E[Vk,max,x],
the rule is defined as:{

ak,x = bmax,x z > 0
ak,x ∼ D(min(1, jk,x)+ .01),min(1, jk,x +δ)) Otherwise

.

A standard agent k submits an order for a bid or ask with
equal probability if its money reserve is positive and it owns
at least one share. If it owns shares, but has no money in
reserve, it submits an order for an ask. Otherwise, it submits
an order for a bid.
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Manipulator
Unlike standard agents, the goal of the manipulator agent is
to inflate the market price by purchasing as many shares as
possible at the maximum possible price. This process pro-
ceeds first by purchasing as many asks as possible in the order
book. Next, with its remaining budget, the manipulator agent
submits as many bids as possible for 1 dollar. Under most
conditions, this will cause the market price to quickly esca-
late to 1 dollar. Additionally, the manipulator holds its shares
in an effort to prolong the duration of the price manipulation.

Design Parameters
Simulation 1 consisted of 500 standard agents, each initial-
ized with a budget of 30 dollars. Each standard agent submit-
ted an order (bid or ask) once per day throughout a trading
period of 50 days. Standard agents submitted orders in a dif-
ferent random sequential order each day. Additionally, each
standard agent removed all of its outstanding orders from the
order book before submitting a new order. On day 5, the ma-
nipulator expended its budget to purchase all asks in the order
book and used any remaining budget to submit as many bids
as possible for 1 dollar each.

For each standard agent k, a subjective probability was
sampled from a beta distribution as follows: jk,e ∼ beta(µ ·
η,(1−µ) ·η), using µ = .30 as the expected subjective prob-
ability across standard agents and η = 20 as the precision
parameter. Additionally, we set the bid/ask range parameter
to δ = .03. We systematically varied the budget of the ma-
nipulator as a percentage of the total budget across standard
agents ($30 · 500 = $15,000), and the trade rate, defined as
the maximum number of shares each standard agent can buy
or sell each day (subject to budget constraints). Accordingly,
the ratio of these quantities determines the duration of a price
manipulation. The manipulator’s budget % ranged from from
0% to 50% in increments of 5%, and the trade rate ranged
from 2 to 20 in increments of 2.

On each model run, we quantified the degree of price
manipulation with two metrics: (1) the overall effect
of price manipulation using the root mean squared error
(RMSE) between µ and market prices across time: RMSE =√

1
T ∑

T
t=1 (µ− pe,t)

2, and (2) the effect of price manipulation
on the final price using RMSE evaluated at time T . For
µ = .30, the theoretical range of RMSE is [0, .70]. We re-
peated the model simulation 10 times for each combination
of manipulator budget % and trade rate, and averaged both
metrics across repetitions.

Simulation Results
Figure 1 illustrates price manipulation for a single simula-
tion of the model using a manipulator budget percentage of
5% and a trade rate of 1. As expected, the price begins at
approximately µ = .30 before spiking to 1 when the manip-
ulator expends its budget to inflate the market price. After a
brief interval, the standard agents purchase the all of the in-
flated shares, causing the market price to converge back to the

equilibrium.
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Figure 1: An example model run illustrating a transient ma-
nipulation of the market price based on a manipulator who
has a budget of 5% of the total budget of the standard agents
and a trade rate of 1. Market prices are down sampled to final
daily price.

Figure 2 quantifies the magnitude of price manipulation
across all combinations of manipulator budget % and trade
rate for all prices (top) and final prices (bottom). In the top
contour plot, it is clear that both variables have the expected
effect: increasing the manipulator’s budget % generally leads
to stronger price manipulation, whereas increasing the trade
rate decreases the effect of price manipulation as it allows
standard agents to more quickly restore the equilibrium price.

Figure 2: Contour plots showing the effect of the manipu-
lator’s budget % and trade rate on all prices and final price,
respectively.

The bottom contour plot in Figure 2 shows the effect of
manipulator budget % and trade rate on the manipulation of
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the final price. Across most of the space, the RMSE is low, in-
dicating that the price manipulation is resolved in most cases
by the end of the trading period. However, RMSE is high in
the top left quadrant because the standard agents are unable
to eliminate the inflated bids within the allotted time (or bud-
get). Within the large space where RMSE is low, there is a
small increase in RMSE associated with higher trade rates.
We analyzed trade volume dynamics to understand this ef-
fect. Our analysis revealed that high levels of trade rate lead
to decreased liquidity towards the last part of the trade period,
which, in turn, introduced some bias into the market price.

Discussion
Simulation 1 investigated how budget size and trade rate af-
fects the ability of a manipulator to inflate the market price.
Our results indicate that a manipulator with a large budget can
induce a persistent spike in market price with the duration de-
pending critically upon the trade rate. Assuming the inflated
bids are attractive and spur increased trade, one might expect
the magnitude of price manipulation to be small to moderate.
Under most conditions examined, the market equilibrium was
reestablished by the end of the trading period. Nonetheless,
price manipulation, even if transient, can diminish the pre-
diction time horizon of a PM. In summary, we found that ma-
nipulation can have a wide range of impacts on market price,
depending on budget constraints and how quickly the market
can respond to a manipulation attempt.

Simulation 2: The Effect of Disinformation
Our goal in Simulation 2 was to investigate the how disinfor-
mation can be used as a price manipulation strategy. In this
simulation, we investigated the role of two key factors: (1) the
degree to which disinformation changes the beliefs of agents
(i.e., its persuasiveness), and (2) the interconnectedness of the
social network in which the agents are embedded. In general,
we expect more effective disinformation messaging will lead
to greater distortion of market price, and increasing the in-
terconnectedness of social networks to allow disinformation
to spread more quickly and to a greater number of agents,
thereby leading to greater price manipulation.

Belief Updating
In simulation 2, agents are identical to the standard agent
described in the previous simulation, with two exceptions:
(1) each agent can share disinformation with agents con-
nected in its social network, and (2) an agent’s beliefs are
updated upon initially encountering disinformation. We rep-
resent the agent’s beliefs in log odds space using a logistic
equation. Let βk,e = log

(
jk,e

1− jk,e

)
be agent k’s initial belief in

log odds, yk be an indicator variable which assumes a value
of 1 if agent k has encountered disinformation, and is 0 oth-
erwise. Let γ represent the increase in log odds that event e
will occur upon encountering disinformation. Putting these
terms together, the beliefs of agent k log odds is defined as:
LOk,e = βk,e + yk · γ, which can be transformed back to prob-
abilities via 1

1+exp(−LO) .

Network Structure
Agents are embedded in a social network through which dis-
information can spread among neighboring (i.e., connected)
agents. An important property in terms of disinformation
spread is the degree distribution of a social network, which
characterizes the extent to which agents are interconnected.
We used the Barabási–Albert model to generate a social net-
work, as it approximates many networks found in nature, in-
cluding power grids, acquaintances among actors, and hyper-
links between web pages (Barabási & Albert, 1999). The
Barabási–Albert model generates social networks with a de-
gree distribution that follows a power-law: P(z) ∝ z−α, where
z is the number of neighbors an agent has, and P is the proba-
bility mass function (Barabási & Albert, 1999). A power-law
distribution is positively skewed such that a few agents have
connections to many agents, and many agents have connec-
tions only to a few agents (Barabási & Albert, 1999). An im-
portant parameter of the Barabási–Albert model is the num-
ber of agents added to the network at each step, which we call
the growth factor. When the growth factor increases, the so-
cial network becomes more densely interconnected, allowing
disinformation to spread more easily. The power-law degree
distribution is maintained under different values of growth
factor; hence, the degree distribution is scale-invariant.

Design Parameters
In this simulation, 500 agents were initialized with a bud-
get of 30 dollars each and submitted orders once per day for
a trading period of 50 days. Agents made their decisions
sequentially in a different randomized order each day, and
the PM operated according to the description in Simulation
1. Each agent’s subjective probability was sampled from the
same beta distribution used in Simulation 1, and the bid/ask
range parameter was set to δ = .03.

On day five, a set of five randomly selected agents were
given disinformation, which increased their belief that the
event e would occur. After trading on each subsequent day,
agents interacted with each of their neighbors one at a time.
During each interaction, there was a 5% chance that an agent
who had disinformation would share it with its neighbor. If
the neighbor received disinformation during the interaction,
it could share the disinformation with its neighbors.

We systematically varied the growth factor between 1 and
10 in increments of 1, and the strength of the disinformation
γ between 0 and 3 in increments of .25. For each combination
of growth factor and disinformation strength, we repeated the
simulation 20 times and quantified the effect on market price
via RMSE averaged across repetitions as described in Simu-
lation 1.

Results
Figure 3 shows the market price across time for a single run
of the simulation. At the beginning, the market price varies
around µ = .30. After disinformation is introduced into the
social network on day five, it spreads gradually from agent to
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agent, increasing the price until the it reaches an asymptote
of .75 around day 15.

Figure 4 shows the effect of growth factor and disinforma-
tion strength γ on all market prices (top) and the final market
price (bottom). In the top contour plot, RMSE for all prices
changes as a function of both growth factor and γ. In general,
increasing the growth factor increases RMSE because disin-
formation propagates through the social network more easily.
However, the effect of growth factor depends on γ, When γ is
low, the effect of growth factor is small. By contrast, when
γ is high, growth factor has a negatively accelerated effect on
RMSE where the increase is initially fast, but becomes pro-
gressively slower with larger values of growth factor.
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Figure 3: An example model run illustrating the effect of dis-
information for disinformation strength γ = 2 and a growth
factor of five. Market prices are down sampled to final daily
price.

The contour plot at the bottom of Figure 4 shows the effect
of growth factor and disinformation strength γ on final market
prices. The results are qualitatively similar to those for all
prices, with two notable differences. First, growth factor has
a more immediate affect, reaching an asymptote around 2 or
3. Second, RMSE for final prices tends to be larger compared
to all prices due to the fact that disinformation has a sustained
effect on market prices.

Discussion
Simulation 2 explored the effect of disinformation strength,
and the growth factor on price manipulation. Not surpris-
ingly, strength of disinformation had a large effect on manip-
ulating market prices. However, the effect of growth factor
was less obvious a priori. Increasing the growth factor had
the expected effect of greater price manipulation, but the ef-
fect of increasing growth factor diminished quickly around
4 or 5. This suggests that disinformation can spread effi-
ciently in a social network with a power-law degree distri-
bution, likely because there are multiple pathways for disin-
formation to reach an agent with a large number of neighbors
and serve as a hub for disinformation.

General Discussion
Prior empirical research investigating price manipulation in
PMs has yielded mixed results, suggesting that successful

Figure 4: Contour plots showing the effect of growth factor
and disinformation strength γ on all prices and final price,
respectively.

price manipulation may depend upon poorly understood fac-
tors. One approach to understand the sensitivity of PMs to
price manipulation is to develop a computational testbed in
which a wide range of assumptions regarding manipulation
strategy and decision making can be investigated. Using this
approach, we investigated the efficacy of two methods of
price manipulation across a wide range of conditions using
agent-based modeling: (1) a single bad actor who inflates the
market price by purchasing a large quantity of shares at a high
price, and (2) spreading disinformation in a social network to
bias subjective beliefs and consequentially inflate the market
price.

Our analysis revealed that a bad actor’s attempt to inflate
the market price depends critically upon budget constraints
and the rate at which other agents can clear the inflated bids
from the order book. Even if the inflated bids incentivize a
higher trade rate, the magnitude of price manipulation could
range from small to moderate. Although an equilibrium was
typically reestablished by the end of the trading period, a
more persistent problem is that price manipulation can dimin-
ish the predictive time horizon of a PM.

Our analysis also revealed that disinformation can spread
efficiently through a social network with a degree distribution
that follows a power-law. This result depended little on the
growth factor, provided that it was at least 4. One reason in-
formation spreads efficiently in such networks is that a small
set of agents serve as a hub to other agents. As a consequence,
there is high chance that a pathway for disinformation exists
between any two agents.
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Limitations
As with any modeling effort, our results may depend on the
assumptions we made. First, in Simulation 1, we assumed
(1) standard agents have precise knowledge of their subjec-
tive probabilities and (2) the manipulator inundated the or-
der book with a large quantity of bids, resulting in an abrupt
and maximal inflation of the market price. Jointly, these two
assumptions allow standard agents to identify that the PM
is mis-priced and to respond quickly. However, if standard
agents instead had a fuzzy or noisy internal representation
of subjective probabilities, and the manipulation attempt was
more subtle (e.g., increasing the market price from .30 to .40),
the price manipulation might be more difficult to detect, and
require more time to resolve. Another assumption we made
in both simulations, is that subjective probabilities are inde-
pendent of the market price. Basing subjective probabilities
in part on the market price would likely diminish the ability
of standard agents to counteract price manipulation.

In Simulation 2, we assumed that disinformation had a
static and enduring effect on subjective probabilities. How-
ever, the effect of disinformation could be more complex and
dynamic due to memory and learning processes: disinforma-
tion could be strengthened each time it is encountered, and
its strength could decay between encounters. We also as-
sumed a closed system with a fixed number of agents. If
additional agents who were insulated from the disinforma-
tion entered the PM, they could partially mitigate its effects.
Another assumption we made was that agents accepted dis-
information without subjecting it to a vetting process. Fact
checking could provide a safeguard against disinformation,
but this would require that the cost of fact checking is suffi-
ciently low. The cost of fact-checking raises another interest-
ing question: would disinformation spread more easily than
factual information given the costs of fact checking and the
incentive to keep profitable information private? Further re-
search is needed to address these questions and test the degree
to which our results are robust to changes in assumptions.

Conclusion
Although PMs have value as forecasting tools, the conditions
under which they can be susceptible to manipulation is not
completely understood and is difficult to study. We used
agent-based modeling to investigate price manipulation under
a variety of conditions. We believe that agent-based modeling
could serve as an effective method for stress testing PMs un-
der a wide variety of manipulation strategies and assumptions
regarding the decision making and underlying psychology of
market participants.
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Abstract
Semantic and co-occurrence memory associations aid the re-
trieval of relevant memory elements from long term memory,
but little is understood about how semantics and co-occurrence
interact in this process. This paper explores the relationship
between these associations via computational memory model-
ing in a Bayesian framework. We assessed the performance
of eleven candidate mechanisms on two linguistic tasks - the
Word Sense Disambiguation task and the Remote Associates
Test. The most successful mechanisms use co-occurrence
associations to modulate semantic associations by removing
from or adding to the context or pool of candidates for re-
trieval, consistent with recent experimental work in memory
retrieval. Although these results are a promising first step
for understanding the relationship between semantic and co-
occurrence associations in memory retrieval, more empirical
human data is needed to validate the proposed interactions be-
tween these associations.
Keywords: Long-term Memory Retrieval; Semantics; Co-
occurrence; Bayesian Memory

1 Introduction
Memory retrieval is a complex process, dependent on factors
including past retrieval history, working memory context, and
associations between elements in long-term memory. These
associations could come from many sources; two common
sources are that of co-occurrence and semantic associations,
which have both been shown to affect memory retrieval. The
effects of semantic and co-occurrence associations have often
been studied separately, both experimentally and with com-
putational modeling (Schatz, Jones, & Laird, 2022; Green-
berg & Verfaellie, 2010). Recent experimental work in psy-
chology and neuroscience, however, suggests that the rela-
tionship between co-occurrence and semantics is also impor-
tant to their role in memory retrieval, though the nature of this
relationship has yet to be fully explored (Manning, Sperling,
Sharan, Rosenberg, & Kahana, 2012; Ferreira, Charest, &
Wimber, 2019; Greenberg & Verfaellie, 2010). For cognitive
modeling in particular, previous computational memory mod-
els have not consistently defined co-occurrence and semantic
retrieval mechanisms, or considered their relationship to be
important to their functionality, despite recent experimental
progress (Chater et al., 2020; Roelke et al., 2018; Hofmann,
Kleemann, Roelke-Wellmann, Vorstius, & Radach, 2022).

In this paper, we investigate the nature of the relationship
between semantics and co-occurrence using Bayesian mem-
ory models. Using computational models, rather than experi-
mental approaches, has the potential to clarify the relationship

between semantics and co-occurrence for human long term
memory retrieval and representations of this process in cogni-
tive models. Computational models enable the exploration of
possible memory retrieval mechanisms in a simplified frame-
work that can be compared to experimental data later on if
necessary. As such, with this work, we explore the space of
potential relationships between semantics and co-occurrence
for long term memory retrieval with the aim of illuminating
psychological features of their relationship and inspiring its
consideration in future computational modeling implementa-
tions and psychological experiments. 1

2 Bayesian Memory Modeling
Co-occurrence and semantics refer to associations between
memory elements that aid and influence long term memory
retrieval. As an example, consider the words “animal”, “rat”,
and “pack”. The words “rat” and “animal” have a semantic
association since rats are animals; on the other hand, “rat”
and “pack” have a co-occurrence association, since they are
more likely to occur together in the compound word, “pack-
rat”. In this paper, we are interested in how the presence of
both “animal” and “pack” together might influence the re-
trieval of “rat”.

We explore this question within a probabilistic Bayesian
approach, commonly used in psychological models to deter-
mine which memory elements to retrieve into working mem-
ory given some immediate context (Tulving & Craik, 2005).
Evidence suggests that human memory is only approximately
Bayesian, since it is subject to error in encoding, storage, and
recall, and is limited to only the biased group of experiences
we’ve encountered (Chater et al., 2020). Nonetheless, in the
idealized case, the memory retrieved m is one from the set of
viable retrieval candidates M with the highest posterior prob-
ability given some working memory context C; that is,

argmax
m2M

P(m|C) = argmax
m2M

P(C|m)P(m)

P(C)

P(m) and P(C) do not depend on the relationship between
co-occurrence and semantics, and thus we are primarily in-
terested in the likelihood P(C|m), which is defined differ-

1The code for this paper is available at
https://github.com/Lily-Gebhart/Exploring-Integrated-Mechanisms
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ently for retrieval mechanisms such as semantics and co-
occurrence.

For semantic retrieval, P(C|m) is calculated based on
spreading activation and base-level activation, which has been
shown to reflect a Bayesian estimate of need odds (Anderson
& Milson, 1989; Anderson & Schooler, 1991). Our SEMAN-
TIC retrieval agent implements this mechanism over task-
specific semantic networks. When a memory element is re-
trieved, it is activated, with additional diminished activation
spreading throughout the connections of a semantic network,
beginning with neighbors of the retrieved memory element
(Thomson & Lebiere, 2013; Taatgen, Lebiere, & Anderson,
2006). Spreading activation is defined as

P(C|m) µ actm =
n

Â
k=1

1
2dist(m,k) t�d

k

where the activation for the memory element of interest m is
the sum of the spreading activation it has received previously
from each of the n memory elements k, with dist(m,k) the
distance between memory elements m and k in the seman-
tic network, tk the time since the spreading activation from k
occurred, and d a time decay term.

For co-occurrence, P(C|m) is extracted from the statisti-
cal co-occurrence of words or concepts in natural language,
approximated through sources such as the Google Books
ngrams database (Michel et al., 2011) and SemCor corpus
(Miller, Leacock, Tengi, & Bunker, 1993). We make the sim-
plifying assumption that the co-occurrence probabilities be-
tween each candidate memory element mi and each context
memory element c j in the current working memory context C
are independent, meaning that the likelihood is the product of
all P(mi|c j) probabilities. This mechanism is the basis of our
CO-OCCURRENCE agent that uses task-specific statistics.

3 Integrated Mechanisms
While the likelihood term is well defined for semantics and
co-occurrence associations separately, we are interested in the
question of how it might be defined when both associations
are involved. In Table 1 below, we define eleven candidate
mechanisms that explore the relationships between the se-
mantic and co-occurrence associations. These mechanisms
can be organized into four categories based on the nature of
the psychological relationships they capture, with the goal of
exploring the space of potential psychological relationships
between these associations.

Two of the mechanisms assume that semantics and co-
occurrence are Independent in the memory retrieval process,
and combine their respective probabilities accordingly. Since
semantics and co-occurrence have been primarily studied in
isolation from each other in the literature (Greenberg & Ver-
faellie, 2010), our proposed mechanisms make the simplify-
ing assumption that they are derived from different sources
with separate roles in memory retrieval. Two other mecha-
nisms also consider semantic and co-occurrence information
as probabilities, but determine retrieval candidates based on

features of the semantic and co-occurrence probability dis-
tributions, namely their variance and maxima. Intuitively,
higher confidence retrievals will result when the retrieved
candidates have significantly higher retrieval probabilities
than the other viable candidates; these Distribution-Based
mechanisms will then select the result from the mechanism
that has more distinct, or more confident, retrieved candi-
dates.

The remaining categories of mechanisms consider how
semantic associations might modify co-occurrence retrieval
mechanisms or vice versa. Each of these modification affects
different parts of the Bayesian likelihood probability P(C|m)
introduced above. The Probability Modification category
mechanisms use co-occurrence or semantics to directly mod-
ify the retrieval probabilities of semantics or co-occurrence,
respectively. These mechanisms suggest that co-occurrence
and semantic relationships are highly intertwined, and that
the calculation of likelihood depends on both associations at
a deep level. The Context Modification mechanisms add ad-
ditional memory elements to the context for semantics or co-
occurrence, and the Candidate Modification mechanisms add
or remove memory elements from the pool of viable retrieval
candidates. This affects the context C and the retrieval can-
didates M respectively, since altering the number of memory
elements in the context or the number of elements considered
as viable retrieval candidates will affect the result of the over-
all memory retrieval. The intuition behind these mechanisms
is to use one association to either narrow the focus of, or to
fill in missing information from, the other association.

4 Task Descriptions
We evaluate these candidate co-occurrence and semantic re-
lationships with two computational tasks: Word Sense Dis-
ambiguation (WSD) and the Remote Associates Test (RAT).
Both tasks have been used for assessing long term mem-
ory retrieval, especially in computational modeling applica-
tions (Kwong, 2012; Dutta & Basu, 2012; Schatz et al.,
2022; Marko, Michalko, & Riečanskỳ, 2019). We selected
these tasks for exploring and evaluating the different inte-
grated mechanisms because it has been demonstrated that co-
occurrence retrieval mechanisms outperform semantic mech-
anisms on the WSD task (Montoyo, Suárez, Rigau, & Palo-
mar, 2005; Krovetz & Croft, 1992) and semantic mechanisms
outperform co-occurrence mechanisms on the RAT (Schatz et
al., 2022). This tradeoff enables us to explore how different
candidate integrations of semantics and co-occurrence per-
form on co-occurrence and semantics-based retrieval tasks.
Here, we review the rationale for this tradeoff and describe
how we implemented the standard CO-OCCURRENCE and SE-
MANTICS agents for each task.

4.1 Word Sense Disambiguation (WSD) Task
The WSD task asks an agent to identify the sense of a word
given other context words in the sentence. For example,
“pack” in the sentence “The pack of rats were swimming”
could mean either a group of animals or a small container;
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Category Mechanism Description
Independent Joint Probability

(JPR)
The probability distributions of SEMANTICS and CO-OCCURRENCE are assumed to be mathemati-
cally independent, and the product of probabilities corresponding probability elements is taken to
produce a joint probability distribution. This suggests that co-occurrence and semantics are derived
from independent sources and contribute to the retrieval process without additional interactions.

Additive
Probability (APR)

The probability distributions of the SEMANTICS and CO-OCCURRENCE agents for each trial are
added together. This is proportional to the average of the two distributions. Similar to the previous
mechanism, this suggests that the distributions have minimal interaction before they are involved
in memory retrieval and give separate estimates of the probability that is averaged over.

Distribution
Based

Maximum
Probability
(MPR)

One of the results from the standard SEMANTICS or CO-OCCURRENCE mechanisms is used, de-
pending on which has a higher probability. Here, co-occurrence and semantics are not directly
combined, but one mechanism or the other is selected on a per-retrieval basis, based on which has
less uncertainty, as estimated by the maximal probability memory element(s).

Variance-Based
Selector (VBS)

One of the results from the standard SEMANTICS or CO-OCCURRENCE mechanisms is used, de-
pending on which distribution has higher “certainty”. We explored two definitions of certainty: as
the standard deviation of probabilities of the candidates, and as the difference between the highest
and second highest maximal probability memory element(s) in each distribution.

Probability
Modification

Semantics
Boosted
Co-occurrence
(SBC)

If two words are semantically related, their co-occurrence conditional probabilities will receive a
small boost according to some function f : [0,1] ! [0,1]. We explored two such functions, the
sigmoid and square root, for the semantic “boost”. This implies that semantic associations in
memory retrieval further boost existing co-occurrence associations.

Co-occurrence
Weighted
Semantics (CWS)

The edges between memory elements in the semantic network are weighted by conditional co-
occurrence probabilities. This implies that co-occurrence associations in memory retrieval is mod-
ulate the degree to which memory elements are semantically related in the network.

Context
Modification

Semantic
Supplemented
Co-occurrence
(SSC)

Memory elements that are directly semantically related to each of the original context memory
elements are also included as context; with this expanded context, the standard co-occurrence re-
trieval mechanism is used. This suggests that semantic associations are used to supplement the
current working memory context for co-occurrence memory retrieval.

Co-occurrence
Supplemented
Semantics (CSS)

Memory elements that are co-occurrence associations to the original semantic context are also
included as context; this expanded context is activated as part of the standard semantic retrieval
mechanism. Similar to SSC, this suggests that co-occurrence associations are used to supplement
the current working memory context for semantic memory retrieval.

Candidate
Modification

Co-occurrence
Expanded
Semantics (CES)

All co-occurrence associations are incorporated into the semantic network as if they were semantic
associations themselves. This allows spreading to occur over co-occurrence associations as well,
with the implication that co-occurrence associations help define the semantic network structure.

Co-occurrence
Filtered Seman-
tics (CFS)

Associations between memory elements in the semantic network that do not also have a co-
occurrence association are removed, before the standard semantic mechanism is used. This sug-
gests that stored co-occurrence associations filter the semantic network so that only the most rele-
vant semantic associations remain.

Semantic Filtered
Co-occurrence
(SFC)

Co-occurrence associations that are not also semantically associated are removed, before the stan-
dard co-occurrence mechanism is used. This implies that co-occurrence associations between two
memory elements are only maintained if the semantic activation probability between the elements
is above a predefined threshold.

Table 1: Integrated Mechanisms and Agents

deciphering its meaning is crucial to understanding what the
speaker or writer means. Past literature has shown that the
WSD task relies heavily on statistical co-occurrence informa-
tion (Montoyo et al., 2005), making it a meaningful metric for
how candidate integrated mechanisms are able to utilize co-
occurrence information in memory retrieval.

Our implementation of the WSD task uses text from the
SemCor corpus. A subset of WordNet that contain the se-
mantic relations of words in the SemCor corpus were used to
generate the semantic network (Bird, Klein, & Loper, 2009).
We further divided the corpus into six partitions of 5,000 sen-
tences to limit the spreading of activation and make our mod-
els more computationally tractable. We measure task perfor-
mance as the percentage of correct trials averaged over all
partitions. If the agent suggests that n senses are equally

likely and one of them is correct, the agent’s performance is
discounted proportionally as 1

n .

In each trial, the SEMANTICS agent activates all other
words in the sentence at the same time. Spreading activa-
tion then occurs, and the most activated element is used as
the answer. The decay parameter and the spreading activa-
tion depth were kept constant. The SEMANTICS WSD agent
is additionally parameterized by whether how far activation
spreads, and by whether the network activations are cleared
after every trial, cleared after all trials in a sentence, or never
cleared; otherwise, the repeated activation of the words in
each sentence accumulates.

Meanwhile, the CO-OCCURRENCE agent answers using
word with the maximum posterior probability, with a naive
Bayes assumption for all context words. The probabilities
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are learned from the SemCor corpus itself, but we parameter-
ize the agent by either considering the correct senses of the
context words, or only the context words themselves. For ex-
ample, in the sentence, “The pack of rats were swimming”,
the conditional probability for the retrieved sense of “pack”
could be based on co-occurrence with the correct sense of
“rats”, or merely the co-occurrence with the word “rats” re-
gardless of its sense.

4.2 Remote Associates Test (RAT)
In RAT, an agent is provided with three context words and
asked to find a word that relates to all three. For exam-
ple, if given the words “animal”, “back”, and “rat”, the cor-
rect response would be “pack” to form the compound words
“pack animal”, “backpack”, and “pack rat” (Bowden & Jung-
Beeman, 2003). RAT is often used as a test of creativity
and mental acuity in experimental psychology, with relatively
poor human performance due to the limited context given in
the task (Wu, Huang, Chen, & Chen, 2020). As such, it is
also a good test of whether candidate integrated mechanisms
are able to utilize relational, semantic associations, although
many of the solutions to RAT problems also rely on com-
monly co-occurring words.

Our implementation of the RAT uses the 142 question bank
from Bowden and Jung-Beeman (2003), which is frequently
used in both experimental and computational studies. Given
the three context words for each trial, each agent only guesses
once, selecting the candidate target with the maximum prob-
ability or activation as its guess (Schatz et al., 2022). RAT
is a difficult task in general, with performance here further
constrained by the fact that the co-occurrence and semantic
data sources do not contain solutions to every RAT problem.
Therefore, it is reasonable to expect low accuracy on the RAT
in general, regardless of the mechanism.

The SEMANTICS agent uses a semantic network generated
from the South Florida Free Association Norms (SFFAN)
corpus. Since the SFFAN corpus is a large database of human
free association norms, it may contain some co-occurrence re-
lations in addition to semantic relations (Nelson, McEvoy, &
Schreiber, 2004). While prior work have used other seman-
tic networks (Schatz et al., 2022), SFFAN contains many of
the RAT associations in a small network, and therefore is rel-
atively computationally tractable for use in experiments. In
each trial, the agent activates all context words, then uses the
word with the highest resulting activation (that is not also a
context word) as the answer. All activations in the semantic
network were cleared after each trial.

The CO-OCCURRENCE agent uses co-occurrence condi-
tional probabilities from the Google Books English One Mil-
lion dataset, which provides a relatively unbiased, represen-
tative source of co-occurrence probabilities required for the
RAT (Michel et al., 2011). We only use bigrams and not all
n-grams for computational tractability and consistency with
the smaller network sizes used in our implementation of the
WSD task. In each trial, for each candidate answer, its bi-
gram probabilities with all three context words is multiplied

together; the word with the highest joint probability is se-
lected as the trial guess. The task accuracy is computed using
the same methods employed to compute the accuracy on the
WSD.

4.3 Task Baselines
To contextualize the standard SEMANTICS and CO-
OCCURRENCE agents, as well as the integrated agents’
performance on the WSD task and RAT, we compare their
performance to two additional baselines: the ORACLE and
uniform RANDOM agents. The ORACLE is correct if either
of CO-OCCURRENCE or SEMANTICS is correct, thereby
indicating the expected maximum performance considering
only the abilities of the SEMANTICS and CO-OCCURRENCE
agents. It is possible for an integrated agent to perform
better than ORACLE if it is able to find synergy between
co-occurrence and semantic information. The ORACLE is
therefore not necessarily an upper bound on the performance
of integrated agents.

The uniform RANDOM baseline r assesses how well inte-
grated candidates perform relative to chance. For each of n
trials, r = Ân

i=1
1
si

. For the WSD task, si is the number of
valid word senses of each trial and for the RAT task, si is the
number of words that form bigrams with all three trial words;
This si value for the RAT task provides a better comparison
of performance than statically using the size of the SFFAN
network because many of the candidates in the network have
zero probabilities each trial and the candidates with non-zero
probabilities fluctuate between trials.

5 Experiment Results
Figure 1 provides a comparison of the relative performance
of each agent on the WSD and RAT tasks. For simplicity,
for each agent, we only show the results of the most suc-
cessful combination(s) of agent and task parameters. As ex-
pected, there is a tradeoff in the performance of the stan-
dard CO-OCCURRENCE and SEMANTICS agents, with CO-
OCCURRENCE outperforming the SEMANTICS on WSD and
vice versa on RAT, confirming our initial assumptions. These
results and the results of the integrated agents to follow are
further contextualized by the performance of the ORACLE
(WSD: 100%, RAT: 37.3%) and RANDOM baselines (WSD:
37.9%, RAT: 3.1%), representing the maximum anticipated
and chance-level performance on each task.

In general, the results of the integrated agents on either task
are not consistent with the original psychologically-based
framework for organizing the integrated mechanisms. For
each mechanism the retrieval probabilities of all viable re-
trieval candidates for each trial results in a probability distri-
bution; the average variance and ranking of the solution in
each trial distribution for a given agent are used to interpret
the results of each agent on either task. It is relevant to note
that there is a much larger number of candidates with nonzero
probabilities for the RAT compared to the WSD, which con-
tributes to the differences in distribution shape on each task
as discussed below. Additionally, mechanisms perform better
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Figure 1: A performance comparison of the accuracies of the Co-
occurrence, Semantic Spreading, and integrated mechanism candi-
dates on WSD and RAT.

on WSD when the variance of the distribution of their candi-
date retrieval probabilities is higher. Higher variance implies
that distributions are more “peaked”, or that the highest prob-
ability retrieval candidates are significantly more likely to be
the retrieved than the other candidate elements. The same
trend does not hold for RAT.

We will now discuss how the results of each integrated
agent contributes to our understanding of the relationship be-
tween semantics and co-occurrence in facilitating long term
memory retrieval.

The SFC and SSC agents perform poorly on both the WSD
and RAT, indicating that integrating semantic information
into the context or candidate pool of a co-occurrence based
retrieval is ineffective for retrievals that largely rely on co-
occurrence (WSD) or semantic (RAT) information. The poor
performance of SFC can be attributed to the fact that influen-
tial co-occurrence associations that are not also semantic as-
sociations fail to be considered as retrieval candidates. Mean-
while, the SSC agent performs poorly on the WSD and RAT
likely as a result of reduced variance between candidates, or
equivalently, increased ambiguity of which candidate is cor-
rect; increasing the number of memory elements in the con-
text results in a more diffuse retrieval probability distribution,
lessening the likelihood that the ideal candidates will be re-
trieved.

The CSS, CWS, MPR, and APR agents comprise a clus-
ter of mechanisms which perform about the same as CO-
OCCURRENCE on RAT and about the same as SEMANTICS
on WSD. The success of these agents can be attributed to
factors specific to each mechanism including high retrieval
ambiguity for APR, the ineffectiveness of selecting the max-
imum probability element as a proxy for “certainty”, and in-
creased selectivity by weighting and removing semantic net-
work edges by CWS and CSS. Interestingly, though CWS per-
formed more poorly than SEMANTICS on RAT, it does in-

Figure 2: The rankings of the solution to each task trial in CO-
OCCURRENCE, SEMANTICS, and integrated agent distributions is
compared for three integrated agents: CWS, JPR, and CTS. Lines
connect the ranking of the solution in each of the CO-OCCURRENCE,
integrated, and SEMANTICS distributions for a given trial with green
lines indicating that the integrated agent correctly retrieved the solu-
tion element for the task and red lines that it did not.

crease the ranking of the correct retrieval candidate compared
to the CO-OCCURRENCE and SEMANTIC agents (shown in
Figure 2. It is possible that more complex integrations of
co-occurrence retrieval probabilities into determining edge
weights are necessary for more effective retrieval using this
strategy, but such weights were not explored here.

Another cluster of candidates including JPR, SBC, and VBS
performs nearly identically to CO-OCCURRENCE on WSD
and CO-OCCURRENCE on RAT, with JPR performing slightly
better than the other candidates on RAT. As opposed to the
other independent mechanism, APR, which suffers from high
retrieval ambiguity, JPR seems promising as a candidate re-
trieval mechanism. As demonstrated prominently in the RAT
ranking comparison plot in Figure 2, JPR generally ranks the
correct retrieval candidate higher in the distribution, as long
as the solution is both co-occurrently and semantically related
to the context, otherwise it is ranked low in the distribution.
Testing the JPR on different sources of co-occurrence and se-
mantic associations may be useful in gathering more conclu-
sive results on the efficacy of JPR, especially for semantically-
based retrievals.

Finally, the CFS and CES agents perform best out of all
integrated candidates, with performance similar to SEMAN-
TICS on WSD and similar or better than SEMANTICS on
RAT. The performance of CFS suggests that the removal of
non co-occurrence associations from the network maintains
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edges that link context words to the ideal retrieval candi-
dates while removing less relevant connections from the net-
work. However, the random effects the removal of these can-
didates has on the ranking of the solution in each trial sug-
gests that critical edges are also being removed from the net-
work, as shown in Figure 2. Removing edges from the graph
based on the strength rather than the lack of existence of co-
occurrence associations as in the current CFS may prove more
effective in both co-occurrence and semantic based retrievals.
Meanwhile, the exceptional performance of CES, especially
on RAT, may be partially attributed to the inclusion of co-
occurrence relations in the free-association corpora used to
generate the semantic network. Furthermore, by nature of
the corpora used, each word has more co-occurrence asso-
ciations than semantic associations, so the effect may have
resulted from heightened spreading activation in the larger
more interconnected network that resulted. Regardless, these
results suggest that co-occurrence associations are helpful in
modifying the structure of the semantic network for both co-
occurrence and semantic based retrieval tasks. Further inves-
tigation is necessary to determine if adding and deleting edges
from the semantic network based on co-occurrence associa-
tions would be more effective than CFS and CES.

6 Discussion
The computational agents implemented in this paper, and
the underlying retrieval mechanisms they represent, ex-
plored several possible relationships between semantic and
co-occurrence mechanisms in long term memory retrieval.
Based on our results, the most successful agent across the two
tasks uses co-occurrence associations to modulate the seman-
tic retrieval mechanism by adding relevant co-occurrence as-
sociations to the retrieval context, which broadens the search
over the semantic network. Other successful agents on both
tasks modify the semantic network by adding or removing
edges based on co-occurrence associations. In both cases,
the core underlying retrieval mechanism relies on seman-
tic networks, but co-occurrence associations provide addi-
tional information that modify the spreading activation pro-
cess. While each of these co-occurrence influences on seman-
tic retrieval were explored in independent mechanisms, it is
likely that some or all of these mechanisms are at play, with
co-occurrence associations modulating semantics at multiple
stages in the retrieval process.

In a way, these results fit in with findings from psychol-
ogy literature. Children learn co-occurrence associations at a
young age by first associating concepts that directly co-occur
in their natural environment, and only as their linguistic and
conceptual abilities mature do children learn semantic associ-
ations as memory elements with similar sets of co-occurrence
associations (Unger & Fisher, 2021; Savic, Unger, & Slout-
sky, 2023). Recent developments in word embedding models
such as word2vec further demonstrate how semantic relation-
ships could be derived from natural usage statistics (Rohde,
Gonnerman, & Plaut, 2006). In both children and such AI

models, semantic associations serve as symbolic gists of the
underlying co-occurrence statistics, but may not capture the
nuances of the full joint probabilities. While many tasks
may be solvable using semantic associations, it is possible
that additionally incorporating lower-level co-occurrence in-
formation - using it to introduce additional context or to
(de)emphasize particular semantic associations - could lead
to better retrievals. If we consider episodic memory to be a
source of co-occurrence information, this may also corrobo-
rate accounts that episodic memory facilitates retrieval from
semantic memory (Greenberg & Verfaellie, 2010).

Even though our computational results are suggestive of
trends in experimental work, it is important to note that this
remains only an early step in understanding the relationship
between co-occurrence and semantic associations in memory
retrieval. While the mechanisms suggested several ways that
semantics and co-occurrence may interact, there are many
other possible mechanisms for their interaction. We did not
explore mechanisms that integrate the associations in more
complex ways, nor how multiple mechanisms could be incor-
porated into a larger framework. Furthermore, while we con-
sidered several variable parameters for the tasks and agents
considered, there are a large number of parameters that we
did not consider or left fixed in our models. It is also likely
the case that co-occurrence associations are only independent
in certain cases, not in general as we assumed here.

One difficulty is that co-occurrence and semantic effects
have been surprisingly difficult to tease apart experimentally;
we were only able to find one paper that attempts to measure
how these associations affect retrieval separately and together
(Roelke et al., 2018). This dearth of human data make mod-
eling difficult, hence our use of simple linguistic tasks, which
bring their own problems regarding the datasets and database
from which we draw co-occurrence and semantic informa-
tion. Beyond how these associations may not match those in
people, the distinction between semantic and co-occurrence
is also blurred in the data, as the semantic networks used in
our experiments also contain co-occurrence associations. As
mentioned above, such gray areas between different types of
associations also exist in people, which further complicates
efforts understand the distinct and combined contributions.

Nonetheless, although this work is preliminary, we be-
lieve it is a needed first step to combine the literature on co-
occurrence and semantic associations. Computational models
have not cleanly distinguished between the effects of these
mechanisms, and have even used the same representations
(such as semantic networks) to model both leading to difficul-
ties in understanding their separate and joint effects on mem-
ory retrieval. The psychology literature has been much more
careful in considering each association, and to follow suit,
we carefully considered how they might be different and how
their effects might be combined in a computational model.
Much additional work is needed, both experimentally and via
modeling, to fully understand the interplay of co-occurrence
and semantic associations in memory retrieval.
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Abstract

AI tools offer the promise of individualized training and sup-
port in a variety of tasks, but to determine when and what kind
of assistance to provide, it will be necessary for such tools to
gauge the level of difficulty of each action within the over-
all task environment. This becomes more challenging in dy-
namic environments, where many small-scale decisions or ac-
tions contribute to a long term goal, but no individual action
can be objectively labeled as being ”correct”. Here, we at-
tempt to map the difficulty of just such a task: the video game
Tetris. Using a model that is capable of human-like expert per-
formance, we take advantage of the model’s ability to evaluate
and rate the optimality of all possible actions at every decision
point. Decisions with a single action that is rated definitively
higher than any other option are considered easy, and and deci-
sions with multiple plausible options are rated as more difficult
in proportion to the number of reasonable actions. We look at
the incidence rate of easy and difficult decisions, and how it
varies across players of different skill levels.

Keywords: Decision making, Difficulty, Cognitive Modeling,
Expertise

Introduction
As artificial intelligence technology continues to improve and
develop, it is becoming increasingly possible to create indi-
vidualized tools to optimize learning and support high-level
performance in a variety of task domains. But while AI sys-
tems have demonstrated much promise in natural language
processing, and are being tested widely in simple task com-
pletion (Shen et al., 2023), education (Kasneci et al., 2023)
and even medicine (Liévin, Hother, Motzfeldt, & Winther,
2024), it has been more challenging to apply them in complex
and dynamic task environments, particularly those where any
individual action is a small part of a sequence that eventually
produces some kind of measurable outcome. For tasks like
this, identifying when and which type of action is challeng-
ing for an individual could provide valuable insight into when
and what type of assistance would be most helpful. Even
more so, if this assistance could be offered in real time. In
this project, we propose to use an AI model to gauge the rel-
ative difficulty of individual actions within a complex, dy-
namic decision making task. Such classification could then
be compared against behavioral data of humans performing
the same task, to determine if the model is capable of re-
liably identifying specific challenging points for individuals
within the larger context of the task. This would provide
a first proof-of-concept towards building systems capable of

providing real-time decision support in the learning and exe-
cution of other complex dynamic tasks.

Decision Making in Dynamic Tasks
The outcome of any decision, even in simple tasks, depends
on many factors. Some of these factors relate to the task
and its environment, such as the characteristics of the de-
cision space or the number of perceived outcomes. Oth-
ers depend on the decision maker, like cognitive traits and
prior knowledge. The interaction between these factors de-
termines, among other things, how difficult an individual
decision-maker will find a given choice within a task. In this
project, we focus on dynamic tasks, and propose a method to
gauge decision difficulty.

Most decision-making research involve simple, static lab-
oratory tasks that change one or two dimensions at a time.
These involve learning categories or navigating decision
trees, where numbers of stimulus features (Ashby & Mad-
dox, 2011), complexity (A. G. Collins, 2018; Gläscher,
Daw, Dayan, & O’Doherty, 2010), or reliability (low state-
transition probabilities (A. Collins & Koechlin, 2012)) are al-
tered. In such cases, it is fairly straightforward to teach an in-
dividual an optimal strategy to complete the task, and simple
computational or AI models are able to perform them quite
well (A. G. Collins, 2018). The vast majority of real deci-
sions, however, are made in naturalistic, dynamic conditions,
and strategies must adjust as conditions change. This means
that task features and decision points change within the en-
vironment, both as a result of the system’s intrinsic rules and
from the sequence of previous decisions and actions that a
user has made (Brehmer, 1992; Gonzalez, Lerch, & Lebiere,
2003). A dynamic environment significantly increases the
complexity of any effort to model a decision space, and of-
ten adds the feature that taking no action, a relatively neutral
action in a static space, becomes a more active decision as the
environment can change without the user’s intervention.

The effects of the environment and the user’s actions on
the decision space are not independent, and forming a model
of the interaction that can track changes and guide future ac-
tions is necessary for any learner to perform the task with
skill. But individuals’ information processing abilities and
prior experience vary widely, adding to the challenge. Do-
main expertise can be thought of as a set of intuitions that
allow a user to quickly recognize large numbers of features
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that reveal relevant patterns in the environment which guide
the efficient selection of beneficial actions (Hutton & Klein,
1999). Novices, lacking these intuitions, may not be aware of
particular features, focus on irrelevant patterns, or incorrectly
associate irrelevant features to desired outcomes, leading to
less efficient, suboptimal choices ((Hutton & Klein, 1999);
(Shanteau, 1988). Successful mapping of features to out-
comes is vital to skill acquisition, but as tasks become more
complex, the distance between an individual action and a tan-
gible benefit grows and it is not always obvious which possi-
ble action is truly optimal at any given decision point. When
these decisions are placed within the context of a dynamic en-
vironment, even if a utility calculation of all available choices
is technically possible, it is often not worth the cost when an
approximation rule could be applied more quickly. As such,
it is often challenging to evaluate performance at a decision
level, and success is instead measured with longer-term out-
come measures. But as every action contributes to that out-
come, the ability to evaluate the quality of individual actions
within dynamic environments would be enormously benefi-
cial for creating individualized training or assistive tools.

We propose to use a basic reinforcement learning model
capable of high level performance in a relatively complex,
dynamic task as a means of establishing the ground truth of
quality for individual decisions. By using the model’s fea-
ture weights to determine not the optimal action, nor the total
number of actions, but rather the number of reasonable ac-
tions, we hope to dynamically capture the difficulty of indi-
vidual decision points and compare how the decision space
changes across learners with increasing expertise levels.

Measuring Decision Difficulty
The performance of an individual is significantly impacted by
the subjective degree of difficulty of the task at hand. While
difficulty has long been considered as a factor when studying
decision making, the classification of difficulty is usually de-
termined by the researchers, is coarse-grained in scope (e.g.,
single digit multiplication compared to double digit multipli-
cation), and applied universally to all subjects. These studies
often identify effects associated with difficulty, but assume a
uniformity of experience across task items and subjects that
does not reflect the reality of a particular individual. For com-
plex or dynamic tasks, identifying the “right” answer at any
given decision point becomes challenging, making a quantita-
tive assessment of difficulty almost impossible — the correct
action may change as a result of the task environment, or there
may be no objectively best action available. Performance in
such tasks is a cumulative result of all actions, each with their
own level of difficulty. It is precisely these tasks, without ob-
jective correct choices made in dynamic environments under
time pressure, where AI support systems have great potential
for instruction and support of highly skilled users. But for
that support to be successful, it will need to be possible to
identify how an individual user experiences the difficulty of
each task action.

In an effort to begin exploring this challenge, we use AI

models that are capable of playing the video game Tetris, a
complex, dynamic, decision-making task, at a high level of
performance. When playing Tetris, human players make de-
cisions about where to place a sequence of geometric shapes
(called “zoids”) into a pile on the board such that the pieces
form unbroken lines across the full width of the screen. When
this is accomplished, the lines vanish and the player earns
points. This continues, with the players having less and less
time to make their choices as the level speed increases, un-
til the height of the pile reaches the top of the screen. The
AI models perform the same task by using a set of weighted
features of the board (such as pile height, or number of un-
filled squares) to score all possible placements at each deci-
sion point and choosing the position with the highest score.
Various machine learning methods have been used to train op-
timal feature weights that achieve final game scores similar to
human experts ((Thiery & Scherrer, 2009b; Szita & Lorincz,
2006; Sibert, Gray, & Lindstedt, 2015)).

Figure 1: A typical episode in Tetris

Tetris makes an excellent task for studying decision mak-
ing because the environment is fairly simple, but there is a
large space of possible decision configurations. Additionally,
no single decision in a game of Tetris is critical to the overall
performance; skilled players are often able to quickly recover
from what appear to be catastrophic errors. This level of
performance is not the result of learning optimal state-action
pairs, as players are unlikely to encounter exactly the same
decision space twice, but instead by developing a decision
policy that uses information in the environment to identify a
good choice in any possible decision configuration. By get-
ting a high score, human and model players alike demonstrate
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that their policies are effective.
Most of the time, however, the focus on models in deci-

sion making has been on what they do: the decision they ul-
timately make. But what the models don’t do can also be in-
formative about the decision making space. In order to make
a decision about which position to select, the AI models use
their optimized feature weights to select the highest scoring
move. In doing so, they also generate a score for all other
potential placements, making it possible to explore the con-
text in which the decision is made, and to gauge the difficulty
of choosing between the available options. Here, using the
expectation that more available moves might mean that de-
cisions are harder, as popularized by the famous Hick’s Law
(Hick, 1952), we propose a new metric for estimating deci-
sion difficulty.

Methods
A preexisting model that plays Tetris at an expert level (Sibert
et al., 2015) was used to evaluate the decision space of a
large set of decisions made by humans across a wide range
of skill levels. The number of options deemed ”reasonable”
was mapped to the difficulty of that decision.

Models of Tetris
The possible decision space of Tetris is extremely large. This
means that expert players are not learning optimal state/action
pairs for specific board states in order to be successful. In-
stead, they develop a sense of the ”goodness” of particular
placement options based on the available visual board in-
formation. This process can be approximated with machine
models by identifying definable features of the board, such
as height or the number of unfilled and inaccessible cells
(called ”pits”), and evaluating possible placements based on
how they affect the values of those features. Weights can be
assigned to each feature that reflect their relative importance
to the decision making process.

At each decision point, the model generates all possible
placements for the active zoid, multiplying the value of each
board feature that results from each candidate placement by
the associated weight of that feature. These values are then
summed to produce a numerical score for each placement.
The model selects the move with the highest score, and this
becomes the new decision space for the next placement or
trial in the game. This process repeats until the game ends.

Various machine learning methods can be applied to find
the optimal set of weights that produce high-level perfor-
mance in Tetris, and indeed, Tetris has been used as an exam-
ple case for demonstrating the effectiveness of methods for
searching large, uncertain feature spaces (Robertson, 2012;
Carr, 2005; Boumaza, 2009; Thiery & Scherrer, 2009a).
However, while these models are capable of achieving almost
unbelievably high scores, they are not particularly helpful for
explaining human behavior because they omit one of the most
critical features of the game as humans play it: time pressure.
Without time pressure, the models adopt a significantly dif-
ferent strategy from humans who play under limitations, and

therefore what makes a particular placement ”good” will dif-
fer for each.

It is possible to train models to behave more like humans.
Even a simple approximation of time pressure in the form of a
limited game length produces models with a behavior pattern
much closer to that of highly skilled human players (Sibert et
al., 2015), and presumably, a similar sense of what makes a
move ”good” or not.

The model used in this study was adapted from Sibert
(2015). Models were trained using Cross-Entropy Reinforce-
ment Learning, a genetic-algorithm-like method of reinforce-
ment learning that narrows down the search space, in this
case of feature weights, over multiple generations (Thiery &
Scherrer, 2009a, 2009b; Szita & Lorincz, 2006). Optimiz-
ing for score, models were trained until the weights of the
best performing models in a generation converged, usually
between 30 and 40 generations.

Measures of Reasonableness
When exploring the behavior and strategy of the model, the
only placement score that really matters is the highest one.
However, in order to make its decision, the model must as-
sign a numerical score to all possible placements at each deci-
sion point (between 9 and 34 options, depending on the zoid).
Humans do not consider all possible placements, and, in fact,
may not be considering more than one option most of time.
Simsek (2016) suggests that, even without explicit weights, a
simple ranking policy of features is capable of identifying a
clear best move in most Tetris decisions. But even if ”most
decisions in Tetris are easy”, it is less obvious what it means
for one placement to be a clear winner, and what is happening
in the cases where there isn’t one.

To better explore these questions, we used the weights from
the model described above to assign a numerical score for all
possible placements available during each of over 500,000
decisions made by human players. Using the highest scoring
move as a reference point, we computed the distance of all
other other candidate moves from the reference point. The
standard deviation of these distances was used to create a cri-
terion point for that decision space. Moves that fell between
the high score and the criterion point were considered ”rea-
sonable”, that is, maybe not precisely the highest, but, ac-
cording to the model’s sense of move goodness, still a good
choice. Moves with distances greater than the criterion point
were considered ”unreasonable” and unlikely to be seriously
considered.

Using different standards for setting the criterion point, we
were able to determine the proportion of moves with only a
single reasonable move (i.e. easy moves), as well as identi-
fying moves of increasing difficulty based on the number of
plausible options (Figure 2).

Results
The models assigned scores to over 500,000 individual de-
cisions made by 500 participants in the video game Tetris,
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Figure 2: Histogram of moves suggested by model for all de-
cision points following inclusion criteria on distance of rating
from the optimal move, from most permissive (beige) to most
restrictive (dark red). SD is standard deviation.

and using various criterion points, the number of ”reason-
able” moves were determined for each decision point. Par-
ticipants were assigned to skill bins based on the average of
the four best scores they achieved during an hour of play time:
Extreme Novice, Novice, Beginner, Intermediate, Proficient,
Advanced, Expert, and Extreme Expert. These groups are
used to compare decision difficulty as measured by the model,
with human skill level.

Model Assessment of Decision Difficulty
The model rated and rank-ordered all available moves at all
decision points, the first ranked move being the optimal move
for that given Tetris board configuration. As is typical of dy-
namic decision making tasks, the previous decisions made by
the players resulted in different board configurations, mean-
ing that it is very unlikely that two players will ever encounter
the exact same decision space. As such, while it is possible
that a few board states (such as those at the beginnings of
games) are repeated and are thus overrepresented in the set,
each board configuration is treated as a unique decision space.
In this analysis, we counted the number of optimal moves the
model suggests as a measure of difficulty for specific decision
points. On average there were 23.1 available moves (SEM =
0.207) identified by the model for each decision point across
the individual games. There is always at least one optimal
move that has the highest rating, and there may be other can-
didate moves that have the same score, and still others that
might score lower, but so close as to be effectively the same.
At some point, however, the moves are rated too low to be
considered viable. To determine this cutoff point, we devised
inclusion criteria (see Figure 2) with varying levels of strict-
ness to count the most optimal moves: the most permissive
criterion counts move ratings that are one standard deviation
(SD) away from the top ranked move as being reasonable,
while the most restrictive criterion includes only those moves

that are with in 20 percent of the 1 SD (stepping down in 20
percent increments). As a middle ground, we selected 0.6 SD
as our inclusion criteria in the following analyses, as 0.2 SD
is too restrictive and 1 SD is too permissive.

Table 1: Mean number of optimal moves by criterion. SEM
is standard error of the mean.

criterion Mean SEM
0.2 SD 2.231 0.115
0.4 SD 3.529 0.177
0.6 SD 4.892 0.215
0.8 SD 6.146 0.233
1 SD 7.413 0.237

We found that, at a 0.6 SD cut-off, there are on average
4.89 reasonable moves at each decision point (SEM= 0.215)
across games (the most permissive 1 SD cut off results in an
average of 7.41 optimal moves (SEM = 0.237); see table 1 for
counts as a result of the other cut-off criteria). This suggests
that most decisions in Tetris have, on average, between 4 and
5 optimal moves, 2 being the most common (this is a posi-
tively skewed distribution), and are therefore not necessarily
’easy’. While decision points with only one optimal move
are frequent, they do not represent an overwhelming major-
ity. Decision points with very high numbers of optimal moves
(greater than 10) are infrequent.

To examine how the decision difficulty varies by exper-
tise, we compared the amount of optimal moves across skill
bins, taking the average of optimal moves per player, in all
the games they played. There were few to no differences
between skill groups, but the Extreme Novice players had
higher counts of optimal moves (and therefore more difficult
decisions) on average compared to the other groups (see Fig-
ure 3). However, we have too few players (n=4) in this group,
to say anything with confidence.

Next, we asked the question - in all of the decisions that
players made, what was the proportion of low numbers of op-
timal moves, like 1 or 2, to higher numbers of optimal moves?
And, how does this differ across skill groups? Lower num-
bers of optimal moves would suggest easier decisions, and
larger numbers would suggest increased difficulty. We com-
puted the proportion make-up of counts of optimal decisions
for each decision point and compared them across players
in the different skill groups (Figure 4). We found that deci-
sions made by experts (cooler colors in Figure 4) had slightly
higher proportions of low counts of optimal moves (more fre-
quent moves of easier difficulty), and this trend reverses as we
move towards higher counts of optimal moves (i.e., players
with lower skill levels, warmer colors in Figure 4, tended to
have higher proportions of decision made up by large counts
of optimal moves, and therefore more difficult decisions).
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Figure 3: Box-plots of mean number of optimal moves as
found by the model, for all decision points, broken up by
players’ skill level.

Figure 4: This figure shows the average numbers of optimal
move counts that make up each decision point broken up by
player expertise level. For example, only about 8 percent of
decisions made by Extreme Novice players (dark red) had one
optimal move. Error bars show standard errors across players
for each skill group.

Predicting players’ subjective experience of
difficulty
Given the results above, we next sought to test if model-
assessment of decision difficulty is reflected in the subjects’
behavior. In this analysis, assuming that more difficult deci-
sions might take more time, especially if players are explor-

ing a decision space with a larger number of possible options,
we used a linear mixed-effects model (lme4 package for R
(Bates, 2010)) to find the relationship between counts of op-
timal moves and players’ initial latency (i.e., the amount of
time players take to press any button at the beginning of a de-
cision epoch). We constructed a main model (initial latency
number of optimal moves + player skill) that includes the
number of optimal moves and player skill since we have es-
tablished that skill level affects the progression of the games
and was a variable of interest to us. Other factors that might
influence our results, and were repeated across subjects, were
entered in to the model as random factors (Game, decision
number, and subject number). For comparison, we built two
additional models, the second without the expertise factor
(initial latency number of optimal moves) and the third,
without the optimal move count (initial latency player skill),
to establish the individual contributions of those factors to the
initial latency measure.

After fitting the models we used Bayesian Information Cri-
terion (BIC; (Schwarz, 1978)) to determine model fit, and
rank models through relative comparison of the models by
taking the best fitting model of the three as the reference
((Raftery, 1995). We found that the full model was signifi-
cantly better fit to the data in predicting initial latency com-
pared to the other two models and so this model was taken as
the best fit model. The second best fit model contained only
the expertise factor and had a difference ∆BIC = 9, which
suggests that the full model has strong evidence (Kass &
Raftery, 1995) over the expertise only model. This differ-
ence was much larger when compared with the third model
which contained only the number of optimal moves factor,
∆BIC = 111, which suggests very strong evidence for the full
model against the third model (number of moves only). Note
that the same random factors were entered into all of the mod-
els.

Discussion
When exploring the full decision space of Tetris, we find that,
while many decisions can be considered easy (i.e. there is a
single, obvious best placement to make), easy moves do not
make up a dominant proportion of all moves examined. By
introducing a flexible method for determining move reason-
ableness based on move scores calculated by an AI model,
we are able to classify individual decision points by difficulty
level. Overall, it is most frequently the case for a decision to
have three or more good options. Truly difficult moves, with
10 or more options, are very infrequent.

Examining the relationship to expertise level, we found that
there were modest differences among players of different skill
levels. Decision points in games played by extreme novice
players had more optimal moves associated with them com-
pared to other groups. There was a slight trend to decreas-
ing amounts of optimal moves as expertise increases, which
suggests that experienced players manage the game board
more optimally, and as a result, have prepared good potential
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placements for any upcoming moves. This aligns with self-
described strategies of expert level players. Novices, lacking
this forethought, may be dealing with boards that are not well
prepared for upcoming pieces, and must face decisions with
many relatively poor placement options. This trend, however,
does not hold as we progress from Advanced to Extreme Ex-
pert players, which suggests that these players might be using
strategies that our model is not aware of and they might be
out-performing the model. Small numbers of optimal move
options were associated with a higher proportion of decisions
made by experts compared to novices, though the difference
is relatively modest.

While applying this metric has given us an initial window
into the difficulty of decisions in Tetris, many questions re-
main. First, the difficulty classification is based entirely upon
the model’s evaluation of the available moves, and it is not
yet determined if this has any connection with the subjective
experience of difficulty that a particular player might have.
The statistical results of the model that uses the number of
options as a predictor of initial latency do suggest a relation-
ship between our measure of difficulty and decision time, and
this is a promising first indication that the difficulty rating is
reflected in observable player behavior. However, this initial
relationship must be more thoroughly investigated before a
definitive connection can be proposed.

Second, the model plays at the level of an expert player,
and as such, difficulty is measured by the number of moves
that an expert considers to be reasonable. However, novices
and experts may differ in what they consider a good move
to be, which might change the number of moves classified
as worth considering, and thus the difficulty of decisions.
This may account for the lack of difference between the rela-
tive difficulty of moves across expertise groups. The current
model is trained to optimize game score, but incorporates no
human data directly. Furthermore, we see a pattern where de-
cisions points for extreme experts lie on the fringes of what
the model can predict about them, which might come down to
the limited solving strategies of the Tetris model. The mod-
els represent a single decision policy, which can be some-
what flexible, but generally follows one strategy. Extreme
expertise may be better categorized by the ability to switch
between drastically different strategies that are not possible
to represent with the current model structure. It is possible
to train models to match human decisions, therefore, and it
may be possible to build models that play at each of the eight
skill levels. The hope is that these models would better re-
flect what is considered ”good” at each level of expertise, and
produce a more accurate judgment of the difficulty of each
decision point.

Despite these limitations, these results demonstrate that a
simple model of a complex task has great potential for pro-
viding insight into the nuances of a complex, dynamic task.
Accurately identifying points of higher and lower difficulty
will allow AI systems to provide support and assistance only
when needed, and reduce distractions caused by unnecessary

interventions. By using the model to segment the data by the
number of good moves, we hope to develop a method for ro-
bustly identifying difficulty for specific individuals, both in
Tetris and in similar tasks.
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Abstract 

This paper investigates the cognitive processes for abacus 
gestures (a set of mid-air gestures representing numbers 0-99). 
We developed multiple cognitive models using ACT-R 
architecture with vision and motor modules and PyIBL to 
simulate learning process. By enhancing previous research 
models with VisiTor (Vision + Motor) framework, we added 
visual attention and motor movements involved in abacus 
gesture learning. Our results demonstrate that ACT-R models 
can show the learning curve with the contribution of the 
retrieval processes. In PyIBL, we decomposed each gesture 
trial into multiple decision sets to reflect human-like gesture 
presentation process. This structure enabled the model to 
produce the learning curve with increasing reward over time. 
This work discovers the retrieval processes, rather than vision 
or motor modules/knowledge, dominate the learning curve in 
abacus gesture learning processes. The findings through 
cognitive modeling provide insights into gesture-based 
interaction design and human cognition during mid-air gesture 
learning. 

Keywords: Abacus Gestures, Cognitive Modeling, ACT-R, 
PyIBL, Vision, Motor 

Introduction 

Gesture control technology has revolutionized the 
understanding of humans, human cognition, and human-
computer interaction by allowing users to control devices 
through hand movements instead of traditional input methods 
like keyboards and mouse (Bhuiyan & Picking, 2009). 
Gesture-based interfaces that let users control devices with, 
for example, hand or finger motions are becoming 
increasingly popular. This technology uses sensors and 
cameras to detect and interpret gestures (i.e., hands and 
body), allowing users to interact with interfaces and types in 
the air (Saffer, 2008; Zabulis et al., 2009). Gesture control 
has been integrated into various fields, such as the automotive 
industry (Graichen et al., 2022) by providing a safe 
alternative to in-vehicle interactions and gaming industries 
(Ionescu et al., 2012) through allowing players to engage with 
games through physical movements, making gameplay more 
immersive and interactive (Bhuiyan & Picking, 2009). 

Given the significance of gesture control technology across 
various fields, it is important to comprehend the associated 
behavior and cognition (Greene et al., 2013). Additionally, 

simulating these knowledge in modeling approaches is 
essential for understanding user actions, decision-making 
processes, and learning mechanisms (Chen & Fang, 2014). 
Similar modeling efforts in robotics, reinforcement learning, 
and multi-modal cognition highlight the broader impact of 
cognitive modeling in complex, human-centered systems (Li 
et al., 2024; Zhang et al., 2025; Zhao et al., 2025). In this 
study, we build on prior work using Abacus Gestures—a set 
of mid-air hand gestures that represent 100 numbers from 0 
to 99 through various combinations of open and closed 
finger—to explore gesture learning from a cognitive 
modeling perspective (Ehtesham-Ul-Haque & Billah, 2023; 
He et al., 2024). Figure 1 right shows one way of representing 
26 using abacus gestures.  

Figure 1: Abacus Gestures (Ehtesham-Ul-Haque & 
Billah, 2023). Left: The set of numbers assigned to 10 
fingers in the abacus gesture. Right: The abacus gesture 
represents 26 by opening the index and middle fingers of 
the non-dominant hand and the thumb and index fingers of 
the dominant hand. 

In this work, we investigate the cognitive processes of 
abacus gesture learning using ACT-R with vision and motor 
modules and PyIBL. We focus on modeling motor and visual 
perception in ACT-R, and how the decomposition of gesture 
trials into human-like decision sets influences learning 
performance in PyIBL. This paper aims to answer the 
following research questions:  

(1) Can an ACT-R model with vision and motor knowledge
predict human behavior when using abacus gestures to 
represent the numbers 0-99?  

(2) Do human-inspired decompositions of behavior
improve learning in instance-based models? 
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(3) What factors contribute to the process of learning
abacus gestures, perhaps including visual search and motor 
movements? 

These questions are motivated by the need to evaluate both 
perceptual-motor alignment (via ACT-R) and memory-based 
learning effects (via PyIBL). To address these questions, we 
developed multiple cognitive models using cognitive 
architecture: 1. ACT-R (Anderson, 1990; Anderson & 
Lebiere, 1998; Ritter et al., 2019) along with VisiTor 
(Bagherzadeh & Tehranchi, 2022). 2. PyIBL (Gonzalez et al., 
2003). This study aims to investigate whether retrieval-based 
cognitive mechanisms are sufficient to explain gesture 
learning dynamics, and whether incorporating human-like 
action decomposition improves learning performance in 
instance-based models. 

Cognitive Models 

Cognitive models predict an individual’s behavior and 
cognitive processes by modeling human knowledge, memory, 
and reasoning, providing critical insights into cognitive 
processes (Newell, 1990; Ritter et al., 2019). Cognitive 
architecture is the foundational framework of the cognitive 
model and defines the basic structure underlying cognitive 
processes. For this work, we selected ACT-R (Anderson, 
1990; Anderson & Lebiere, 1998; Ritter et al., 2019) and 
PyIBL (Gonzalez et al., 2003) due to its comprehensive 
framework, including vision and motor tools like VisiTor 
(Bagherzadeh & Tehranchi, 2022).  

ACT-R 

ACT-R has two types of human knowledge: declarative 
knowledge, representing what we know, and procedural 
knowledge, representing the actions we can perform (Bothell, 
2017). ACT-R can model complex learning curves and 
optimize both short-term and long-term learning processes 
(Rasmussen, 1986; Tehranchi, 2021; VanLehn, 1996). The 
ACT-R framework enables the simulation of response times, 
accounting for factors such as chunk retrieval time and 
activation values that reflect human memory and learning 
patterns. In ACT-R, the retrieval time is given by this 
equation: 

𝑇𝑖𝑚𝑒 (𝑠) = 𝐹𝑒−(𝑓∗𝐴𝑖)

with three parameters: activation value (𝐴𝑖), latency factor
(𝐹, default = 1 second), and latency exponent (𝑓, default = 1 
second) for chunk 𝑖.  

Additionally, ACT-R's perception (vision) and action 
(motor) components allow simulation of eye movements and 
motor movements such as "peck" for finger motion. In ACT-
R, the motor module incorporates several movement styles 
(specification of a movement type) based on EPIC's Motor 
Processor (Bothell, 2017; Kieras & Meyer, 1996). ACT-R 
facilitates the comprehensive integration of cognitive 
processes, allowing for the simulation of human cognition 
and behavior (Tehranchi & Ritter, 2017, 2018). 

VisiTor 

To develop complete and accurate cognitive models that 
simulate human behavior, the ability to interact with task 
environments across a range of tasks is required (Byrne, 2012; 
Kieras & Meyer, 1996). To address the ACT-R’s limitation 
in interaction with dynamic task environments, we utilize the 
VisiTor (Vision + Motor) framework (Bagherzadeh & 
Tehranchi, 2022). VisiTor enhances ACT-R's interaction 
capabilities with task environments through two modules: 
Vision and Motor. This tool simulates users' visual attention 
(Vision) and use of mouse and keyboard (Motor). This tool 
enables the model to interact with the interface as a user 
would. VisiTor keeps operations as close to user behavior as 
possible, building on cognitive architectures like ACT-R and 
PyIBL. Importantly, VisiTor's capabilities are flexible and 
expandable to accommodate the new interaction 
requirements. 

PyIBL 

Instance-based learning theory is known as memory-based 
learning (Learning, 1997). It provides a flexible and intuitive 
approach to develop cognitive models. PyIBL (Python 
Implementation of Instance-Based Learning) implements a 
computational model of decision-making grounded in 
memory retrieval processes (Dutt & Gonzalez, 2012; 
Gonzalez et al., 2003). Unlike ACT-R, which integrates 
multiple cognitive modules, PyIBL focuses specifically on 
how decisions are made by retrieving prior experience based 
on similarity and reward and applying them to new situations. 

Modeling Approach 

Method Overview 

We develop cognitive models using two frameworks: ACT-
R and PyIBL, to simulate the abacus gesture learning process. 
ACT-R models are built using vision and motor modules 
based on the previous work (He et al., 2024) to simulate 
vision and finger movement during gesture execution. PyIBL 
models focus on how different ways of structuring decision 
sets affect the agent's learning process over repeated training. 
While ACT-R includes a built-in utility learning mechanism, 
we select PyIBL to model retrieval-based learning because it 
allows more flexible and interpretable decision sets.  

ACT-R + VisiTor 

In previous research (He et al., 2024), we developed three 
cognitive models (i.e., Model 1, Model 2, and Model 3) using 
ACT-R (ACT-R 7.26) to simulate the human behavior when 
learning abacus gestures (He et al., 2024). Reported Model 1 
hypothesized that participants possess 100 chunks (abacus 
gestures from 0 to 99) in declarative knowledge. Model 2 
hypothesized that participants possess 19 chunks (abacus 
gestures from 0, 1, …, 9 and 10, 20, …, 90) and express the 
gestures through combinations of these chunks. Model 3 
hypothesized that participants possess 14 chunks (0, 50 for 
non-dominant thumb, 0,10,…,50 for non-dominant other 
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fingers, 0, 5 for dominant thumb and 0,1,…,5 for dominant 
other fingers), categorizing fingers into the dominant thumb, 
dominant other fingers, non-dominant thumb, and non-
dominant other fingers. 14 chunks can represent 99 abacus 
gestures through their combination. We used the Boolean flag 
for each finger to represent their closed and opened states.  

In this work, we have created new cognitive models based 
on reported Model 2 and Model 3 (He et al., 2024) since they 
are correlated with human data closely. Unlike the previously 
proposed ACT-R models, the new model adds vision 
modules using VisiTor (Bagherzadeh & Tehranchi, 2022) to 
simulate the process for the shifts of attention in the human 
mind. In addition, we introduced the motor module and 
manual knowledge in the new models. Figure 2 shows the 
original numerical display window used in the abacus gesture 
study with the original Python code (Ehtesham-Ul-Haque & 
Billah, 2023) and the new digital display window we 
developed in Python to interact with ACT-R models.  

Figure 2: (a) Numerical display window used in the abacus 
gesture study from Ehtesham-Ul-Haque et al. (2023). (b) 

Numerical display window used in ACT-R with VisiTor eye 
icon.  

For the new models proposed in this paper, we simulated 
the reading process using the vision and motor module of 
ACT-R. In the previous abacus gesture study (Ehtesham-Ul-
Haque & Billah, 2023), a specific task window showed 10 
numbers at a time. This is the setting in the human experiment, 
and we simulate it to restore the same human experiment as 
much as possible. After completing the task of ten numbers, 
the task window showed ten new random numbers. In ACT-
R simulation, we simulate this process by reading ten 
placeholders for numbers at a time. For instance, the model 
reads “n1”, and a random number in Lisp will be assigned to 
“n1”. After the model finish reading ten random numbers and 
representing their corresponding abacus gestures, the model 
shifts attention to the “n1” in order to read these placeholders 
for numbers again in the new set. This process continues until 
all abacus gesture tasks are completed, which consist of ten 
rounds, with each round involving the execution of ten 
individual numbers. We use VisiTor to simulate eye-
movement for visual attention (the eye icon in Figure 2 is 
VisiTor attention area). The “Prompt” field displays the 
target number, while “Entered” indicates the participant's 
response using abacus gestures. 

We use the "Peck" function to effectively simulate a 
specific raising of the finger. ACT-R has different motor 
movement styles such as “Punch”, “Peck”, “Peck-recoil”, 

“Ply”, and “Hand-ply” (Bothell, 2017). "Punch" involves a 
simple downstroke followed by an upstroke, and "Ply" and 
"Hand-ply" are designed for device movement, “Peck” 
simulates targeted finger positioning by executing a directed 
movement at a specified distance and angle. It closely 
simulates the process of raising a finger to a specific position 
in space, which is essential for mid-air gestures. Additionally, 
"Peck-recoil," automatically returns to the starting position. 
We use "Peck" to maintain the finger in its raised position 
until the model finishes the gestures. “Peck” function needs 
the input angle and distance. We set the distance as 1 and the 
angle to 90 degrees if the model is opening the finger. If the 
model is closing the finger, the angle is set up as - 90 degrees. 
Figure 3 shows the sample production rule for motor module 
that opens the finger for the “peck” function. 

Figure 3: Sample motor module that shows thumb on the 
left hand (i.e., non-dominant hand) has been raised.  

Model A builds on reported Model 2 (He et al., 2024) with 
the same declarative (chunk) structure, and Model B is 
extended from the reported Model 3 (He et al., 2024) with the 
same logic of declarative knowledge. For Model A, we set 
the model to raise fingers in the sequence from thumb to little 
finger, first on the non-dominant hand and then on the 
dominant hand. Also, the fingers are closed one by one in the 
same order. The flowchart of Model A is shown in Figure 4. 

Figure 4: Workflow for ACT-R Model A 

For Model B, there are four finger types based on non-
dominant vs. dominant hands and thumb vs. non-thumb 
fingers (as in Model 3 from He et al. (2024)). We simulate 
this behavior by first opening the non-dominant hand's thumb, 
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then opening the remaining fingers of the non-dominant hand 
(only using a single "peck" with index since we assumed the 
other fingers open together) and repeating the same process 
for the dominant hand. After that, we do the same sequence 
for closing the raised fingers. The Flowchart for Model B is 
shown in Figure 5, demonstrating the necessary cognitive 
steps to complete the abacus gesture learning task. 

Figure 5: Workflow for ACT-R Model A 

PyIBL 

PyIBL focuses on modeling decisions based on past 
experiences, which are stored as instance: individual records 
of prior decisions and outcomes. We focus on a specific 
decision sets within a gesture trial that can lead to a reward. 
The logic of our implementation is developed based on the 
previous research’s findings (He et al., 2024).  

Three PyIBL models are developed: 
PyIBL Model 1: The PyIBL agent selects the correct 

options from all combinations of fingers. If one of the correct 
combinations is selected, a reward of 10 for the agent will be 
returned. For example, if the random number is 1, the correct 
choices should be (1, ('dominant-index')), (1, ('dominant-
middle')), (1, ('dominant-ring')) or (1, ('dominant-little')).  

PyIBL Model 2: The PyIBL agent needs to make 2 choices. 
The first one is to select the correct option among all 
combinations of the non-dominant fingers, and the second 
one is to select the correct option among all combinations of 
the dominant hand fingers. Each correct choice returns a 
reward of 5. There are two choices, so the total reward is 10. 
For example, if the random number is 1, the correct choice 
for the non-dominant hand fingers should be (1, ()) and the 
correct choice for the dominant hand fingers should be one of 
the (1, ('dominant-index')),  (1, ('dominant-middle')), (1, 
('dominant-ring')) or (1, ('dominant-little')). 

PyIBL Model 3: In order to improve the learning efficiency 
of the model 2, we reduce the number of options in the 
decision set at each time step. The agent makes 4 choices 
each round for non-dominant thumb, non-dominant other 
fingers, dominant thumb, and dominant other fingers 
separately with the given random number. In each choice, if 

the PyIBL agent gives the correct choice from the 
combinations of fingers, then it will receive a reward of 2.5. 
If all the choices are correct, the total reward is 10. For 
example, if the random number is 1, the correct choice for the 
non-dominant thumb fingers should be (1, ()). The correct 
choice for the non-dominant other fingers should be (1, ()). 
And the correct choice for the dominant thumb fingers should 
be (1, ()). The correct choice for the dominant other fingers 

Table 1: Number of choices the agent makes for one 
abacus gesture, decision set and example (random number 

=1) for PyIBL Model 1, 2, 3 

Model Number 
of 

choices 

Decision Set Example (if 
random 

number = 1) 
Model 

1 
1 One decision: 

Choose one 
combination 

(including an empty 
set) from all 

possible finger 
configurations. 

(1, 
('dominant-

index')) 

Model 
2 

2 Decision 1. Choose 
one combination 

(including an empty 
set) from all non-
dominant finger 
configurations.  

Decision 2. Choose 
one combination 

(including an empty 
set) from all 

dominant finger 
configurations. 

Non-
dominant: (1, 

()) 

Dominant: (1, 
('dominant-

index')) 

Model 
3 

4 Decision 1. Choose 
one combination 

(including an empty 
set) for non-

dominant thumb.  
Decision 2. Choose 

one combination 
(including an  

empty set) for non-
dominant other 

fingers.  
Decision 3. Choose 

one combination 
(including an empty 

set) for dominant 
thumb.  

Decision 4. Choose 
one combination 

(including an empty 
set) for dominant 

other fingers. 

Non-
dominant 

thumb: (1, ()) 

Non-
dominant 4 

other fingers: 
(1, ()) 

Dominant 
thumb: (1, ()) 

Dominant 4 
other fingers 

finger: (1, 
('dominant-

index')) 

64

Proceedings of the 23rd International Conference on Cognitive Modelling (ICCM 2025)



should be one of the (1, ('dominant-index')), (1, ('dominant-
middle')), (1, ('dominant-ring')) or (1, ('dominant-little')). 
Model 3 utilizes a more realistic cognitive decomposition, 
where humans separately assess finger groups based on hand 
dominance and finger roles, reducing the cognitive load and 
limiting the decision set.  

Across all three models, we systematically reduce the 
number of choices in decision set by decomposing a single 
gesture into different decision points, allowing us to test 
whether cognitive-inspired decision sets facilitate faster 
reward-based learning. Table 1 summarizes how each PyIBL 
model defines its decision structure and the corresponding 
choice set. 

Results 

ACT-R + VisiTor 

Figure 6: Average time for making an abacus gesture of 
Model A, Model B and Model B with increased Latency 

Factor are compared with human data, showing the learning 
patterns in making abacus gestures. 

We initially utilize the same parameters as the previous 
Model 2 and Model 3. VisiTor is responsible for modeling 
visual attention, while ACT-R handles finger movement. 
However, the result does not show an accurate learning curve, 
even though Model B performs slightly better than Model A. 
Model B shows the learning curve for the first 4 blocks and 
has better correlation value with human data, which is 0.938 
while Model A’s correlation value is 0.398. One possible 
explanation for this difference in performance is the number 
of the "peck" functions in each model. More "peck" functions 
mean that the motor module takes more time, making it 
harder to get the learning curve. Model B only uses one 
"peck" function for all non-dominant other fingers and for all 

dominant other fingers, Model B also uses the single "peck" 
function. In contrast, Model A contains multiple peck 
functions (one "peck" per finger), which means the motor 
module consumes most of the processing time. This 
extensive motor processing makes it difficult to demonstrate 
a learning curve, even as we observe the increasing activation 
values in the retrieval process. To validate this assumption, 
we increase the Latency Factor (𝐹 ) to increase the time 
required for the retrieval process. The result shows that when 
the latency factor is increased and the retrieval process 
becomes the dominant time component, Model B 
successfully displays the learning curve with a higher 
correlation value (0.998) even though it takes a longer time. 
So, in the abacus gesture learning process, the time consumed 
by vision and motor modules does not dominate the overall 
process. For instance, visual search in this task does not 
contribute to the learning process. The learning curve is 
primarily based on the retrieval time of declarative 
knowledge. The results are shown in Figure 6, suggesting 
learning curves for Model A, Model B and Model B with 
increased Latency Factor across five blocks, each containing 
20 abacus gestures for a total of 100 abacus gestures. Table 2 
presents the correlation between the model and human data, 
as well as the corresponding RMSE values. 

Table 2: Comparing the fit of learning curves to human 
data for the abacus gesture learning. 

Model 
Correlation 
(Human vs. 
Model) 

RMSE 
(Human vs. 
Model) 

Model A with Original 
Parameter 0.398 3.355 

Model B with Original 
Parameter 0.938 1.293 

Model B with Increased 
Latency Factor (F=1.22) 0.998 2.792 

PyIBL 

We record the total reward for each round. In addition, the 
average reward is calculated to analyze the performance trend 
of PyIBL agents over time. We divide the 500 rounds into 
five equal blocks, with each block consisting of 100 rounds.  

Figure 7 presents the average reward per block for the three 
models. As shown in Figure 7, Model 3 not only outperforms 
others in final reward but also shows a smooth, upward 
learning curve. This suggests that Model 3 is effectively 
improving its decisions over time. In contrast, Model 1 and 
Model 2 show relatively flat curves, with no meaningful 
upward trend and learning curve. The results show that 
human-like actions based on cognitive models’ insights can 
help constrain the choice sets in each round, improving IBL 
learning curves.  

In the 500 rounds, the performance of Model 3 is better 
than Model 2 and Model 1. To better compare the three 
models, we also conduct a significant experiment on the last 
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block (100 rounds) to ensure that the differences between the 
models are significant. The result is shown in Table 3, 
suggesting Model 3 is significantly different than Model 1 
and Model 2 in 401-500 rounds. It means Model 3 
significantly outperforms both Model 1 and Model 2. Model 
2 slightly outperforms Model 1. 

Figure 7: Average rewards for three PyIBL models under 
500 different rounds. The 500 rounds were divided into five 

equal blocks of 100 rounds each. Only Model 3 shows a 
consistent upward trend. 

Table 3: Independent t-test comparing PyIBL models on 
the final block (401 – 500 rounds). 

Comparison t-Statistics p-Value Significance 
Model 1 vs 
Model 2 -2.13 0.0346 * (p < 0.05)

Model 1 vs 
Model 3 -13.79 8.97 × 

10⁻³¹ 
*** (p ≪ 
0.001) 

Model 2 vs 
Model 3 -11.48 1.03 × 

10⁻²³ 
*** (p ≪ 
0.001) 

Conclusion 

This study investigates the cognitive process of abacus 
gesture learning through ACT-R with vision and motor 
modules and PyIBL. Our results show that both ACT-R and 
PyIBL can model abacus gesture learning process, addressing 
our initial research questions. 

For the first research question, we found that Model B, 
with a larger latency factor, based on the reported Model 3 
with four different finger chunks, produced results that were 
more consistent with human learning patterns than Model A 
based on the reported Model 2. The integration of VisiTor’s 
visual and motor modules successfully simulated the 
attentional and physical aspects of gesture generation. For the 
second research question—whether human-like action 
patterns inspired by cognitive modeling enhance IBL 
learning— we observed that structuring decision steps into 
constrained decision sets significantly improved PyIBL 
learning curves. It also confirms the significance of 
establishing the ACT-R model—providing a framework for 

other different modeling approaches. This supports the view 
that insights from cognitive architectures like ACT-R provide 
a valuable foundation for modeling and guiding decision-
based learning. For the third research question on the factors 
that influence abacus gesture learning, we found that the 
retrieval process dominates the learning curve, while the 
vision and motor components play a limited role. This finding 
is supported by our improvement of the latency factor, which 
shows that the learning curve becomes clearer when retrieval 
time becomes the dominant factor. 

In conclusion, our cognitive models in ACT-R provide 
valuable insights into the development of cognitive processes 
involved in learning and predictions of the performance for 
abacus gesture learning. Meanwhile, the PyIBL results show 
the critical role of cognitively inspired decision set in 
enabling effective reward-based learning.  We demonstrate 
that constraining the choice set in ways inspired by cognitive 
structure (as modeled in ACT-R) significantly improves 
instance-based learning outcomes. These findings 
demonstrate the importance of retrieval-based mechanisms in 
modeling mid-air gesture acquisition. 

Discussion and Future Work 

Our study provides several significant insights into the 
cognitive processes in abacus gesture learning. The 
comparison between Model A and Model B in ACT-R 
showed that the retrieval process significantly contributes to 
the learning curve, while the vision and motor modules have 
less impact on learning. This finding was validated by 
increasing the latency factor (𝐹), which increased the time for 
the retrieval process. The implication is that cognitive 
processing time, rather than physical execution time, is the 
primary learning part of gesture learning. From the result, the 
learning in vision and motor parts has limited impacts on the 
final results. However, a key limitation remains: ACT-R’s 
vision and motor modules currently lack learning 
mechanisms, meaning perceptual and motor improvements 
over time are not captured. Addressing this gap will be our 
critical direction for future research. Besides, the PyIBL 
models results show the importance of cognitively inspired 
action decomposition in mid-air gesture acquisition. The 
learning curves generated by the PyIBL model suggest that 
appropriate decision sets are important in training the model 
to adapt and become proficient in gesture-based interaction 
systems.  

Future work involves developing a new type of knowledge 
and functionality in the motor module for raising a finger, as 
the existing “Peck” function only simulates movement along 
the horizontal axis rather than the vertical. Additionally, the 
noticeable root-mean-squared error (RMSE), such as 2.792 
in the ACT-R models’ predictions, indicates that further 
investigation is needed to ensure the models accurately 
represent human cognition in this task. Moreover, exploring 
reinforcement learning as an alternative framework could 
provide valuable insights into how agents adapt through trial 
and error, and represent a promising direction for future 
model development. 
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Abstract

Bayesian inference is a powerful mathematical framework for
modeling cognitive processes, and it has been widely applied
in computational models of sensorimotor integration. How-
ever, higher-level cognitive functions, such as updating beliefs
about one’s own sense of control, may also rely on processes
that resemble Bayesian integration. We conducted an experi-
ment in which participants navigated a spaceship through sec-
tions characterized by temporary control loss. They had to
use their knowledge about the environment to anticipate the
ship’s trajectory several steps ahead. Before each trial, partici-
pants rated how well they expected to perform; afterward, they
rated how much control they felt they had. Through model
selection, we found that both expectancy about one’s own per-
formance and objective measures of performance influenced
participants’ sense of control ratings. Additionally, the con-
trol rating from the previous trial predicted expectancy in the
following trial, suggesting a sequential updating process. We
implemented a sequential Bayesian updating model that inte-
grates prior expectancy and new performance evidence to in-
fer participants’ control judgments. We discuss the model’s
performance and limitations in light of our empirical findings.
Our goal is to integrate this framework into a cognitive model
using the ACT-R architecture. This is ongoing work, and we
share initial results.
Keywords: Action Control; ACT-R cognitive architecture;
Bayesian modeling; Belief updating; Cognitive modeling

Introduction
Humans hold beliefs about their ability to act, that are shaped
by prior and recent performance and individual weighting
of new performance evidence. (Tuckman & Sexton, 1990).
A reliable way to model this belief updating over time is
Bayesian updating (Moutoussis, Fearon, El-Deredy, Dolan,
& Friston, 2014), a framework that has been successfully ap-
plied to understand how the brain integrates information from
various sources.

Behavior is inherently goal-directed: when a goal is
achieved, the behavior is considered effective and associated
with good performance; when a goal is not met, the behavior
is seen as ineffective and consequently associated with poor
performance. Humans generate behavior based on a mental
model of the world, an internal representation of their envi-
ronment. This model helps them interpret objects and dy-
namics around them, anticipate future states, and make de-
cisions. By relying on this representation, individuals can
derive goals they want to achieve and determine the actions
needed to bring about the desired changes.

Self-belief about performance, or how capable an individ-
ual perceives itself to be, is a part of this mental represen-
tation. But the representation and self-belief are also inter-
connected in a bidirectional way: the representation guides
behavior, which in turn affects self-belief, and this updated
self-belief as part of the representation influences future be-
havior. This dynamical system of self-belief and behavior re-
sults in very efficient action control when we consider human
behavior.

We aim to integrate the Bayesian framework for self-belief
updating with a cognitive model of navigation. Our goal is
to develop a model that explains behavior as arising from a
mental representation of the environment, which includes the
agent’s self-belief. For this we use our custom-developed ex-
perimental environment, in which an agent steers a spaceship
while trying to avoid crashing into obstacles. We explore how
the mental model of the agent influences self-belief about per-
formance and interacts with personality traits. To achieve
this, we analyze and discuss how human experimental data
fits a Bayesian updating process. In a next step, we introduce
a cognitive model that we implemented in the ACT-R archi-
tecture. The ACT-R model features a situated state chunk
that reflects the representation of the environment. Behav-
ior is directly produced on the basis of the values held in the
chunk slots. We would like to integrate these frameworks to
give the model a sense of self-belief. This is ongoing work,
and we welcome discussions on how to best combine both
approaches.

Action Control
Action control is a broad concept describing how humans in-
teract with their environment. It includes the preparation, ex-
ecution, and regulation of actions. A core assumption is that
human behavior is goal-directed, meaning that actions are ex-
ecuted with a desired state of the environment (or the agent
within it) in mind (Frings et al., 2020). To do this, humans
rely on a mental representation of the environment, allowing
them to anticipate goal states and plan actions accordingly.

In real-world behavior, actions are rarely isolated. In-
stead, they form sequences of consecutive actions that are
closely interconnected. This makes studying action control
challenging. Despite these complexities, we focus on shed-
ding light on the process of action preparation. Specifically,
we investigate how people form self-beliefs about their own
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performance or control that is based on action control. We
consider the self-belief to be part of their mental represen-
tation of the environment, or more precisely, of themselves
within the environment. We propose that action preparation
is largely driven by self-belief and that actual performance,
in turn, feeds back into and updates this belief, creating a bi-
directional relationship.

To model this evolving process of self-belief updating
across trials, we plan to apply the Bayesian framework. But
first, we examine how inter-individual differences, measured
through the Big Five personality traits using the NEO-Five-
Factor Inventory (NEO-FFI) (Borkenau & Ostendorf, 2008),
are associated with this potential updating process. We
present a first iteration of a cognitive model of action prepa-
ration, specifying the cognitive processes necessary for effec-
tive action planning within a custom-developed experimental
environment. This model is implemented using the ACT-R
cognitive architecture (Anderson et al., 2004). Ultimately,
we aim on combining the Bayesian updating process and the
ACT-R model of action preparation. With this, we want to
contribute to the discussion on integrating mathematical mod-
els of cognition, such as Bayesian frameworks, with cogni-
tive architectures that take a more symbolic and structured
approach to modeling cognition.

Before an action is initiated, it must be prepared. A key
part of action preparation is the process of selecting an ac-
tion (Press, Gherri, Heyes, & Eimer, 2010). Often, multi-
ple actions can achieve the same outcome or slightly differ-
ent ones that still satisfy the goal state, and a choice must be
made between the different options. However, humans are not
optimal, but rather rational action controllers: we do not al-
ways choose the best possible option, but instead exhibit spe-
cific biases. Biases become especially pronounced under time
constraints, which is common in everyday life. In these situ-
ations, there is insufficient time to weigh all possible actions.
Affective beliefs, including the self-belief about one’s own
performance, are always present and influence action control.
These beliefs, along with situational information, contribute
to the action selection process through top-down processing.
In this case, top-down processes help prioritize actions based
on past experiences and internal goals.

Once an action is prepared, it is initiated and continuously
adjusted based on sensory feedback (Synofzik, Vosgerau, &
Newen, 2008). Prediction errors, differences between ex-
pected and actual sensory input while the action is executed,
guide these adjustments in real time. The ability to correct the
course of an action on the fly reduces the demand on the ini-
tial preparation/selection process. Action execution with the
prediction and matching of sensory feedback, can be modeled
using predictive coding (Rao & Ballard, 1999). One key as-
pect of this framework is that larger prediction errors require
larger adjustments to maintain the intended course of action.

Once an action is completed, its outcome can be evalu-
ated: whether or not the action goal was met. This evaluation
may trigger adjustments, but unlike the real-time adjustments

at the sensorimotor level that refine the course of an action,
these occur at a higher cognitive level within the action con-
trol hierarchy. If the intended outcome is not achieved, for
example, the mental model of the environment may need to
be adjusted, as the failure implies that the current representa-
tion was inaccurate.

There are two different adjustments that can be made at
this level. First, the representation of the environment may
be refined, improving how the individual perceives and antic-
ipates interactions within it. Second, the self-belief - a meta-
cognitive construct reflecting, among other aspects, how the
individual perceives itself as an efficient agent within the en-
vironment - may be updated, either strengthened or weak-
ened depending on whether the action goal was achieved or
not (Müller-Pinzler et al., 2022). These adaptations influence
future action preparation, changing action selection in a way
that enhances the likelihood of successfully achieving action
goals; interacting more efficiently with the environment.

Self-Belief and Self-Belief Updating
Self-belief is shaped by both stable traits and dynamic,
context-dependent confidence. This distinction was shown
in fMRI studies, where global self-performance, a trait-like
aspect of self-belief, was associated with activity in the ven-
tral striatum, while local confidence, which varies with situa-
tional demands, was reflected in frontoparietal network activ-
ity (Rouault & Fleming, 2020).

Moreover, evidence suggests that self-belief is continu-
ously updated through Bayesian inference, where prior ex-
periences of meeting action goals are integrated with new ev-
idence about the own performance (Moutoussis et al., 2014).
The stable trait of global self-performance influences this up-
dating process, regulating how much weight is given to new
evidence that is either positive or negative.

In the following, we present an experiment designed to
assess self-belief based on individual performance, with the
goal of modeling it as a Bayesian updating process. We
also examine all five personality traits of the Big Five, using
the NEO-FFI questionnaire, under the assumption that these
traits might influence how new evidence is weighted in the
self-belief Bayesian updating process.

For the time being, we focus on deriving self-belief from
action preparation (based on mental representations) and not
from the ability to correct poorly prepared actions during
execution. Therefore, we have designed our experimental
paradigm in such a way that excludes the possibility to cor-
rect actions in real time. This presented a methodological
challenge, which we address with an environmental feature
we call drift (see experiment section).

Methods
Experiment
The main part of the experiment consists of a game in which
participants have to steer a spaceship through a closed en-
vironment which is bounded by walls on both sides, left
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and right. The experimental environment is implemented
in Python (Van Rossum, Guido & Drake, 2009) using the
PyGame package (Shinners, 2011) and runs at 60 FPS1. The
spaceship automatically moves downwards through the envi-
ronment at constant speed. Participants are tasked to avoid
crashing into walls or obstacles and make it to the finish line
at the bottom of the environment. They can use the keyboard
to move horizontally: [Y] for left and [M] for right. The
spaceship is always displayed in the screen center and the en-
vironment will shift around the spaceship. Therefore, if par-
ticipants want to move to the right, the whole environment is
shifted to the left instead.

Participants encounter so-called drift sections, indicated by
a red bar on either side. Once the spaceship enters a drift
section with the red bar displayed for example on the right
side, the spaceship will be pushed to the left for the duration
of the drift section; the length of the red bar (if in contrast
the red bar is displayed on the left, the spaceship is pushed
to the right). An example of such a drift section can be seen
in Figure 1. Within a drift section, it is not possible for the
participants to steer, i.e. pressing the Y and M keys does not
have any impact on the spaceship’s movements. However,
the horizontal push of the drift is constant and can therefore
be anticipated once the participants have learned about it.

Drift is the key environmental feature that participants
must mentally represent to accurately predict the spaceship’s
trajectory and to effectively prepare for drift sections.

Figure 1: Depiction of an instance within the experimental
environment. Shown here is the space of the environment
that is drawn on the screen during the experiment. Obstacles
are scattered between the two walls on the left and right. The
red bar indicates a drift section with push to the left.

The study is divided into multiple levels. Every level con-
sists of four sequential drift sections. Obstacles that need to
be avoided are placed solely within drift sections. All drift
sections have the same length, but the distance between two
following sections and the side on which the red bar is dis-
played (its push direction) vary. Levels were created ran-
domly including the position of the obstacles, but it was en-
sured that there is always a possible way for the spaceship to

1Git repository containing the experimental environment.

navigate through them.
If participants manage to pass all four drift sections, they

reach a green line at the end which means the level is suc-
cessfully completed. It took on average 18.64 seconds (3.53)
to complete a level (deviations may occur due to rendering of
the game environment). If the spaceship crashes into an ob-
stacle or in one of the walls, the level ends prematurely and a
display is shown with a notification about the crash.

Procedure
Before participants started with the actual trials of the ex-
periment, a training level was presented to familiarize them
with the environment and steering the spaceship. The train-
ing level consisted of multiple drift sections, first without and
then with obstacles. If participants crashed during the train-
ing, the training level was presented again until they success-
fully navigated through it once to ensure the task was suffi-
ciently understood. After that, the trials started. In total, there
were 80 different levels. If a participant failed to complete a
level, the same level was presented again - up to three times in
total - later during the experiment (level was inserted at a ran-
dom position within the sequence). Before every trial, partic-
ipants were asked to rate the expectation of their own perfor-
mance in the upcoming trial (”In the upcoming run, how good
do you think you will perform?”) on a scale ranging from 1
(”very poorly”) to 7 (”excellent”) which we will refer to with
the term expectancy from now on. After each trial, they had to
rate their sense of control (SoC; ”In the most recent run, how
strong was your feeling of control?”) on the same scale (1-7)
which is here used to assess self-belief. Depending on the par-
ticipants’ performance, the main part of the experiment took
approximately 40-55 minutes. After having completed the
trials, participants were asked to fill out two questionnaires.
The first one was the German version of the 30 items NEO-
FFI which is commonly used to assess the Big Five personal-
ity traits: Openness, Conscientiousness, Extraversion, Agree-
ableness, and Neuroticism. The second questionnaire was a
short four item questionnaire asking for video game exper-
tise such as the frequency and types of games played (Nolan,
2022). From briefing to debriefing and including time for po-
tential questions by participants, the whole experiment took
approximately one hour and 10 minutes.

Data Analysis
A total of 26 participants were collected between 09.02.2025
and 12.05.2025 and data collection was completed since sub-
mitting the first version of this paper. Below we describe the
final model selection.

We used linear mixed modeling (Bates, 2015) in the R pro-
gramming language (R Core Team, 2022) to analyze the fac-
tors influencing responses to both the SoC and expectancy
question separately. A Box-Cox distributional analysis (Box
& Cox, 1964) showed that the predicted variable SoC re-
quired a square root transformation. No transformation was
required for expectancy. We included participant ID as a ran-
dom intercept for both model selections.
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Either model selection was done applying the follow-
ing procedure. We determined the fixed effects structure
by comparing Bayesian Information Criterion (BIC) values
(Chakrabarti & Ghosh, 2011). Since BIC penalizes models
with more parameters while also accounting for the number
of observations, this approach helps prevent overfitting and
ensures a simpler final model. Starting with a full model
that included all possible fixed effects, we removed individual
variables step by step. After each removal, we compared the
new model’s BIC with the previous one. Once the fixed ef-
fects structure had been determined, we evaluated the random
slopes by also referring to the BIC - starting with the full ran-
dom effects structure and removing individual random slopes
step by step. This way, we successively approached the best
model structure for the present data set.

All models were fitted using the maximum likelihood cri-
terion and we used a random seed (36) for reproducibility of
our results2.

Results
On average participants successfully solved 24.02% (0.07) of
the trials.

For the effects in the linear models predicting SoC and ex-
pectancy, we report parameter estimates along with their stan-
dard deviations, confidence intervals (obtained from paramet-
ric bootstraps with 10,000 iterations), and p-values.
SoC. We predicted SoC responses on a trial-by-trial basis.

Referring to the intraclass correlation coefficent of a null
model, participant ID accounted for 46.05% of the total vari-
ance in SoC responses, indicating a notable individual differ-
ence component.

The initial model included all five dimensions of the NEO-
FFI. However, none of these factors remained in the fi-
nal model after model selection. The final model featured
the following predictors: expectancy (response to the ex-
pectancy question before the trial), Ndri f t (how far partici-
pants progressed in the trial, ranging from 0 to 4), and crashed
(whether the participant crashed in the current trial).

The higher participants expected their performance to be,
the higher they rated their own control during the trial
(β = 0.10, σ = 0.01, 95% CI [0.07, 0.12], p < .01). Actual
performance also influenced SoC. It increased with the num-
ber of successfully completed drift sections (Ndri f t ; β = 0.07,
σ < 0.01, 95% CI [0.06, 0.08], p < .01). Conversely,
SoC decreased when participants crashed in the current trial
(β = -0.32, σ = 0.04, 95% CI [-0.39, -0.24], p < .01).
Expectancy. We again predicted expectancy on a trial-by-
trial basis.

In a null model, the intraclass correlation coefficent indi-
cated that participant ID accounted for 58.90% of the total
variance in expectancy responses, highlighting significant in-
dividual differences also in performance expectations.

2Git repository containing data and R analysis script (and also
the sequential Bayes model described later).

The final model predicting expectancy included two pre-
dictors: Ncrash−success (the number of times a participant
crashed but successfully completed the very next trial) and
SoCn−1 (the SoC response from the previous trial).

Interestingly, after random slopes had been selected,
Ncrash−success did not yield significance (β < 0.01, σ < 0.01,
95% CI [<-0.01, 0.02], p = .153). However, higher SoC rat-
ings during the last trial were associated with significantly
greater expectancy, increasing with each point on the 1–7
scale (β = 0.34, σ < 0.01, 95% CI [0.33, 0.36], p < .01).

Discussion of Experimental Data
SoC as self-belief was influenced by both prior expectancy
and new evidence about performance. However, against our
hypotheses, there were no significant effects for any of the
NEO-FFI personality dimensions. We assume that SoC re-
sults from a sequential updating process that can be modeled
in Bayesian terms, where expectancy serves as the prior and
new evidence about performance acts as the likelihood. In
this framework, we had expected personality traits to modu-
late how prior and likelihood are weighted during updating,
but the lack of significant personality effects implies a more
uniform updating process across individuals.

Expectancy was mainly explained by the last trial’s SoC,
suggesting that the posterior belief from the previous trial car-
ries over into the next one as prior knowledge, consistent with
our Bayesian interpretation. Based on these findings, we have
now constructed a mechanistic Bayesian updating model of
self-belief that defines the sequential updating process we as-
sume to be underlying SoC.

Sequential Bayesian Updating of Self-Belief
We translated the findings of our model selection directly into
the structure of a Bayesian updating model of self-belief. We
introduce weighting parameters driving the relative influence
of prior expectancy and new performance-related evidence.
The prior weight is fixed at 1, a reference, while the weight
on the likelihood is treated as a free parameter that the model
estimates from the data. This parameterization allows us to
examine how strongly participants rely on new evidence rela-
tive to their prior expectations when forming SoC judgments.

βi,1 and βi,2 denote the participant-specific regression co-
efficients. The likelihood components are Ndrift

i,t , representing
the numerical drift evidence on trial t for participant i, and
Ci,t , representing the crashed evidence. The log-likelihood
weight is then given by:

logwi,t = βi,1 ·Ndrift
i,t +βi,2 ·Ci,t (1)

The resulting likelihood weight is:

wi,t = exp(logwi,t) (2)

The predicted SoC, denoted µSoC
i,t , is computed as a

precision-weighted average of prior and likelihood:
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µSoC
i,t =

Priori,t +wi,t ·Ndrift
i,t

1+wi,t
(3)

Finally, the observed SoC judgments are normally dis-
tributed around the posterior mean:

SoCi,t ∼ N
(

µSoC
i,t , σ

2
)

(4)

Dynamic Likelihood Weighting
In this paper, we cannot examine every participant, but we
highlight a small selection as examples. Their individual
likelihood weighting results are shown in Figure 2. We di-
vided these participants into low and high performers, based
on the idea that performance (i.e., the likelihood) would influ-
ence how strongly it is weighted when rating one’s own SoC.
However, we do not observe a clear difference in likelihood
weighting based on performance level. While we expected
high performers to give more weight to performance evidence
(a), we also see that some high-performing individuals assign
relatively low weight to it (though the likelihood weight is
still higher than that of the prior which is indicated by the
dashed line). Similarly, low-performing individuals (b) may
also place a strong emphasis on performance evidence when
forming their SoC. We had expected that, especially among
low performers, personality traits might help explain these
differences in weighting. However, since the personality ef-
fects were not significant, we cannot draw firm conclusions
about the source of these individual differences.

To evaluate the overall fit of our Bayesian model and its
ability to predict individual SoC ratings, we computed the
root mean squared error (RMSE) between predicted and ob-
served ratings. The model yielded an RMSE of 0.87 (SD =
0.22), indicating that, on average, predicted ratings deviate
from actual ratings by nearly one point on the 7-point SoC
scale. Moreover, the model’s goodness of fit for individ-
ual participants is not explained by their overall success rate.
That is, the model does not systematically predict SoC ratings
more accurately for high performers than for low performers.
While the RMSE shows that the model captures overall pat-
terns in the data, it fails to account for more dynamic within-
participant changes in weighting across trials.

Figure 2 suggests that the model underestimates abrupt
shifts in how participants rely on performance evidence. For
instance, in some cases, a crash followed by a successful trial
seems to trigger a sharp increase in the weighting of the like-
lihood - an effect the model does not fully anticipate and
thus may lead to systematic prediction errors in these situa-
tions. This is most likely due to the current model’s estimated
weighting parameter being based only on how many drift sec-
tions had been encountered (Ndrift

i,t ) and whether there was a
crash or not (Ci,t ; Equation 1). These limitations highlight ar-
eas where the model could be refined and should be kept in
mind when evaluating its predictive performance.

During model selection, we considered Ctrial−1 as a poten-
tial fixed effect for SoC, but it was excluded from the final

model. One possibility is that the model is currently missing
a relevant interaction between Ctrial−1 and Ndri f t , which may
be necessary to improve predictive accuracy. A clear next
step in our analysis is to revisit the model selection process
with this interaction term included.

Once the Bayesian model reliably captures how partici-
pants form judgments about their sense of control (SoC) and
the information they rely on, we can embed this mechanism
into our cognitive model of action preparation. The aim is for
the cognitive model to use the current SoC as a basis for ac-
tion planning and to adapt its behavior dynamically, depend-
ing on how much in control it perceives itself to be.

We have already begun developing a model of action
preparation that starts with a rough idea of drift (how long it
lasts and how far it pushes) and refines its internal representa-
tion over time through acting within the DodgeAsteroids en-
vironment. In the following section, we provide a conceptual
overview of this model.

A Computational Cognitive Model of Action
Preparation

The ACT-R cognitive architecture (Anderson et al., 2004)
separates declarative memory (facts, concepts) from proce-
dural memory (how-to knowledge/rules). This makes it well-
suited for our purposes, as the model can encode an initial
impression of drift as a chunk in declarative memory, which
is then turned into effective procedural strategies. But, using
ACT-R for this kind of learning process also presents chal-
lenges. It requires careful design of how declarative knowl-
edge, such as different representations of drift, is encoded and
retrieved. The model must also handle increased complexity
when the environment contains subtle or probabilistic cues,
which can be difficult to represent and act on within a sym-
bolic framework. Since the ACT-R model is not the primary
focus of this paper, we provide only a brief overview.

Model Components and Functions
Our model of action preparation is implemented using a hy-
brid approach. Some of the core components are written in
Python and executed within ACT-R running in Lisp, using
the py4cl library for interoperability. The Python experimen-
tal environment and the ACT-R model communicate through
ACT-R’s RPC interface, managed by a socket connection.

Drift is encoded as a vector in the situated-state chunk
within declarative memory. This chunk includes slot values
for the predicted horizontal displacement (drift-x), the esti-
mated duration of the drift (drift-y), and the direction from
which the drift originates (drift-direction), based on the
side where the red drift-indicating bar is perceived. In our
current model, drift-x is initialized with a random value
and drift-y is set to the true length of the drift section. The
chunk also stores the spaceship’s current horizontal and ver-
tical position (agent-x and agent-y), providing a unified
representation of both, the environmental dynamics and the
agent’s state. The chunk is retrieved when the model per-
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(a) High performers (b) Low performers

Figure 2: Dynamic likelihood weighting across trials for four participants, grouped by (a) high and (b) low performance. Axes
are scaled equally for better comparison. Dashed lines indicate the fixed prior weight of 1. The low-performing individuals
required more trials to complete the experiment and are identified by lower success rates (in parentheses after participant IDs).
There is no clear difference in likelihood weighting between high and low performers. In both groups, there are individuals
who place considerably more weight on the likelihood, as well as those who weight prior and likelihood nearly equally.

ceives a red object just outside the environment’s walls, either
on the left or right, which serves as a retrieval cue.

To prepare an action, the model uses the values in the
chunk to project a drift vector onto the upcoming drift sec-
tion, ensuring that the vector does not pass through any
of the obstacles. The drift vectors x-component corre-
sponds to drift-x, while the y-component corresponds to
drift-y. The sign of the x-component is determined by
drift-direction (that is, whether the drift originates from
the left or right side of the agent) so that the vector points in
the correct horizontal direction when projected. The vector is
anchored at the vertical start of the drift section. The model
then selects a high-level goal: the position it aims to steer
toward, based on the starting point of the projected trajec-
tory. It must learn that not all positions can be reached from
the current position of the spaceship, agent-x and agent-y.
Depending on the spaceship’s horizontal position, the vertical
distance to the drift section might not allow enough time to
steer horizontally to the target position given by high-level
goal-x. This requires balancing between the safest available
path and one that is physically achievable.

Motor control in the model is straightforward. Once a
high-level goal is selected, the model compares the goal’s x-
coordinate with the current horizontal position of the space-
ship (agent-x). If the goal lies to the left, it initiates a Y-key
press; if to the right, it initiates an M-key press. In cases
where no high-level goal is defined, the model defaults to
steering toward the horizontal center of the environment.

It is important to note that we consider this vector-based
computation a hack rather than an exact cognitive process.
Humans likely do not engage in explicit vector calculus to
plan movement. Instead, we assume they rely on heuristics
based on spatial features. To better reflect this in upcoming
iterations, we will define ACT-R production rules that capture

rule-based action preparation.

Next Steps
Our next steps focus on two main objectives: reconsidering
the parameterization of the Bayesian updating process un-
derlying self-belief, and refining the computational cognitive
model of action preparation. Through the exploration of ad-
ditional interactions, for example between Ctrial−1 and Ndri f t ,
we aim to capture more accurately how prior experiences and
new performance outcomes dynamically influence belief up-
dating. Additionally, we plan to expand the Bayesian infer-
ence mechanism to support probabilistic updating of hypothe-
ses about the drift environmental feature, enabling the model
to adapt more flexibly to uncertainty in task dynamics.

We will continue refining our computational cognitive
model to align more closely with human behavior, improv-
ing its mechanisms for action selection and navigation. The
model is supposed to successfully complete trials at a level
comparable to human participants. Once this is achieved, we
plan to integrate the Bayesian updating framework into the
cognitive model, allowing it to explain both performance and
self-belief updating in response to task outcomes.

A key challenge remains in effectively combining these
two modeling frameworks. One potential method is embed-
ding the mathematical model identified through model selec-
tion into the ACT-R cognitive architecture. This would allow
the cognitive model to not only replicate human performance
but also dynamically update self-belief based on task out-
comes. However, we seek to explore alternative ways of inte-
grating these frameworks beyond simply embedding a data-
driven mathematical model within ACT-R. Future work will
focus on different integration approaches to develop a unified
framework that captures both action control and self-belief
updating in a cognitively plausible manner.
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Abstract

Human’s systematic cognitive processes are vulnerable to
misinformation-related effects. For example, misleading in-
formation can have a lasting influence even after it has been
corrected. This continued influence effect (CIE) was found to
be resistant to mitigation in experiments. Leading explanations
are memory-based, but some include emotion and/or reason-
ing. However, mixed findings have hindered our understand-
ing of the phenomenon. We argue that cognitive models are
uniquely suited to help clarify these mixed findings and the-
ories through specification of underlying mechanisms, testing
hypotheses, and identifying why and when mitigations are ef-
fective. We start by discussing relevant experimental findings,
then present an updated cognitive model of the CIE, compare
model fits to two experiments across three model variations,
and discuss the results along with recent exploratory analyses
with previous experiments.
Keywords: ACT-R; Cognitive modeling; misinformation;
continued influence effect; knowledge representation; affect

Introduction
Humans often leverage heuristics that exploit statistical reg-
ularities (i.e., cues) in the environment, which can lead to
successes (Gigerenzer & Gaissmaier, 2011) and systematic
failures (Kahneman, 2011). Failures are usually related to
applying a heuristic in the wrong context or when the envi-
ronment is ”hostile” and the diagnostic cues are misleading,
limited, or manipulated (Stanovich, 2018). These heuristic
vulnerabilities were successfully leveraged to spread misin-
formation in the past (Lewandowsky et al., 2013) and can
now be spread more quickly (Vosoughi et al., 2018). Here,
we focus on a specific vulnerability, the continued influence
effect (CIE; (Johnson & Seifert, 1994; Lewandowsky et al.,
2012)), where misinformation is presented and has a persis-
tent effect on decisions even after it has been corrected.

The CIE
CIE experiments typically present two narratives about sce-
narios (i.e., events), where one contains misinformation and
the second has a correction. In general, corrections reduce,
but do not eliminate misinformation reliance (Ecker & An-
tonio, 2021; Ecker et al., 2017; Johnson & Seifert, 1994).
Explanations suggest memory is permanent, but varies in
strength due to re-activation or association with different in-
formation (Wilkes & Leatherbarrow, 1988). One account
focuses on issues with memory retrieval, such as compet-
ing memory activations (Ayers & Reder, 1998; Ecker et al.,

2010), recency effects (Ecker et al., 2015), or familiarity-
based fluency (Ecker et al., 2011). These processes can
lead to errors. However, if detected, errors can be avoided
through directed retrievals and/or reasoning, leading to more
thorough consideration of information (Pennycook & Rand,
2019; Stanovich, 2018). An alternative account involves the
preference for mental models that are more complete or co-
herent, which may involve causal information, believability,
or interconnected details (Gentner, 1983; Johnson & Seifert,
1994; Lewandowsky et al., 2012; Wilkes & Leatherbarrow,
1988). Misinformation may be preferred when it is part of
a more complete mental model or the correction cannot be
integrated, which may create a feeling of discomfort (Ecker
et al., 2011; Susmann & Wegener, 2022). Feelings alone
can also influence memories by making them easier to recall
(Yonelinas & Ritchey, 2015), with a greater effect for nega-
tive information (Vaish et al., 2008; Williamson et al., 2019).
However, the extent emotion influences memory related to
misinformation is still unclear (Phillips et al., 2024).

Research covered a range of correction methods to miti-
gate and explain the CIE (Prike & Ecker, 2023; Walter &
Tukachinsky, 2020), and some individual differences (e.g.,
Brydges et al. (2018)), however, findings are rather incon-
sistent. There are likely interactions between the content of
events, sources of influence, individual differences (e.g., prior
experience), and mitigations (Hough et al., Under review).
We argue computational cognitive models could help provide
a clearer understanding of the CIE by testing explanations in
different contexts and help to determine how, when, and why
context and sources of influence interact. Here, we extend
a basic computational cognitive model framework (Hough &
Larue, 2024) by including an additional model variant and ex-
perimental dataset to show differences resulting from degree
of encoding, affect, and memory rumination.

Modeling the CIE
We implemented our CIE model within the ACT-R cognitive
architecture (Anderson, 2007). ACT-R is a hybrid cognitive
architecture with symbolic and sub-symbolic structures, and
modules representing systems of the mind. The CIE model
uses the goal module for the model’s focus and storage of
goal-relevant information. The vision module allows visual
perception, and the imaginal module serves as temporary
working memory. The declarative memory module stores in-
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formation as chunks and captures memory dynamics. The
procedural memory module uses condition-action rules (i.e.,
productions) to represent knowledge about how to do things
and to drive behavior. Here we focus on declarative memory
and affect mechanisms to capture the CIE and compare three
model variants we used to fit data from two experiments. All
model materials are accessible at: http://act-r.psy.cmu
.edu/?post type=publications&p=35275.

Declarative Memory and Affect Mechanisms
Through chunk activation, ACT-R declarative memory can
capture memory retrieval and mental model effects. Chunks
are the basic unit of declarative memory. They include slots
with values and have an activation value corresponding to
the probability and speed of its retrieval in a given situation
(Anderson, 2007). Chunks often compete because they match
a retrieval request, but the chunk with the highest activation
is more likely to be retrieved. Here, we reduced the terms of
the standard activation equation to just base level activation,
Bi, which represents recency and frequency of chunk use, and
activation noise, εi, representing variability in memory. The
base level term, Bi, is important for opposing dynamics of
learning with experience and forgetting across time: ni, is
the number of times chunk i has been used or retrieved, ti j is
elapsed time in seconds since the jth retrieval, and d ∈ [0,1]
is a decay parameter. If used, the base-level constant, βi, is a
constant offset to the equation.

Ai = Bi +εi +(Vi ∗vw)+(Ari ∗aw) Bi = log

(
ni

∑
j=1

t−d
i j

)
+βi (1)

We added valuation, Vi, and arousal, Ari, terms to the
equation, with their accompanying weights (i.e., vw and aw).
These terms approximate emotion dynamics based on the
core affect theory of emotion (Russell & Barrett, 1999),
which focuses on feelings underlying emotion using two di-
mensions: valuation (positive or negative) and arousal (mag-
nitude). Previous work developed a valuation module (Juvina
et al., 2018) to compute the valuation, Vi, and arousal, Ari,
terms. The current valuation of chunk i at the jth use is based
on its previous valuation Vi( j−1) and the difference between
the previous valuation and current reward Ri( j) multiplied by
a valuation learning rate av. Arousal is the absolute magni-
tude of valuation and represents the importance of a chunk:

Vi( j)=Vi( j−1)+av[Ri( j)−Vi( j−1)] Ari( j)= abs(Vi( j) (2)

Valuation and arousal are updated each time a chunk is ref-
erenced within a time window. They affect activations and
can be used as retrieval cues. This aligns with research sug-
gesting emotional memories are more accessible (Buchanan,
2007) and/or easier to recall (Yonelinas & Ritchey, 2015).
For example, if negative affect was associated with a chunk,
its activation would increase. It could persist over time and
affect decision-making despite the accumulation of conflict-
ing, more neutral, evidence.

Table 1: Declarative and valuation parameters for the Ecker
and Antonio (2021) experiment and Bruns et al. (2023) ex-
periment (in parentheses if different).

Memory Memory-affect Updated-memory
Retrieval threshold 0 0 0
Base-level decay 0.5 0.5 0.5
Activation noise 0.25 0.25 0.45 (0.25)
Base-level constant 2.5 2.5 0
Declarative finst num 1000 1000 1000
Declarative finst span 1000 1000 1000
Initial valuation - 1 -
Valuation weight - 2 -
Valuation learning - 1 -
Valuation time window - 0.5 -
Arousal weight - 1 -
Word affect scaling - 10 (1) -
Source affect - 0.4-1.4 (5) -

Model Descriptions and Processes

In this paper, we compare and contrast three CIE model vari-
ants: Memory, Memory-affect, and Updated-memory. De-
spite having features of both the memory error and mental
model explanations above, we did not explicitly create any
variant to directly represent them. Variants have features of
both, but we argue the Memory and Memory-affect variants
better align with the memory encoding/retrieval error expla-
nation, and the Updated-memory with the mental model ex-
planation. The Memory variant was used as a base for the
other two model variants. Changes from the base model (i.e.,
Memory) included parameter values (Table 1), productions
(Figure 1), and/or the activation equation (Equation 1). We
start by describing the Memory variant and move on to the
other two variants.

Memory The Memory variant used six declarative memory
parameters and the first three were previously discussed: 1)
base-level constant, βi, was set to 2.5 (0 is default), 2) base-
level decay, d was set to the default of .5, 3) activation noise,
εi, was set to .25 (recommended range is .2-.8), 4) Retrieval
threshold restricts which chunks can be retrieved based on
activation and was set at the default value of 0. The last two
parameters: 5) declarative finsts that sets number of items
marked as retrieved, and 6) declarative finst span that sets the

Table 2: Full football scenario (Ecker & Antonio, 2021) with
misinformation in bold and correction italicized.

Football Scenario
Stockholm FC star player Emil Larsson will not be available for the opening match
of the Swedish Superettan league season.

Larsson is believed to have tested positive to performance enhancing drugs.

The 27 year-old signed with Stockholm at the beginning of the 2012 season and
has since become one of their strongest players.

Larsson scored 23 goals in his first season with Stockholm, and gave 11 assists.

Club president Asgeir Soerenssen, who recently refused several lucrative offers to
sell Larsson, was not available for comments.

Recent acquisition Lucas Johansson is predicted to take Larsson’s position in the
opening round match against arch-rival Goteborg SK.

Oliver Lindgren, SOURCE, stated that “I do not believe that Larsson has engaged
in drug use.”

Under recently introduced rules, players suspended for drug-related offenses will
not receive pay throughout the duration of their suspension.
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Table 3: Football scenario parsed into word pairs/chunks and
categorized as neutral, misinformation, and correction.

Type Word Pairs/chunks
Neutral (Stockholm star-player) (star-player Emil-Larsson) (Emil-

Larsson not-available) (not-available opening-match) (club-
president Asgeir-Soerenssen) (Asgeir-Soerenssen refused-sale)
(refused-sale Emil-Larsson) (Stockhold aquired) (aquired
Lucas-Johansson) (Lucas-Johansson replace) (replace Asgeir-
Soerenssen) (performance-drugs suspended) (suspended no-
pay)

Misinformation (Emil-Larsson tested) (tested positive) (positive performance-
drugs)

Correction (Oliver-Lindgren source) (source statement) (statement I-
do-not-believe-that-Larsson-has-engaged-in-drug-use) (Emil-
Larsson not-engaged) (not-engaged performance-drugs)

time items remain marked, were both essentially shut off by
setting higher than recommended (i.e., 1000) to prevent an
endless loop of retrievals.

The Memory variant focused on retrievals and chunk ac-
tivation changes based on declarative memory dynamics to
capture competition between misinformation and corrections.
There are two main sets of processes that: 1) read text and
create chunks, and 2) navigate chunks in memory by chain-
ing them together based on associations and then giving a
simulated summary of the content (Figure 1). Before infor-
mation was presented to the model, we parsed the experimen-
tal materials (Table 2) into word pairs (Table 3). We provided
an in-context learning example to ChatGPT (e.g., Romero et
al. (2023)) and had to use the output as a guide to manually
generate words pairs for most of the materials due to dra-
matic changes to ChatGPT (we are working on a better long-
term solution). During the first set of processes, the model
is presented with word pairs in Table 3 one at a time. The
model finds, attends, and reads a word. If the model can’t as-
sociate words (i.e., only one word was read), then searches
for another word to read (i.e., keep-reading). Once two
words are read, the model attempts to retrieve (i.e., retrieve-
assoc) a matching chunk and if not possible, it creates a new
chunk (i.e., create-assoc). Once all experimental materials are
read and encoded into memory, the model starts the memory
chaining processes. It starts by openly retrieving a chunk for
a random scenario (i.e., retrieve-scenario-info) and encoding
it (i.e., encode-scenario-info). Next, it attempts to find the
root or start of chunk chain through back-chaining (i.e., find-
chain-root) using the first word of the encoded chunk (e.g.,
tested positive) and trying to retrieve a chunk with a match-
ing second word (e.g., Emil-Larsson tested).

If a chunk was retrieved, it is encoded (i.e., encode-back-
chain), otherwise the root is considered found and back-
chaining stops (i.e., found-root). Next, the model attempts
to parallel chain using the first word of the root (e.g., Emil-
Larsson not-available) to find a chunk with the same first
word (e.g., Emil-Larrson tested). Parallel chaining prevents
some chunks from being neglected and can link informa-
tion from different chains. If such a chunk is retrieved, it
is encoded (i.e., encode-parallel-chain) and if not, forward
chaining is started (i.e., start-forward-chain). The model uses

Figure 1: CIE Model Framework Processes.

the second word of the currently encoded chunk (e.g., Emil-
Larsson tested) to find a chunk with a matching first word
(e.g., tested positive). If a chunk is retrieved, it is encoded
(i.e., encode-forward-chain) and if not, the chain is consid-
ered complete and the model starts a new chain (i.e., find-
new-info). If the open retrieval (i.e., retrieve-scenario-info)
fails because chunks are marked as recently retrieved and/or
their activations are below the retrieval threshold, memory
navigation is complete and the model prepares a summary an-
swer (i.e., start-answer). The model uses the same navigation
processes, excluding parallel chaining (see dotted lines), to
find the most active chunk and the chain it belongs to; which
is given as the answer (i.e., answer).

Memory-affect The Memory-affect variant included val-
uation and arousal terms that were added to the activation
equation (equation 1), and affect was associated with con-
tent when reading and reinforced during retrieval/encoding
(red borders in Figure 1). We used valance and arousal val-
ues scaled from 0-1 (i.e., below .5 is negative and above
is positive) from the 20,000 word NRC Emotion Lexicon
Mohammad (2018) to specify affect associated with words.
We collapsed valence and arousal values into a single posi-
tive reward (i.e., greater than 0) so that negative valence had
a greater value, arousal ∗ (1 − valence). We scaled values
(Table 1) so that they were high enough to influence chunk
activations. We specified source affect based on source cred-
ibility and trustworthiness ratings collected in the two exper-
iments we used for model fitting (Bruns et al., 2023; Ecker
& Antonio, 2021). These values ranged from .4-1.4 across
the five source conditions for one experiment (Ecker & Anto-
nio, 2021) and were set to 5 for a single source for the other
(Bruns et al., 2023) Based on previous work with the valua-
tion module (Juvina et al., 2018), we used rewards to update
both valuation and arousal terms in the activation equation.
These rewards were scaled differently based on valance and
arousal values for words (0-1 * scaling value) and ratings for
information sources for the two experiments (Table 1). To
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align with previous research (Vaish et al., 2008; Williamson
et al., 2019), words with negative valence increased activa-
tions more than positive. We used five valuation parameters:
1) valuation weight (2), 2) valuation alpha or learning rate
(1), 3) valuation time window (.5), 4) arousal weight (1), and
5) initial chunk valuation (1).

Updated-memory We leveraged declarative finsts to re-
strict retrievals to chunks not recently retrieved for the open
retrieval (i.e., retrieve-scenario-info) and during backward,
parallel, and forward chunk chaining to prevent infinite chain-
ing loops with additional datasets. The downside was that
some chunk chains were unable to complete because some
of their chunks had already been retrieved. Therefore, inter-
connected chunks (i.e., chunks that can chain or link to many
other chunks) were not retrieved as much as originally in-
tended and their activation was less affected by memory nav-
igation. We argue that this results in a less coherent men-
tal model. The Updated-memory variant was developed to
address this issue. Our initial solution, which still had limi-
tations that we address in the discussion, was to modify the
open retrieval (i.e., retrieve-scenario-info) that started the pro-
cess for each chain and to reset declarative finsts (i.e., chunks
marked as retrieved) at the end of each chain. We created an-
other list of non-retrieved chunks so that the model would re-
trieve each chunk for a given scenario and find the chain it be-
longed to. The result is that more interconnected chunks (i.e.,
are present in more chains) are retrieved significantly more.
In addition, we eliminated the parallel chaining productions
(Figure 1), set the base-level constant, βi, to the default of 0,
and increased activation noise to .45 (Table 1).

Ecker and Antonio (2021) Experiment 1
In experiment 1 from Ecker and Antonio (2021), 53 partic-
ipants (62% female and mean age 18.6) from the Univer-
sity of Western Australia read narratives about six scenar-
ios (i.e. anti-viral drug, fishing restrictions, food additives,
football scandal, joint condition treatments, and water con-
tamination) with embedded misinformation and corrections.
Each scenario had a different correction source that varied

Figure 2: Misinformation belief/activation across scenarios
for human and model data. Error bars are SEM.

Figure 3: Misinformation belief/activation across source con-
ditions for human and model data. Error bars are SEM

in ”quality” (i.e., no retraction [NoR], low expertise/trust
[LELT], low expertise/high trust [LEHT], high expertise/low
trust [HELT], high expertise/trust [HEHT], and highest ex-
pertise/trust [HEHT+]), and was counterbalanced across six
versions. Participants answered 10 open-ended and interfer-
ence questions to comprise a misinformation reliance score,
and rated beliefs in misinformation and corrections. Here, we
focused on belief scores and approximated them by calculat-
ing the average activation for misinformation and correction
chunks. We normalized belief scores and activation for misin-
formation by dividing values for misinformation by the sum
of misinformation and correction values. We simulated 60
participants (i.e., 10 for each counterbalancing version) for
each model variant. We first compared model fits across nar-
rative scenarios using a correlation and root mean squared er-
ror (i.e., RMSE), however, we emphasize RMSE as the main
indicator of fit. The Updated-memory variant had the lowest
RMSE, r(8) = 0.11, p = 0.86,RMSE = 0.04, followed by the
Memory-affect variant, r(8) = 0.65, p = 0.24,RMSE = 0.05,
and the Memory variant, r(8) = −0.10, p = 0.87,RMSE =
0.10 (Figure 2).

Next, we compared model variants for source condi-
tions, which were arranged from least to highest qual-
ity. We note that only the Memory-affect model is sen-
sitive to the quality of source information. The Updated-
memory variant had the lowest RMSE, r(10) = 0.29, p =
0.57,RMSE = 0.07, followed the the Memory-affect vari-
ant, r(10) =−0.09, p= 0.86,RMSE = 0.10, and the Memory
variant, r(10) =−0.32, p = 0.53,RMSE = 0.12 (Figure 3).

Bruns et al. (2023) Experiment
In Bruns et al. (2023), 2,614 participants were recruited from
Europe and read one of three claims (i.e., misinformation)
about climate change and a separate correction article that
came before (i.e., prebunk) or after (i.e., debunk) the claim
with or without a source. Similar to experiment 1, sources
had associated affect. There was no associated affect for no
source conditions. As there were three claims and five con-
ditions (no correction control, prebunk no source, prebunk
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source, debunk no source, and debunk source), there were 15
separate conditions. Participants answered questions about
agreement with claims (misinformation), credibility of cor-
rections, and intention to engage in discussion. Here, we fo-
cus on the agreement with claims, which is comparable to be-
liefs, and fit the models to reduction in agreement. Reduction
in agreement was calculated by subtracting the control group
misinformation agreement [activation] from misinformation
agreement [activation] for all conditions (i.e., prebunk and
debunks with and without source information). We simulated
150 participants (i.e., 10 for each of the 15 conditions) for all
model variants. The Updated-memory model has the lowest
RMSE, r(6) = 0.93, p = 0.07,RMSE = 0.06, followed by the
Memory-affect variant, r(6) = 0.70, p = 0.30,RMSE = 0.07,
and the Memory variant, r(6) = 0.88, p= 0.12,RMSE = 0.24
(Figure 4).

Discussion
We argued computational cognitive models could help re-
solve mixed findings and ambiguity with CIE explanations,
and compared three CIE model variants. The Memory vari-
ant included creation of chunks and limited memory naviga-
tion that influenced chunk activation based on retrieval fre-
quency. The Memory-affect variant was an extension that in-
cluded affect associated with words and information sources
at chunk creation, which was reinforced during retrieval. The
Updated-memory variant eliminated some processes, better
aligned with default parameter values, and increased the ex-
tent of memory navigation affecting activation of the more
interconnected chunks within narratives.

We argue that the Memory and Memory-affect variants
best aligned with the memory encoding/retrieval error expla-
nation and the Updated-memory aligned best with the men-
tal model explanation. Although the Updated-memory model
was only slightly better than the Memory-affect variant, it
was simpler. These results suggest misinformation beliefs
in the two experiments may be best explained by the men-
tal model explanation. These findings also raise a concern for

Figure 4: Misinformation agreement/activation difference
from control (no correction) across correction type and source
conditions for human and model data. Error bars are SEM.

CIE experiments, as some results might be due to the wording
of the narrative, which should be considered when testing ma-
nipulations to reduce the CIE. However, models developed to
directly test specific explanations or hypotheses would pro-
vide more clear conclusions. Despite successes, we discuss
several limitations that may limit generalization of results.

Limitations and Future Work

Our current work has several limitations: 1) We manually
generated predicates, 2) we focused on declarative memory
with syntactic chunk chaining, 3) we focused on belief and
agreement as inferential reasoning was too complex for our
current model, 4) we simplified valuation and arousal terms
to a single reward value that favored negative affect, and 5)
we fit data for only two experiments, and 6) models were de-
veloped and compared to theoretical explanations post-hoc.

Misinformation is often in text format, which is a challenge
for modeling. Our initial strategy was to parse the scenarios
using ChatGPT, but we had to manually generate predicates
for most scenarios after ChatGPT was updated. The parsing
and subsequent representation of written content has a large
impact on a model’s behavior, and in our case, the model is
dependent on the structure of representations to chain and
connect information. We are currently finding a more sta-
ble language processing method and are currently improving
chaining by: 1) treating words (i.e., rather than word pairs)
as chunks, 2) using spreading activation to reduce memory
retrievals, and 3) using semantic and affective information
rather than word matching to connect information. This will
enable comparing spreading activation and memory naviga-
tion mechanisms, more holistic knowledge representation,
and extend question answering capabilities.

We focused on beliefs and agreement, and approximated
them by the average activation of misinformation and correc-
tion chunks. Most experiments include several open-ended
and inference questions. Our planned improvements to lan-
guage parsing and knowledge representation will extend the
model’s behavior capabilities, but we also need to add some
reasoning ability and/or causal knowledge.

Our emotion implementation used a previous valuation
module to update chunk activation through rewards, which
combined valuation and arousal values and favored negative
affect. Rather than rewards, we plan to associate valuation
and arousal values with words to allow for differential influ-
ence of both negative and positive affect.

We fit our model to only two experiments, which limits
generalization. Our improvements mentioned above should
increase the ability of the model to handle different content
and provide different types of responses. In addition, this
will enable more direct testing of explanations and hypothe-
ses. Our goal is to capture fundamental cognitive processes
and knowledge representations underlying the CIE and re-
lated phenomena.
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Conclusion

Overall, we were able to simulate the CIE with and with-
out emotion for two datasets. Planned future improvements
will enable exploration of social factors, group interactions,
and theoretical explanations across experiments and datasets.
Our current work, mixed findings, and interactions between
sources of influence, content, and mitigations suggest we may
benefit from a methodological re-framing. We suggest treat-
ing sources of influence and mitigations as cues could enable
predictions similar to multiple-cue decision making (Lee et
al., 2019; Weber & Johnson, 2009), and some literature has
already suggested source information (Traberg et al., 2024)
and emotion (Phillips et al., 2024) serve as cues.
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Abstract

The PRIMs cognitive architecture utilizes a bottom-up ap-
proach, replacing fixed processing sequences with general-
purpose operators that dynamically form task-specific proce-
dures. However, it currently predicts only immediate operators
contextually, which limits its ability to model goal-oriented,
multi-skill task performance. To address this, we introduce a
skill buffer containing skill chunks. These chunks enable pro-
cedure differentiation by providing: (a) expected outcome op-
erators (stop operators), and (b) context-operator associations
that guide operator sequences. Skills can also be inferred from
preceding skills and model contexts, potentially facilitating the
acquisition of multi-skill processing sequences for more com-
plex tasks. This skill implementation thus provides a bottom-
up framework connecting levels of abstraction from operators
to skills and multi-skill task performance.

Keywords: contextual learning; procedural learning; skill ac-
quisition

Introduction
A key challenge in cognitive science is to design a unified
framework for explaining a diverse set of cognitive tasks.
Such a framework is called a cognitive architecture – it is
both a theory of cognition and a framework for implementing
computational simulations of the processes involved in per-
forming cognitive tasks (called cognitive models). Notably,
even before the development of the very first cognitive archi-
tecture, Newell, Shaw, and Simon (1958) had set forth a clear
vision: such an architecture, they posited, should demonstrate
“specifically and in detail how the processes that occur in hu-
man problem solving can be compounded out of elemental
information processes” and “how sequences of simple pro-
cesses could account for the successful solution of complex
problems.”

Nonetheless, conventional cognitive architectures such
as ACT-R and SOAR (Anderson, 2007; Laird, Lebiere,
& Rosenbloom, 2017) continue to depend on rigid, pre-
programmed processing steps triggered by predefined condi-
tions. This reintroduces the original inquiry of how these pro-
cessing steps or procedures are learned. A relatively new cog-
nitive architecture known as primitive information process-
ing elements (PRIMs) theory decomposes complex produc-
tion rules into simpler, more flexible building blocks called
primitive operators. This novel, bottom-up approach enables
learning different procedures through a learning mechanism
(Taatgen, 2013).
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Figure 1: The PRIMs architecture follows a conventional
cognitive architecture design, consisting of cortical modules
and a subcortical module. Within this structure, primitive op-
erators perform content encoding (single arrow) and compar-
ison (double arrow).

We have previously demonstrated that PRIMs enables
general-purpose operators to become context-dependent
through contextual learning, forming operator sequences or
procedures (Ji, van Rij, & Taatgen, under revision). How-
ever, a gap exists between the capabilities of this procedure-
based approach and the goal-oriented skills required for typ-
ical cognitive task performance. In this technical paper, we
will briefly review standard PRIMs’ use of contextual learn-
ing to reframe and unify traditional rule-based cognitive ar-
chitecture models. We will then introduce skill-based exten-
sions to this standard approach, and describe the implemen-
tation of these extensions.

Reframing Rule-Based Models
A cognitive architecture is generally structured as a series of
modules (corresponding to different cortical areas) that com-
municate through connections via a global workspace (cor-
responding to the basal ganglia/striatum). These modules
are mapped to buffers for storing and exchanging informa-
tion. Operators are the basic link between two module buffers
within the workspace. An operator, for instance, can encode
the content of one buffer into another, or compare whether
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the contents of two buffers are identical or different (see Fig-
ure 1). Traditionally, these operators were manually com-
posed into rule-like operator sequences (production rule se-
quences) to explain cognitive processes. These production
rules require explicit context-dependent condition checking.
In contrast, PRIMs adopts a bottom-up approach. Complex
production rules are decomposed into minimal information
processing units, or primitive operators. These operators are
more context-free and general-purpose than production rules.
For a novel task and its immediate context (i.e., the content
within the buffers), the model examines the applicability of
operators through trial and error. If applicable, the operator’s
processing is carried out, updating the model’s context. After
processing, the operator itself also becomes part of the model
context. The model then proceeds to select a next operator for
the updated context, and this process iterates until terminated
by an operator that recognizes the completion of the current
task (more details later). In standard PRIMs, the sequence of
selected operators is referred to as a procedure.

A crucial learning mechanism in PRIMs is its contextual
learning, which learns to associate the model context (buffer
contents, and preceding operator if any) with operators, so
that it can select an appropriate action once the model recog-
nizes a task pattern. This mechanism replaces explicit condi-
tional checking in conventional cognitive architectures. The
learned set of context-operator associations is defined as the
procedural representation of an operator sequence. When a
procedural representation is available, these learned associa-
tions guide immediate operator selection and implicitly pro-
mote the application of this specific operator sequence when
the task remains unchanged. For example, an operator is fol-
lowed by another operator in a familiar scenario because the
association between the model’s internal context, updated by
the previous operator, and the next operator is strong. The re-
lationships between operators established through contextual
learning can also be flexibly modified due to changes in the
upcoming task environment. Thus, while traditional cogni-
tive architectures construct procedures through static, manual
assembly of operators, PRIMs adopts a dynamic approach,
learning to derive procedures.

Our PRIMs simulation (Ji et al., under revision) of infant’s
acquisition of lexical and syntactic patterns, as observed in
statistical learning (Saffran, Aslin, & Newport, 1996) and
algebraic processing (Marcus, Vijayan, Bandi Rao, & Vish-
ton, 1999), shows the same model and learning mechanism
can account for both tasks by forming different sets of con-
textual associations, or procedural representations. In sta-
tistical learning tasks, the model learns to identify embed-
ded trisyllabic patterns (e.g., X-Y-Z composed of fixed syl-
lables) within continuous syllable sequences using a 3-gram
procedure. The 3-gram procedure encodes three syllables to
the working memory buffer and detects a working memory-
declarative memory mismatch at the fourth. In these tasks,
the model can leverage both orderly syllable and operator
contexts to predict the subsequent operator. Alternatively,

in algebraic tasks, the syllable content within trisyllabic pat-
terns varies. The model identifies repeated patterns (e.g., a-
b-a composed of syllable classes) using an abstract repetition
procedure, which detects an input-working memory match.
In this task, the orderly operator context predicts the subse-
quent operator, but the highly variable syllables do not. This
exemplifies how PRIMs can learn unique procedural repre-
sentations for each task that traditionally would need to be
manually defined by multiple separate models.

Nevertheless, procedure-based contextual learning, by op-
erating only on the immediate context, prevents operators
from forming expectations about the sequence’s final out-
come. To overcome this limitation, we introduce a skill buffer
that incorporates goal-orientation to operator sequences. This
buffer enables context-dependent operators to form sequence-
based expectations, directing them toward specific outcomes.
Potentially, this skill level also enables the coordination of
multi-skills necessary for more complex cognitive tasks. This
echoes, for example, a previous PRIMs model where visual
attention and working memory skills are linked to perform the
attentional blink task (Hoekstra, Martens, & Taatgen, 2020).

To intuitively illustrate standard PRIMs’ procedural ap-
proach and further motivate the need for a skill buffer, this
section revisits the “le-di-le” example from Ji et al. (under
revision), a concrete instance of the algebraic a-b-a pattern
(Marcus et al., 1999).

Procedural Representations
In this simulation, it is assumed that the presented syllables is
automatically perceived by the input buffer. The input content
can then be further encoded into a working memory buffer.
In this specific model, working memory encoding is assumed
to be sequential. The encoding of working memory starts
from the first slot and then sequentially fills the next empty
slot. As a simplification, this model does not strictly differ-
entiate between encoding information into working memory
and retrieving information from long-term memory. Conse-
quently, when content is encoded into working memory, the
model concurrently initiates a declarative memory retrieval
process. During this process, a declarative item consistent
with the currently encoded position-specific working mem-
ory content is selected from long-term memory and placed
into the declarative buffer. When multiple possibilities exist,
the item with the highest activation level is retrieved. When
a suitable declarative item is absent, retrieval failure results,
and the retrieval buffer remains empty.

In Figure 2A, three syllables are sequentially presented.
Initially, the first syllable “le” is automatically captured by the
input buffer. This syllable is then encoded into the first slot
of the working memory buffer using encode operator 1. Con-
currently, operator 1 initiates a long-term memory retrieval by
placing “le” into the first slot of the declarative buffer. Fol-
lowing the application of operator 1, the model’s buffer con-
tents are updated. Subsequently, encode operator 2 places the
second syllable “di” into the next available slot in the work-
ing memory buffer and also triggers a long-term memory re-
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strategy in learning syntax.
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second syllable, the remaining non-mismatched part constitutes a 1-gram unit.

Figure 2: Two procedures for the algebraic a-b-a pattern.
Reinforcement is applied to context-operator associations re-
gardless of the chosen sequence in the standard approach.

trieval. Note that in this case, the first encoding operator can-
not be reselected because the first working memory buffer
slot is already occupied. When the third syllable “le” is per-
ceived, the model detects a repetition with the first syllable
already stored in the working memory buffer. The detection
of repetition triggers a stop operator (describe shortly in de-
tails) , terminating the operator sequence and initiating the
model’s learning mechanism, which updates the associations
between model contexts and operators at each step.

In PRIMs, the above operator sequence reaching a partic-
ular stop operator is not the only possibility. The model can
consider a hypothesis space of possible stop operators. These
stop operators constitute a subset of generic comparison op-
erators, specifically designed to function as the end of an op-
erator sequence. As described in Ji et al. (under revision),
the possible stop operators include comparisons informed by
empirically derived sameness or difference strategies (de la
Cruz-Pavía & Gervain, 2021). The repetition procedure illus-
trated above is a particular example of a sameness strategy,
which identifies a match between the perceptual input and the
previously encoded working memory content (or the declar-
ative content retrieved from long-term memory). Other pos-

Operator 1 Operator 2

Operator 3
Match

Operator 3b
Mismatch

Panel A: Confusion arises in selecting the immediate operator when
there are two possible sequences of operators that can perform the
same task.

input1==“le”

Context

input1==“di”

wm1==“le”

wm2==“di”

rt1==“le”

rt1==“we”

rt2==“di”

operator1

operator2

Contexts ...

Operator 1

Operator

Operator 2

Operator 3
Match

Operator 3b
Mismatch

Operators ...

Panel B: Set of context-operator
associations corresponding to the
syntactic repetition skill.

input1==“le”

Context

input1==“di”

wm1==“le”

wm2==“di”

rt1==“le”

rt1==“we”

rt2==“di”

operator1

operator2

Contexts ...

Operator 1

Operator

Operator 2

Operator 3
Match

Operator 3b
Mismatch

Operators ...

Panel C: Set of context-operator
associations corresponding to the
lexical 1-gram skill.

Figure 3: Two different operator sequences and correspond-
ing sets of context-operator associations.

sibilities include difference strategies. Such a strategy entails
procedures that detect a position-specific mismatch between
working memory and declarative memory contents (see next
section). The procedural representation, however, lacks the
capacity to distinguish between context-operator associations
that result in different stop operators, opting instead for a uni-
form update of contextual associations to support immediate
context-dependent operator selection.

Skill Representations
Since the operators can initially be applied flexibly, leading
to different stop operators, there is at least one other possi-
ble approach to processing the simple pattern example. In
Figure 2B, the first two steps of the model mirror the previ-
ous example. However, the retrieved pattern from long-term
memory diverges from the content currently encoded in the
working memory buffer. This discrepancy triggers a stop op-
erator that detects a mismatch between the contents of the
first slot in the two buffers. This mismatch can signal that the
current pattern-level expectation has been violated, indicating
both the segmentation of the pattern and the unfolding of the
subsequent pattern.

This mismatch operator subsequently terminates the oper-
ator sequence and activates the model’s learning mechanism.
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This operator sequence or procedure should result in a dif-
ferent set of context-operator associations than those learned
in the previous example. This creates ambiguity, as depicted
in Figure 3A. After operator 2, the model faces a decision:
should it select an operator that detects a match or one that
detects a mismatch? Distinguishing between these two oper-
ator sequences or procedure is crucial, as it allows the model
to predict the recognized outcome of the procedure.

However, in the absence of overall expectations regard-
ing operator sequences, the model is unable to anticipate the
ultimate consequences of a given operator sequence (e.g.,
whether a stop operator will result in a match or mismatch)
or the recognition the model will make (e.g., syllable repeti-
tion or pattern mismatch; see Figure 3A). This limitation can
compromise performance, as immediate task demands may
inadvertently influence the model’s operator selection. For
example, the mismatch operator’s reliance on the second in-
put, in contrast to the match operator’s dependence on a third
input, can induce a bias towards shorter 1-gram procedure
completion, even when the longer repetition procedure would
be a more general interpretation of the task pattern. Thus, this
means that learning and discrimination need to occur not only
between operators but also between distinct procedures.

input==“le”

Context

input==“di”

wm==“le”

wm==“di”

rt==“le”

rt==“we”

rt==“di”

operator1

operator2

skill: repetition

Contexts ...

skill: repetition

Skill

skill: 1-gram

Other skills ...

Figure 4: A set of context-skill associations.

Standard PRIMs is equiped with a single procedural repre-
sentation, allowing one learned set of context-operator associ-
ations. However, this example highlights that two procedural
representations should serve as pointers to two separate, non-
interfering probability models at the operator selection level.
This clarifies the necessity of learning and distinguishing be-
tween multiple procedural representations (or different sets
of context-operator associations). Procedural representations
now allow specification of the operator sequence leading to
a particular stop operator. These specialized representations,
distinct from the undifferentiated procedural representation,
are termed skills.

In our simulations we enhanced PRIMs with a dedicated

skill buffer. This buffer stores a number of chunks, where the
chunks are abstracted labels of skill representations. A skill
chunk defines two key details: (a) it specifies the particular
stop operator that a given operator sequence will lead to; and
(b) a skill chunk references to a skill-specific set of context-
operator associations like a procedure representation. This
allows the model to establish distinct context-operator associ-
ations based on the model contexts generated during specific
procedures (see Figure 3). Moreover, skills (conveniently ab-
stracted by their labels) can be further differentiated through
learned context-skill associations (see Figure 4).

Implication of skills Since skill representations are partly
defined by the corresponding stop operators, we can assume
that skills are constrained by cognitive architecture. How-
ever, to gradually form these context-based skill representa-
tions, the model must go through a process of skill discovery
and implicit learning. Initially, the task pattern guides ran-
dom, immediate operator selection, without any specific pur-
pose. When a procedural representation is formed, the cog-
nitive process incorporates immediate contextual information
when selecting the next operator. At this point, the result of
the selected operator sequence may lead to an operator ac-
tion that happens to be a stop operator, but there is no ex-
pectation of reaching this stop operator. The initial phase is
therefore flexible and exploratory. However, when the model
repeatedly reaches a certain stop operator and forms a skill
representation, a skill expectation for reaching that stop oper-
ator is formed and can be considered goal-oriented. Note that
the goal-oriented nature of skills does not necessitate explicit
awareness. While skill may relate to explicit attention during
simulated task processing in a wakeful state, it can also be an
implicit process directed towards an imagined goal, such as
experiments done among sleeping infants. In this enhanced
implementation, the model always selects a skill first and
evaluates that skill whenever the model’s expectation of the
skill’s stop operator, based on the actual upcoming stop oper-
ator, is either confirmed or violated. Therefore, although the
stop operator is the last operator applied, it is the first element
in the model’s skill expectation. At this point, the individual
operators are guided by the skill expectation rather than by
random or context-based immediate operator selection.

Application domain The gradual learning of skill repre-
sentations prepares PRIMs’ bottom-up learning approach to
find solutions for more complex tasks. Cross-situational word
learning is a good example of this. In naturalistic situations,
young children need to track consistent mappings of words
with specific objects or events across various ambiguous con-
texts (Yu & Ballard, 2007; Monaghan, Mattock, Davies, &
Smith, 2014; Dunn, Frost, & Monaghan, 2024). A specific
example is the task designed by Dunn et al. (2024). In their
study, distinct pseudowords (e.g., “chelad” or “gorshall”) are
combined with different morpheme endings (e.g., “-noo” for
“it is not the...” or “-tha” for “it is the...”) to form a continuous
utterance (e.g., “chelad-noo-gorshall-tha”, or “gorshall-tha-
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wm<>rt(2nd)

left right

wm<>rt(3rd)

wm<>rt(4th)
input=rt(3rd)

t=10-11

1 2 3 4 5 6 7 8 9 10 11 12

Figure 5: This figure depicts learned context-skill associations following training on a cross-situational word learning task.
For convenience, only positive associations are displayed. Circles represent skills: parsing skills (orange), gaze skills (green).
Dots represent model contexts: skill (orange), declarative item from the last skill (pink), operator (yellow), input content (light
blue), working memory content (blue), retrieval content (dark blue), and background context (black). Edge widths correspond
to association weights.

chelad-noo”, meaning “it is not the chelad, it is the gorshall”).
Concurrently, two images are presented to young children,
positioned on either the right or left side, with each image
corresponding to one of the pseudowords (e.g., an image
for “chelad” and an image for “gorshall”). Cross-situational
word learning presents a challenge, as young children can-
not be instructed in a top-down manner or rely on explicit
rules (Chomsky & Schützenberger, 1959; Pinker, 1999). In-
stead, they must engage in bottom-up learning, simultane-
ously parsing utterances into meaningful phonological units
(e.g., “chelad-noo” or “gorshall-tha”) and linking these units
with referents from the environment. Initially, parsing may be
partial (e.g., “chelad”) or overally redundant (e.g., “chelad-
noo-gorshall”), leading to weak associations with random or
incorrect referents. However, as learning progresses, stronger
and more accurate mappings begin to form between consis-
tent phonological patterns (e.g., “gorshall-tha”) and their cor-
rect environmental referents (e.g., an image for “gorshall”).

Figure 5 illustrates the learned context-skill associations
when the PRIMs architecture encounters the particular cross-
situational word-learning task (Ji, van Rij, & Taatgen, 2025).
This figure reveals skills related to phonological processing
aspects of cross-situational word learning, including the de-
tection of syllable repetition and pattern mismatch (orange
circles). We can observe that the parsing process, based on

pattern mismatch detection, is highly varied, potentially oc-
curring at the second, third, or fourth syllable position (e.g.,
parse out “chelad”, “chelad-noo”, or “chelad-noo-gorshall”).
Furthermore, the model sometimes exhibits syllable repeti-
tion detection (green circles), which can occur if the en-
coded pattern crosses continuous utterance boundaries (e.g.,
“gorshall-tha-gorshall”). In addition, skills corresponding to
the learning of referents from the environment (i.e., left or
right gaze) are evident (large green circles). Crucially, we can
see that the model can form more complex skill-skill associ-
ations (e.g., parsing associated with right gaze) in the more
complex scenario of cross-situational word learning. How-
ever, the operator sequence itself is not rule-like, as the left or
right gaze is highly dependent on the task context, which in
our case forms the model context distributed over the various
buffers (colored dots).

Implementing Skill-Based Processing
We now provide implementation descriptions of PRIMs pro-
cessing. We use pseudocode to illustrate the concept, includ-
ing the initial selection of skills, as well as the immediate op-
erator selection in subsequent model steps. We then describe
the selection of skills and operators in more detail.

Specifically, Pseudocode 1 illustrates the model’s process-
ing steps. Initially, the model begins with open trial-and-error
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while task is ongoing do
// select skill

if learned skill label/s1 available then
calculate skill activations3;
select skill (highest activation);

end
// select operator
while stop operator not reached do

for a list of all operators do
calculate operator activations2,3;
select operator (highest activation);
if operator not passing minimal checking
then

remove from list of operators
else

carry out operator;
collect model contexts (for operator,
skill);

increment model step
end

end
end
// label and update
label current operator sequence as the skill label;
update context-operator and context-skill
associations3;

end
Pseudocode 1: PRIMs processing. 1Section 2 details the
implementation of skills, including how they are defined
based on skill labels, anticipated outcomes or stop op-
erators, and corresponding context-operator associations.
Please see that section for further information. 2When
a skill is available and selected, the model loads the
context-operator associations to calculate operator acti-
vation. This operator activation is then combined with
a random activation noise term. Therefore, operator se-
lection is context-based. However, when no skill is avail-
able, the model only applies the random activation noise
to calculate operator activation. Operator selection is thus
based on trial and error. 3Note that the learning mecha-
nism, which uniformly adaptes an enhanced discrimina-
tive error-driven learning approach (Hoppe et al., 2022),
along with the corresponding calculate activation func-
tions, are not elaborated in this paper due to page limits.

operator application, just like the standard approach. When
contextual associations are available for inferences, the se-
lection of skills and operators becomes context-based.

Skill selection
Upon the first successful application of a stop operator, an op-
erator sequence terminates, triggering the skill labeling and
contextual updating processes (see label and update in Pseu-
docode 1). In subsequent trials, the enhanced approach can
then initiate an additional skill selection process at the begin-
ning of each new operator sequence (see select skill in Pseu-
docode 1). When a learned skill representation is available,
this initial process selects a representation (e.g., a chunk like
“repetition” or “1-gram”) and loads it into the skill buffer.
The model then applies the corresponding specialized set of
context-operator associations consistently throughout the cur-
rent operator sequence, leveraging these associations to guide
operator selection. Skill selection thus inherently possesses a
goal-oriented nature, predicting the anticipated stop operator
that will eventually conclude the operator sequence. This skill
prediction, however, remains a heuristic, which can only be
confirmed or contradicted upon the skill’s completion. With
skill selection, the model can more equitably weigh differ-
ent operator sequences at a higher level, enabling a trade-off
between skill expectations.

The increasing confirmation of a particular skill suggests
its suitability for the current task, leading the model to prefer-
entially apply the same essential operator sequence to termi-
nate at the anticipated stop operator. However, if a skill fails
to reach its anticipated result, the established skill expectation
is violated. Such occurrences are frequent in novel task sce-
narios, where the minimal conditional checks associated with
a mid-way essential operator and/or a stop operator from a
previously successful skill no longer hold true. In such in-
stances, while the model continues to predict operators based
on learned context-operator associations, a previously highly
activated operator can be excluded in a certain changed im-
mediate scenario. This process continues until a suitable less
activated operator is selected.

The alternative skill that emerges may be a previously ac-
quired skill or a novel one. If novel, a new skill label and
corresponding context-operator association set needs to be
created (see label and update in Pseudocode 1). A single
instance of a successful alternative skill is insufficient to dis-
place an established skill expectation. Consequently, the pre-
vious skill is initially retained, and its specialized associations
still guide operator selection. However, if the current opera-
tor sequence consistently deviates from the anticipated skill,
the alternative skill gradually gains prominence. Over time,
the consistently applied alternative skill may eventually su-
persede the previous expectation as the preferred skill for the
novel task scenario.

Operator selection
Operator selection is initially flexible, based on activation
noise and minimal conditional checking. However, once
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context-operator associations are learned, operator selection
is based on both these acquired associations and minimal con-
dition checking. An operator’s selection (see select opera-
tor in Pseudocode 1), whether due to initial activation noise
or contextually driven by the activation equation, does not
guarantee its execution. It is still subject to PRIMs’ minimal
conditional checking assumption. For instance, consider a
primitive operator used to move data from one buffer (input1)
to another (wm2). This operator can proceed whenever the
source buffer (input1) is not void and the destination buffer
(wm2) is vacant.1 Likewise, a primitive operator comparing
the contents of two buffers (input1 and wm2) only requires
that both buffers contain some information. If these primitive
operators meet the basic criteria of the current model con-
text, they are eligible for selection and execution. Otherwise,
the next most highly activated operator is considered. This
checking process repeats until a suitable operator is selected
or all available operators have been tried and failed. The pri-
mary purpose of this minimal condition checking is to filter
out impossible events during information processing and to
select the most appropriate process based on contextual asso-
ciations.

Conclusion
Extending PRIMs’ open procedural learning, this paper in-
troduces a skill-based approach to distinguish distinct proce-
dures. This enhancement broadens PRIMs’ bottom-up per-
spective to simulate skill-level procedural learning, connect-
ing the open discovery of operator sequences with skill adap-
tation and multi-skill processing.
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Abstract

Anxiety is fundamentally an anticipatory response to uncer-
tain future threats, making sequential evaluation crucial. How-
ever, most computational research has involved one-step tasks
that identify an elevated punishment learning rate as a key fea-
ture of anxious behavior, while some studies also suggest a
lack of evidence for the role of the punishment sensitivity pa-
rameter. This contradicts recent research involving sequen-
tial evaluation tasks, which supports the idea that anxiety is
primarily an uncertainty disorder. Nevertheless, these exper-
iments have mainly focused on model-based algorithms and
have left the role of the punishment learning rate unexplored.
To reconcile the differences in the literature and better under-
stand how these two parameters influence anxiety, two hybrid
models were developed: one with differentiated learning rates
for rewards and punishments, and another with differentiated
sensitivity parameters. The models were then evaluated in the
Cliff Walking task, using a deterministic environment and in-
corporating stochasticity in action selection to simulate that an
agent lacks complete control over its decisions. The results
suggest that the impact of estimated punishments on planning
is more significant than the speed at which they are learned,
highlighting the importance of heightened punishment sensi-
tivity in anxiety-related behaviors such as avoidance, risk aver-
sion, threat overestimation, and fear generalization.
Keywords: anxiety; reinforcement learning; computational
psychiatry; sequential evaluation

Introduction
Computational modeling for studying anxiety is of great
importance as anxiety disorders have the highest incidence
worldwide among mental disorders (Stein, Scott, de Jonge,
& Kessler, 2017). Specifically, the reinforcement learning
(RL) approach has aimed to construct mechanistic models
that explain the underlying components and their interactions
involved in anxious decision-making (Raymond, Steele, &
Seriès, 2017; Pike & Robinson, 2022), where an altered part
of the model describes anxious behavior (Huys, 2014), for
example, a higher value in a certain parameter. However,
there are mixed results regarding whether a higher punish-
ment learning rate or an enhanced punishment sensitivity pa-
rameter plays a key role in anxious decision-making. This
discrepancy becomes even more relevant when considering
that these different conclusions stem from distinct kinds of
tasks and, consequently, different types of models.

On one hand, most anxiety computational research has
focused on simplified one-step tasks, such as multi-armed
bandits, where an agent performs many trials but each trial
ends after a single action, meaning the agent only needs to

learn the appropriate response for a single environmental state
(Yamamori & Robinson, 2023). Additionally, a systematic
review and meta-analysis of 27 articles by Pike and Robin-
son (2022) supports that, in studies using one-step tasks, an
enhanced punishment learning rate is the primary factor for
modeling anxious decision-making, while also indicating a
lack of evidence for the role of punishment sensitivity. Still,
due to the nature of these tasks, planning has not been con-
sidered and the models developed only try to replicate direct
learning in one-state environments. Nevertheless, anxiety is
an anticipatory response to uncertain future threats perceived
as uncontrollable and highly aversive (Clark & Beck, 2010),
involving a multi-step process in which it should be consid-
ered how planning may be biased (Sharp, 2025).

On the other hand, anxiety computational research involv-
ing sequential evaluation tasks is more recent and as a result
comprises only a few studies, which primarily rely on varia-
tions of the value iteration algorithm to model biased offline
planning and reproduce common behaviors observed in many
anxiety disorders, such as avoidance, risk aversion, threat
overestimation, and fear generalization (Zorowitz, Momen-
nejad, & Daw, 2020; Gagne & Dayan, 2022). These works
have found that heightened punishment sensitivity is a key
feature to reproduce anxious behavior, highlighting that anxi-
ety is mainly a disorder of uncertainty (Brown, Price, & Dom-
brovski, 2023), although the role of the punishment learning
rate remains unexplored in multi-step tasks.

Therefore, while earlier studies on modeling anxious be-
havior mainly emphasize the importance of how quickly pun-
ishment information is integrated over time, what matters in
sequential evaluation experiments is how much an agent an-
ticipates and dislikes being punished. As computational re-
search on anxiety is relatively recent, no study has tested the
contributions of both parameters —punishment learning rate
and punishment sensitivity— simultaneously in a sequential
evaluation task, which is a more natural setting for anxiety.
To address this, it is necessary to use hybrid models that re-
tain the core components of both approaches: direct learning
in the environment and offline planning. Ultimately, this will
help reconcile differences in the literature and offer deeper
insights into the learning dynamics of anxiety in sequential
evaluation tasks.

Among hybrid RL models, empirical evidence suggests
that a hybrid successor representation (SR) is the most effec-
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tive algorithm for replicating human decision-making in se-
quential evaluation tasks (Momennejad et al., 2017; Russek,
Momennejad, Botvinick, Gershman, & Daw, 2017). Specifi-
cally, SR-Dyna is considered the best model for capturing hu-
man retrospective revaluation behavior (Momennejad, 2020).
Moreover, online planning is employed in the basic SR algo-
rithm when successor representations are estimated or used
to compute the estimation of another variable (Gershman,
2018). Therefore, the SR-Dyna model implements direct
learning in the environment, online planning, and offline
planning. The integration of these three mechanisms —with
some modifications— may better reflect how individuals with
anxiety process information in real-world situations, com-
pared to models that incorporate only one or two of them.
For example, for a woman with acrophobia, direct learning
instantly increases her association of heights with threat af-
ter falling from a cliff. Meanwhile, offline planning involves
rumination on various possible situations based on past ex-
periences while at rest. Finally, online planning manifests as
hypervigilance for potential future threats when she’s actually
at heights and has to consider path estimations, with all three
mechanisms reinforcing her fear of heights.

Furthermore, in SR family models, rewards are learned in-
dependently from successor representations (trajectories), but
both can later be used to compute Q-values for each state in an
environment (Ducarouge & Sigaud, 2017). In particular, this
independence in learning allows for specific modifications to
the model’s equations to assess the impact of differentiated
learning rates and sensitivity parameters, taking into account
distinct learning dynamics. For example, a first model can be
constructed by implementing differentiated learning rates in
the reward function. In contrast, a second model can be de-
signed with differentiated sensitivity parameters for rewards
and punishments in the successor function. Next, simulations
using different values of these parameters can assess the im-
pact on anxious behavior of a higher punishment learning rate
in the first model and an enhanced punishment sensitivity pa-
rameter in the second one. Hence, we propose using an SR-
Dyna algorithm as a basis to design new models to address
the objective of this work.

Methodology
The present work adopts a theoretical modeling approach to
generate predictive insights for anxiety research. Two mod-
els were developed to simulate agents with varying levels of
punishment learning rate or punishment sensitivity, with the
aim of evaluating their respective contributions to anxious
decision-making within a Markov Decision Process (MDP).

Models
In algorithm 1, we present the pseudocode for an SR-Dyna
model considering a deterministic environment, incorporat-
ing temporal difference (TD) learning and estimating Q-
values, followed by a detailed explanation of the modifica-
tions introduced to it for the first and second models proposed
in this work.

Algorithm 1 : SR-Dyna
1: Initialize R(s) ∀ s ∈ S.
2: Initialize M(s,s′,a) ∀ s,s′ ∈ S and a ∈ A(s).
3: Initialize Q(s,a) ∀ s ∈ S and a ∈ A(s).
4: Initialize E(s,a) ∀ s ∈ S and a ∈ A(s).
5: while episode ≤ N do
6: s← actual state
7: a← ε-greddy(s,Q)
8: Execute action a; observe the received reward (r), and the

next state (s′).
9: a+← argmax

a
Q(s′,a′)

10:
M(s,s′,a)←M(s,s′,a)+α(I[s=s′]+

γM(s′,s′′,a+)−M(s,s′,a))
11: R(s)← R(s)+α(r−R(s))
12: Q(s,a)←∑

s′
M(s,s′,a)R(s′)

13: E(s,a)← r,s′
14: for n do
15: s← previously observed random state.
16: a← random action previously executed in s.
17: r,s′← E(s,a)
18: Execute steps from 9 to 12 using the new values for s,

a, r and s′.
19: end for
20: end while

Parameters: N, ε, α, γ and n.

First, in Algorithm 1 the vector for rewards (R), the suc-
cessor tensor (M), the Q-value matrix (Q) and the matrix
with the environment’s model (E) are initialized with zeros
in each entry. Then, during each episode in the model-free
part of the model, the agent selects an action (a) using an ε-
greedy policy, executes it, receives a reward (r) and observes
the next state (s′). Later, the agent updates the current succes-
sor representation using the TD method, incorporating both
immediate and discounted future occupancy predictions. Ad-
ditionally, the estimated reward, Q-value estimates, and the
environment’s model are updated. In the Dyna-style offline
planning phase (steps 14-18), the algorithm replays stored ex-
periences using the environment’s model and updates the SR
model estimations.
Model 1: Dyna α-SR This model differs from Algorithm
1 solely in how the learning rate (α) is selected in the reward
function (step 11). Specifically, the α value now depends
on whether the agent receives a reward or a punishment, as
shown in Equation 1, in order to have differentiated learning
rates.

α =

{
α+ if r ≥ 0
α− if r < 0

(1)

Model 2: Dyna β-SR Building on Algorithm 1 and the
work of Zorowitz et al. (2020) to model anxious behavior, we
introduce a novel variant: Dyna β-SR. In this new model, it
is necessary not only to calculate the action with the high-
est value (a+) for the next state, but also the lowest (a−), as
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shown in Equations 2 and 3.

a+← argmax
a

Q(s′,a′) (2)

a−← argmin
a

Q(s′,a′) (3)

Later, a+ and a− are used in the βM module (Eq. 4) to
estimate the successor representations with the highest and
lowest action for the next state, which are multiplied by ω

and its complement, respectively. Therefore, we can say that
a pessimistic agent (ω = 0) is sensitive to the paths that lead
to punishments or threats, considering that it lacks complete
control over its actions. This can be considered as a low level
of self-efficacy, reflecting a lack of belief in their ability to
perform the necessary behaviors to achieve specific perfor-
mance goals (Bandura, 1978; Zorowitz et al., 2020). In con-
trast, an optimistic agent (ω = 1) anticipates that its future
actions will fully align with its preferences to maximize re-
wards (Zorowitz et al., 2020), being sensitive to the paths that
lead to them. Finally, βM is used in the successor function
(Eq. 5) as the successor representation for the next state.

β
M ← ωM(s′,s′′,a+)+(1−ω)M(s′,s′′,a−) (4)

M(s,s′,a)←M(s,s′,a)+α
(
I[s=s′]+ γβ

M−M(s,s′,a)
)

(5)

Experimental Task
A variation of the Cliff Walking task (Fig. 1) was imple-
mented in a 9x9 gridworld with a discrete-time environment,
finite horizon, and deterministic dynamics. The stochasticity
lies in the agent’s action selection, as it follows an ε-greedy
policy to choose the action it executes in each state. This pol-
icy is used both during the agent’s training phase (N = 200
episodes) and in the final test (1 rollout) to simulate that the
agent does not have complete control over its actions, as is
the case in many real-world scenarios.

Figure 1: Virtual environment of the Cliff-Walking task.
The triangle indicates the agent’s starting position, the blue
square marks the goal, the red squares represent aversive
states (the cliff), and the light gray squares are neutral, where
neither a reward nor a punishment is received.

The agent’s objective in this environment is to reach the
goal without falling into an aversive state. At the beginning,
the agent is unfamiliar with the environment and must ex-
plore it to find the optimal route. The agent can perform
four possible actions: moving up, down, right, or left, as
long as it does not collide with a wall (dark gray squares).
Finally, an episode ends under the following conditions: the
agent reaches the goal (reward = 1), falls into an aversive state
(punishment = -1), or the maximum step limit per episode is
reached (100).

Additionally, the anxious behaviors we aimed to evaluate
in the experimental task were operationalized as follows:

• Threat overestimation: states that would otherwise be
neutral are estimated as signaling threat unrealistically.

• Fear generalization: neutral states distant from aversive
ones are considered dangerous.

• Avoidance: the agent consistently moves away from aver-
sive states.

• Risk aversion: instead of exploring more of the environ-
ment, the agent exploits a safe zone of the state space.

Simulations

Three simulations were conducted for the Dyna α-SR agents
with α− values of 0.05, 0.075, and 0.1, respectively, while
keeping α+ = 0.05 constant in all cases. In addition, we
ran three simulations for the Dyna β-SR agents with ω

values of 1.0, 0.5, and 0.0, respectively. The parameters
shared between the models were set as follows: α = 0.05
(for the successor function), γ = 0.9, ε = 0.2 and n = 3
(recall). All simulations were performed using the Neuro-
Nav library (Juliani, Barnett, Davis, Sereno, & Momennejad,
2022) as a foundation for programming the agents and the
experimental task. The complete code is publicly available
at the following link: https://github.com/Alicia-MJ/
RL-Anxiety-MathPsy-ICCC.git

Results
For each agent, a heatmap of the environment was generated
based on the final estimated value of each state, computed
by averaging its corresponding Q-values. In these maps, val-
ues close to 1.0 (the maximum possible value) appear in deep
blue, values near 0 are shown in white, and values close to
-1.0 (the minimum possible value) are displayed in dark red.
Arrows indicate the highest-value action estimated for each
state, while the rollout corresponding to the evaluation phase
is highlighted with black arrows. Additionally, as a support
to the main analysis, the total number of steps and the total
return received per episode were graphed for each agent to
evaluate its evolution across episodes. Together, these three
analyses provide a more comprehensive assessment of each
agent’s behavior and learning.
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Dyna α-SR Agents

Figure 2: Dyna α-SR agents’ environment estimations.
The top image corresponds to the agent with α− = 0.05 (re-
ward and punishment learning rates are equal), the middle to
the agent with α− = 0.075 (50% higher than α+), and the
bottom to the agent with α− = 0.1 (double than α+).

The three Dyna α-SR agents show a very similar behavior
across the three analyses conducted. First, Figure 2 demon-
strates that their environmental estimations are highly similar,
even in the case where an agent had a punishment learning
rate (α−) that was twice the value of the reward learning rate
(α+). Additionally, all three agents chose a short but unsafe
path to the goal during the testing phase (indicated by black
arrows), underestimating the danger. While the first and sec-
ond agents managed to reach the goal in the rollout, the third

agent followed a similar path but, due to the stochasticity in
action selection, ended up falling into the cliff.

Figure 3: Dyna α-SR agents’ total steps per episode.

Moreover, Figure 3 shows that, in general, the agents used
a similarly small number of temporal steps across episodes,
which is consistent with their preference for the shortest path
to the goal. Only in a few episodes did the agents use more
temporal steps than usual, probably because they ended up in
an area that was still unexplored and farther from the cliff.
Additionally, due to the similarities in both environmental es-
timations and the number of steps per episode, a similar level
of goal achievement was expected. This is confirmed in Fig-
ure 4, which indicates that the agents mainly oscillated be-
tween reaching the goal (total return = 1) and falling into the
cliff (total return = –1) across episodes, reflecting the inher-
ent risk of choosing the shortest path. Finally, minor differ-
ences in behavior between the agents can be attributed to the
stochasticity of the programmed policy.

Figure 4: Dyna α-SR agents’ total return per episode.

In summary, the results for the Dyna α-SR agents show
that a higher punishment learning rate did not lead to the
emergence of anxiety-related behaviors such as threat over-
estimation, fear generalization, avoidance, or risk aversion in
the experimental task.

92

Proceedings of the 23rd International Conference on Cognitive Modelling (ICCM 2025)



Dyna β-SR Agents

Figure 5: Dyna β-SR agents’ environment estimations.
The top image corresponds to the optimistic agent (ω = 1),
the middle to the agent with ω = 0.5, and the bottom to the
pessimistic agent (ω = 0).

In contrast to Dyna α-SR agents, Dyna β-SR agents show a
marked difference in learning and behavior across the anal-
yses conducted. To begin with, Figure 5 shows that the op-
timistic agent (ω = 1) learned to take a short but risky route
to the goal near the cliff by estimating nearby states posi-
tively, without accounting for the possibility of not always
being able to choose its own actions. Conversely, the moder-
ately optimistic–pessimistic agent (ω = 0.5) avoided the cliff
during the testing phase, as it evaluated some nearby states as
dangerous. Nevertheless, it was still able to reach the goal by

taking a longer but safer path. Finally, the pessimistic agent
(ω = 0) estimated much of the environment as aversive and
tried to stay away from the cliff during the rollout, but ulti-
mately failed to reach the goal.

Therefore, although the second and third agents exhibited
avoidance behavior, it was the pessimistic one that exces-
sively overestimated threat and demonstrated fear generaliza-
tion. Additionally, the results suggest that threat overestima-
tion and fear generalization bias reward evaluation, leading an
agent to prioritize danger avoidance over goal pursuit. This
reflects risk aversion, as shown by the third agent that ex-
ploited a safe zone of the state space instead of exploring the
environment further.

Figure 6: Dyna β-SR agents’ total steps per episode.

Furthermore, the results from Figure 5 align with those in
Figure 6, which show that the optimistic agent (blue) used
the fewest temporal steps in most episodes by taking a more
direct route to the goal. It was followed by the moderately
optimistic–pessimistic agent (green), which took a longer but
safer path to the goal. Meanwhile, the pessimistic agent
(orange) used the maximum number of steps (100) in most
episodes, as it tended to remain in neutral states far from dan-
ger.

Figure 7: Dyna β-SR agents’ total return per episode.

Lastly, the patterns observed for each agent in Figure 7
complement the previous results by highlighting how the
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agents’ environment estimations and learned strategies im-
pacted their actual outcomes. The optimistic agent (blue) al-
ternated between reaching the goal and falling into the cliff.
The agent with ω = 0.5 (green) achieved the goal most con-
sistently, ending in neutral or aversive states only occasion-
ally. In contrast, the pessimistic agent (orange) remained in
neutral states for most of the episodes, particularly in the last
100.

In summary, the results for the Dyna β-SR agents indicate
enhanced punishment sensitivity was directly linked to the
exhibition of anxious behavior in the experimental task, as
well as the necessity of a level of punishment sensitivity for
an agent to identify a safer path to the goal.

Discussion
In this work, we expanded anxiety computational research
in sequential evaluation tasks by using hybrid reinforcement
learning models to assess the influence of punishment learn-
ing rate and punishment sensitivity in order to better un-
derstand the learning dynamics underlying anxious behavior.
The results suggest that the impact of estimated punishments
on planning is more significant than the speed at which they
are learned, highlighting the importance of heightened pun-
ishment sensitivity in anxious decision-making.

Specifically, the behavioral similarity observed among
Dyna α-SR agents indicates that a higher punishment learn-
ing rate does not promote the emergence of anxious behavior
in the experimental task. In contrast, the performance dif-
ferences among the Dyna β-SR agents support the idea that
increased sensitivity to punishment facilitates the emergence
of anxiety-related behaviors, such as avoidance, risk aversion,
threat overestimation, and fear generalization. The Dyna β-
SR model, in particular, predicts that pessimistic planning
—arising from an enhanced sensitivity to threat due to the
agent’s underestimation of its own self-efficacy or coping
resources— may play a central role in the development of
these behaviors. This interpretation stems from the observa-
tion that what matters most is not how quickly punishments
are learned, but how their estimations influence the updating
of successor representations, which can lead to a progressive
distortion of the cognitive map built by the agent when it has
high sensitivity to punishments. In essence, the model high-
lights the role of catastrophic thinking or worry in anxiety,
conceptualized here as a tendency to prioritize the most dis-
advantageous routes during both online and offline planning.

These findings align with the perspective presented by
Brown et al. (2023), as well as with the sequential evalu-
ation studies by Gagne and Dayan (2022); Zorowitz et al.
(2020), which suggest that anxiety is primarily a disorder of
uncertainty learning, where heightened punishment sensitiv-
ity might be a key feature in predicting anxious behavior. On
the other hand, the results challenge aspects of prior research
based on one-step tasks (Pike & Robinson, 2022), which have
emphasized the role of rapid punishment integration in the
emergence of anxious decision-making. This raises the ques-

tion of whether such tasks are adequate for studying anxiety,
as they might not fully capture its complexity and could bias
our understanding. Alternatively, it could be considered that
different task structures —one-step versus multi-step— help
clarify the specific ways in which a high punishment learn-
ing rate contributes to anxiety. For example, a high learning
rate for punishments may be more relevant in the short term,
as observed in one-step tasks, while it might lose relevance
in sequential evaluation, where a high punishment sensitiv-
ity parameter becomes much more significant. Nevertheless,
given that anxiety is primarily an anticipatory response to un-
certain future threats perceived as uncontrollable and highly
aversive (Clark & Beck, 2010), findings from sequential eval-
uation tasks may provide a more accurate understanding of
the factors influencing anxious behavior.

Finally, this work provides valuable insights into the learn-
ing dynamics of anxiety considering sequential evaluation,
although future research should explore other experimental
tasks where differentiated learning rates may play a more sig-
nificant role, particularly in non-deterministic environments.
To achieve this, it will be essential to extend the models’ of-
fline planning module to account for uncertainty in environ-
mental dynamics. Additionally, it will be interesting to de-
termine the number of replays an agent makes, which can be
linked to the degree of pessimism or surprise. Ultimately,
an important next step should be to evaluate the Dyna β-SR
model’s predictions against human data to assess its plausi-
bility beyond simulation.
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Abstract

Computational cognitive architectures are useful tools for cap-
turing the structures and processes of the mind computation-
ally as well as for simulating behavior. One such cognitive
architecture, Clarion, incorporates a two-level structure con-
sisting of both symbolic and sub-symbolic representations (at
the two different levels respectively) and bottom-up learning
that goes from sub-symbolic to symbolic representations (us-
ing the Rule-Extraction-Refinement algorithm). This work ex-
plores the integration of Large Language Models (LLMs) into
the Clarion framework to enhance its capabilities. The present
paper specifically explores a new rule extraction method within
Clarion, with SBERT (Sentence-BERT) incorporated into the
bottom level of Clarion and a sliding window approach to ex-
tract n-gram rules for the top level of Clarion. This modified
version of the Rule-Extraction-Refinement algorithm is used to
carry out bottom-up learning within the new Clarion. Ongoing
experiments on the Pennebaker and King essays dataset (for
personality prediction) demonstrate the potential for improved
performance and increased explainability when incorporating
LLMs into Clarion.

Keywords: Clarion, LLMs, Cognitive Architectures

Introduction
Strong claims on Large Language Models (LLMs) capable
of human-like cognition are being made, for example, by
DeepSeek and OpenAI (DeepSeek-AI et al., 2025). How-
ever, LLMs continue to have problems with trustworthiness,
explainability, and so on, even with their progress on many
different benchmarks (Romero, Zimmerman, Steinfeld, &
Tomasic, 2023). These models include mechanisms like at-
tention that, despite the name, does not reflect actual human
attention (Zhao, Xu, & Gao, 2024). Not grounded in hu-
man cognition, it may not be possible to create computational
models that accurately reflect human cognition (Sun, 2024a).

On the other hand, cognitive architectures have been de-
signed to address such issues. They are computational mod-
els that aim to capture the human mind’s structure, mecha-
nisms, representations, and processes (Sun, 2024b). They are
psychologically realistic models based on existing empirical
and theoretical findings on the human mind (human psychol-
ogy). One such model is the Clarion computational cognitive
architecture. This cognitive architecture is unique in some
ways. First, each of its main subsystems is centered on a
two-level structure, with the top level using symbolic repre-
sentation and the bottom level using sub-symbolic represen-
tation (Sun, 2016). Second, Clarion accentuates bottom-up

learning, which goes from sub-symbolic to symbolic repre-
sentation (through rule extraction). This allows the top-level
symbolic representation to emerge through information from
the sub-symbolic representation at the bottom level (as will
be detailed later).

These features are important in that they provide compu-
tational benefits in terms of performance, speed of learn-
ing, transfer to other tasks, and synergy between symbolic
and sub-symbolic representation, as amply demonstrated by
previous work in psychological experimental tasks such as
process control, sequential reaction, and minefield naviga-
tion (Sun, Merrill, & Peterson, 2001; Sun & Peterson, 1998).
These features of Clarion have also been psychologically jus-
tified in previous work (Sun et al., 2001; Sun, Slusarz, &
Terry, 2005).

However, the question remains whether these benefits will
apply if the bottom level of Clarion is composed of an LLM
instead of simpler, traditional neural networks. This leads to
the contributions of the present paper:

• Incorporating SBERT into Clarion at its bottom level and
performing bottom-up learning.

• Developing a rule extraction algorithm with a sliding win-
dow n-gram approach for bottom-up learning.

• Presenting some preliminary results that suggest potential
for better performance and explainability from rule extrac-
tion.

Background
This section provides some background on cognitive archi-
tectures and some other relevant work.

Cognitive Architectures
As mentioned earlier, cognitive architectures are psycholog-
ically realistic computational models. They aim to be max-
imally expressive with as few free parameters as possible
while adhering to the psychological constraints found in hu-
mans (Sun, 2008). Some of the better-known cognitive ar-
chitectures include ACT-R (Anderson, Matessa, & Lebiere,
1997), Soar (Laird, 2019), and Clarion (Sun, 2016). Each of
these models functions as slightly different theories of human
cognition (psychology).
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This focus on psychological realism is a useful constraint
as it forces the designer of such a system to be careful with the
details and design decisions (Hélie & Sun, 2014) instead of
using whichever components may perform well (as is the case
with LLMs) so that the resulting system can better capture
human cognition and psychology.

Clarion consists of four subsystems each composed of a
two-level structure: a symbolic top level and a sub-symbolic
bottom level. The Action-Centered Subsystem (ACS) takes
inputs from the environment and generates action decisions
(based on its procedural knowledge). The Non-Action Cen-
tered Subsystem (NACS) stores factual (declarative) knowl-
edge and is for reasoning and inference. The Motivational
Subsystem (MS) deals with basic human motives and their
interactions. The Metacognitive Subsystem (MCS) uses dif-
ferent modules to monitor and regulate cognitive processes.
These subsystems interact to generate an outcome given sen-
sory information (Sun, 2016). The diagram below shows the
overall structure of Clarion.

Figure 1: The basic structure of Clarion. Figure recreated
from (Sun, 2024a)

Clarion is emphasized in this work because of its two-level
structure, which is based on dual-process theory as discussed
below.

Dual Process Theory

Dual-process theory of mind was recently popularized by
Daniel Kahneman (2011) but had been proposed much earlier
by, among others, Reber (1989), Schacter (Schacter, Chiu,
& Ochsner, 1993), and Sun (1994). It posits that human
thinking is supported by two systems. The first is System
1 (S1) which is used in making often fast, imprecise, un-
conscious decisions. The second is System 2 (S2), which is
used for more deliberate and rational decision-making. These
two systems deal with different types of knowledge and pro-
cesses. S1 works with implicit knowledge/processes, which
are less accessible and more holistic, while S2 deals with ex-
plicit knowledge/processes, which are more accessible, crisp,
and precise (Sun, 2016). The co-existence of these different
types of knowledge and processes is well supported by prior
empirical work, for example, by Reber (1989), Schacter et al.
(1993), and Bornstein and Pittman (1992).

In Sun (1994, 2001), it was shown that neural networks
can be a good way to capture implicit knowledge used by S1
and that symbolic representation is better suited for explicit
knowledge used by S2. Clarion thus incorporates this the-
oretical and computational dichotomy in its two-level struc-
ture. In humans, these two systems will often interact and
benefit one another; similar effects have been demonstrated
by Clarion, with demonstrable synergy between its top and
bottom levels (Sun et al., 2005).

Bottom-up and Autonomous Learning
Clarion is not unique in incorporating this two-level structure
from dual process theory. As discussed by Hélie and Sun
(2014), while some other models focus on top-down learning,
where a model learns implicit knowledge from the explicit
knowledge it possesses or is given, Clarion can perform top-
down as well as bottom-up learning. Bottom-up learning is
when a model starts with learning implicit knowledge through
trial and error and builds up explicit knowledge on that basis
through experience (Hélie & Sun, 2014). This is an important
aspect of Clarion, as it allows for learning knowledge about
the world with no prior knowledge to start with; that is, it
allows for autonomous learning (Sun et al., 2001). In humans,
some tasks lend themselves better to top-down learning, and
others to bottom-up learning, so the inclusion of both in a
model is important for psychological realism.

The algorithm that Clarion used to perform bottom-up
learning is the Rule-Extraction-Refinement (RER) algorithm
(Sun, 2016). Roughly, the basic idea of RER is: if some ac-
tion decided by the bottom level is successful, then a rule
should be extracted. In subsequent interactions, rules are ver-
ified and refined using an information gain criterion (Sun &
Peterson, 1998). There are three important components of
this process: Extraction, Generalization, and Specialization.
Extraction is the first step, which sets up a rule if an action is
successful and there is no existing rule matching the current
input conditions. Generalization occurs when a rule is suc-
cessful and it leads to expanding rule conditions, while spe-
cialization occurs when a rule fails and it leads to narrowing
rule conditions (Sun & Peterson, 1998). If two rules become
too similar, they can be merged into one, and rules that con-
sistently fail are deleted (more specific details can be found
in Sun (2001, 2016)). The method for rule extraction being
developed in this work is a variation of this algorithm adapted
to SBERT.

Justifications for Incorporating LLMs
While the current components of Clarion have been exten-
sively validated through rigorous simulations of empirical
psychological data, is incorporating LLMs into Clarion jus-
tified? The bottom level of Clarion currently utilizes differ-
ent types of neural networks (in different subsystems) to cap-
ture implicit knowledge and processes. This is something that
LLMs seem to be able to do well. As argued by Sun (2024a),
the knowledge that LLMs store internally can be thought of
as mapping roughly to human intuition. Sun (2024a) also ar-
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gued that using an LLM at the bottom level of Clarion could
be an even better way to represent implicit knowledge and
processes than neural networks of the past. Although SBERT
(derived from the language model BERT) is not an LLM,
it serves as an initial exploration before incorporating large
LLMs into Clarion.

Related Work
In terms of integrating LLMs into cognitive architectures,
there have been some existing suggestions. In Romero et al.
(2023), three methods were suggested: an agency approach
where micro agents compete within a cognitive architecture
for resources, a modular approach where an LLM could be
used to power perceptual or motor control within a cogni-
tive architecture, and the neuro-symbolic approach that uti-
lizes an LLM in the bottom level of Clarion or other similarly
structured models. Sun (2024a) also suggested incorporating
an LLM in the bottom level of Clarion to perform implicit
processing. The method suggested by Sun and the neuro-
symbolic approach suggested by Romero et al. are essentially
the structure that the present work follows.

A paper that is related to the extraction method described
in this paper is Zhu et al. (2024), which uses prompting to
extract rules. This model was able to achieve an increase in
performance but relies on the large language model’s retrieval
and specific prompting, which can lead to variance. This pa-
per differs from this method in that the rules are extracted
deterministically from the model, and thus should be more
reliable and more trustworthy.

Model
This section provides details of the task and the dataset, the
model at the bottom level, the process of extracting informa-
tion from the bottom level to create rules for the top level, and
how these two levels combine to produce a prediction.

Task and Dataset
The dataset used to test these ideas was the essays dataset
from Pennebaker and King (2000), which contains 2,467
stream-of-consciousness essays labeled with binary values
for each of the Big-5 Personality Dimensions.

The Big 5 is the most widely accepted measure of person-
ality developed by Goldberg (1992), and McCrae and Costa
(1992). It consists of 5 dimensions: Openness to Experi-
ence, Conscientiousness, Extroversion, Agreeableness, and
Neuroticism.

Personality prediction has been a surprisingly difficult task,
even when utilizing LLMs such as in Killian Jr and Sun
(2024) and Yeo, Noh, Jin, and Han (2025). The difficulty
of the task and its status as a foundational benchmark for per-
sonality detection make it an interesting choice as the first test
of the validity of the model presented in this work.

Bottom Level
The first step in training the bottom level of the model
is to generate embeddings for each document in the essay

dataset. These are computed using the SBERT (Reimers &
Gurevych, 2019) model with the ”all-mpnet-base-v2” config-
uration, with an embedding size of 768. These are then used
as input into a small three-layer FFN (Feed Forward Neural
Network), which generates the personality predictions. In the
FFN, three fully connected layers feed into an output layer
used for binary predictions of the personality dimensions. A
dropout layer is incorporated between the first and second
layers to reduce overfitting and is set to shut off 10% of the
connections. Figure 2 shows the overall structure of the bot-
tom level.

Figure 2: The basic structure of the neural network model at
the bottom level of the model

In this paper, only the personality dimension of ”openness”
is used as an example, but the structure of the model would re-
main the same for any personality dimension. The loss func-
tion used for this model is Cross Entropy (Cox, 1958), and
the optimizer is Adam with the default parameters (Kingma
& Ba, 2014).

Different versions of the model were trained, some with
80/20 train test splits, with others being 90/10 (this was done
to see if the rule set would potentially benefit from more train-
ing data). All versions are trained using a batch size of 100
and for 50 epochs. Some details for the performance of the
neural network model can be found in the examples section,
but most versions hovered around approximately 0.61 F1-
score on the openness dimension. There are better models
for predicting personality, such as the PADO model proposed
by Yeo et al. (2025), but even this model can only manage to
reach around 0.7 F1-score on this dimension. This SBERT-
based model is used mainly due to its simplicity and ease of
use (as a first step in our work), since our goal is to com-
pare the performance of the neural model alone vs. the neural
model + rules (regardless of the underlying neural model).
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Rule Extraction
The rule extraction process requires that the model at the bot-
tom level be trained first (at least to an extent). The weights
are not adjusted after the initial training (for the sake of sim-
plicity, as this current model does not carry out any online
learning or top-down learning).

The trained neural network model (with the weights
frozen) is used to generate predictions. If the classifier’s pre-
diction is correct, then the sliding window process can be car-
ried out to begin extracting rules. This happens separately for
the positive and negative correct predictions. Figure 3 shows
the overall flow of the rule extraction process.

Figure 3: The overall process of extracting and refining rules.

Sliding Window Our rule extraction involves a sliding win-
dow (Datar et al. (2002)). For each document that is correctly
classified, variations are created, each with a different span of
text masked. This is done by replacing words in the document
with ”[MASK]”. The length of these spans varied between 2 -
5 words and they will be referred to as n-gram going forward.
This creates a new set of documents including the original
document and a set of (# of words in a document - (n - 1))
copies of that document each with a unique span of n words
masked. This set of documents is then passed through the
neural model, and the loss value is recorded for each. The
loss difference (Ld) is then computed for each masked doc-
ument. This loss difference (where loss is the cross entropy
loss function) is defined as:

Ld = loss(documentmasked)− loss(documentoriginal)

The larger the loss difference, the more valuable that span,
i.e., the n-gram, is to the model’s prediction. The loss dif-
ference for each n-gram is calculated, and the top K n-grams
are kept and added to a list. Once this process is repeated for

every correctly predicted document, this list will now contain
the top K n-grams from each document. The last step is sim-
ply to sort these and take the top N n-grams and use those
as the initial set of rules. This is done for both the positive
(1) and the negative (0) predictions, so there will be a set of N
positive rules and N negative rules (to be used as an initial rule
set). The condition of each of these rules is stored as a pair
consisting of an n-gram and its corresponding Ld (n-gram,
Ld), as well as in their vectorized form to be able to later
compute cosine similarities for refinement and application of
rules. The vectorized embedding of an n-gram is calculated
using SBERT. This further requires computing embeddings
for all possible n-grams for each document to which we wish
to apply the rules. Figure 4 presents how the masking of a
document is carried out, and how the Ld is calculated.

Figure 4: The masking process carried out on a document,
and the loss difference calculated for each n-gram.

Once the initial sets of positive and negative rules are ob-
tained, they can then be applied to the dataset. To determine
how these rules are applied (before any further refinement),
two possible methods are: average similarity and max simi-
larity.

Average Similarity Rule Application This method com-
pares each rule with each n-gram in a document using the co-
sine similarity function. If this similarity falls above a thresh-
old ts, then the Ld for that rule is added to a running total.
Positive rules add to this total, and negative rules will subtract
from this total. After looping through all possible matches
of each rule and each n-gram in a document, the values of
this running total are used to make a prediction. If the total
is positive, output a positive prediction, if negative, output a
negative prediction, and if the total is zero, then output no pre-
diction. If the Ld values for the positive and negative values

99

Proceedings of the 23rd International Conference on Cognitive Modelling (ICCM 2025)



are imbalanced, then a multiplicative penalty can be applied
to the rule set with higher values.

Max Similarity Rule Application This method once again
compares each rule with each n-gram in a document using the
cosine similarity function. If this similarity is above a thresh-
old ts then the Ld is added to a list. Separate lists for the
positive rules and the negative rules are kept. After checking
each rule, the maximum value of each of these lists is com-
pared. If the max value of the positive list is greater than the
max value of the negative list, then output a positive predic-
tion. If the reverse is true, then output a negative prediction.
Otherwise, output no prediction. If the Ld values for the pos-
itive and negative rules are imbalanced, then a bias (offset)
term can be included to address this.

After looping through the training dataset once with either
of the above methods, steps can then be taken to improve the
efficacy of the rules. One method is deletion which removes
poorly performing rules, and another is generalization which
expands the scope where a rule is applicable.

Rule Deletion For either method, a record of each time a
rule is applied and each time a rule is successful is recorded.
This is used to calculate the success rate of each rule sr:

sr =
# of times rule was successful

# of times rule was applied

If this success rate is above a threshold for deletion td then
the rule is kept, otherwise, the rule is removed from the set.

Rule Generalization Generalization is to determine if a
rule with fewer conditions would be better in some way. To
do this, a rule is masked in each word position to create n new
generalized rules. Those ’child’ rules keep the same Ld value
as their ’parent’ rule when being applied. Figure 5 demon-
strates this process.

Figure 5: Example of how a 4-gram rule could be generalized

To apply these rules, it requires creating masked versions
of the documents as well. So, if using 4-grams, all the 4-
grams for that document are calculated, then 4 separate ver-
sions of each of those 4-grams are created where the 1st, 2nd,
3rd, and 4th words are masked. This allows for the general-
ized rules to be able to be matched to those documents. After

applying these rules, the deletion threshold can again be ap-
plied to determine if these generalized rules are successful. If
all child rules fail to be successful, then the original parent
rule is added back into the rule set.
Costs of Rule Extraction Each of these methods has an as-
sociated cost. As will be explained in the next section on the
combination of the top and bottom levels, at least one pass
through the training set with the top-level rules is required.
Depending on the length of the documents and the number
of rules, this can become computationally expensive. Con-
ducting a deletion step requires an additional pass of apply-
ing rules to the training set, as does generalization, with doing
both requiring two extra passes through the data. These ad-
justments to the rules can provide benefits (touched upon in
the examples section) but do increase the time required to es-
tablish a final rule set. Depending on the application, it may
be more beneficial to either use deletion, generalization, or
just the initially extracted rules.

Figure 6: The overall flow of how outputs from the top and
bottom levels are combined

Combination of Top and Bottom Level

After establishing a final rule set, it can then be used in com-
bination with the bottom level (or used alone). The combi-
nation requires applying the final rule set to the train set and
calculating the positive predictive value (PPV), negative pre-
dictive value (NPV), and the accuracy that the rule set has on
the subset of the data that it applies to. This can be compared
to the accuracy, PPV, and NPV of the neural model. If the
rules model has better accuracy, then always use its output
for predictions when it applies. If just the PPV is superior,
then use the rules model only when it outputs a positive pre-
diction. If just the NPV is superior, then use the rules model
only when it outputs a negative prediction. If the rules model
is not superior in any of these cases, then simply use the neu-
ral model for all predictions. Regardless, the rules can always
enhance the explainability of the model. All of this is deter-
mined on the training set so that when applying the models
to the test set, the policy for combining the models is already
established.
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Some Examples
This section provides a few examples from our preliminary
experiments thus far where the combined model provided
benefits over using the neural model alone. The examples
presented used three different configurations of the model.
Configurations one and two use an 80/20 train/test split with
different random selections of training and test data, while
configuration three uses a 90/10 split.

Example 1: Deletion only (Max), n = 4, K = 3, ts =
0.9, offset = 0, td = 0.65
In this first example, one pass of rule deletion was conducted;
the max method was used for similarity matching. Using
the above setup of parameters, and configuration two, the
accuracy of the model increased from 0.630% (311/494) to
0.638% (315/494). Since the NPV of the top-level rules was
greater (0.781 vs 0.747), the negative predictions from the top
level were used when they were applicable. The coverage of
the top level (percent of cases where rules were applicable)
was relatively low at 17%.

Example 2: Deletion only (Avg), n = 4, K = 3, ts =
0.85, td = 0.65
This setup also used rule deletion but with the averaging
method for similarity matching. Using this setup of param-
eters, and configuration one, the accuracy of the model in-
creased from 0.595% (294/494) to 0.603% (298/494). Simi-
larly, this was due to the larger NPV of the top-level on the
train set (0.776 vs 0.767), with the coverage of the rules being
slightly greater than the previous case at 22%.

Figure 7: Output from the top-level rules in Example 2

Example 3: Generalization + Deletion (Avg), n = 5,
K = 10, ts = 0.9, td = 0.65
In this example, generalization and deletion were used, with
the averaging method for similarity matching. Using this
setup of parameters, and configuration three, the accuracy
of the model increased from 0.623% (154/247) to 0.632%
(156/247). A slightly greater NPV (0.645 vs 0.643) meant
that the top level’s negative predictions were used when ap-
plicable as in both of the prior examples. The coverage, due
to generalization, was much greater at 47%.

In general, in the cases where generalization was applied,
the coverage was much higher. So adding generalization can
help to explain the model’s output much more often, even in
cases where there is little performance improvement.

Figure 8: Output from the top-level rules in Example 3

Limitations and Future Work
The examples above are only illustrations, and far from com-
prehensive, so more work is needed to verify and improve
the results. For the results provided above, although the per-
formance improvement is often relatively small, the added
explainability is beneficial regardless.

The limited results may be attributed to the small dataset
size, the bottom-level neural network (i.e., SBERT) perfor-
mance, and so on. Using a larger and more comprehensive
dataset to create a more general rule set could be beneficial,
and using a large LLM model as the basis could also help to
extract better rules. Our plan has been to move on to using
real LLMs such as Llama III, Qwen, or Deepseek, at the bot-
tom level of our model, for this dataset and especially other,
larger datasets.

Other, alternative methods are also being considered for
rule extraction. There are other saliency-based methods such
as LIME (Ribeiro, Singh, & Guestrin, 2016), Shapley Val-
ues (Shapley, 1951), and integrated gradients (Sundararajan,
Taly, & Yan, 2017), which can be applied agnostic of the
underlying model, similar to the sliding window n-gram
method. There are also attention-specific methods that could
be used for rule extraction, such as attention rollout (Abnar
& Zuidema, 2020), or the methods proposed by Chefer, Gur,
and Wolf (2021a, 2021b). There is also the Neuron-2-Graph
method (Foote et al., 2023), which creates an interpretable
graph from neural networks. Some of these methods may be
able to extract more useful or more complex rules than the
sliding window n-gram method.

Conclusion
The present paper describes our ongoing work on rule extrac-
tion within the two-level hybrid structure of Clarion, as ap-
plied to the personality prediction task. SBERT was used as
the basis of the neural model at the bottom level, and the top-
level n-gram rules model was constructed through bottom-up
learning using a combination of sliding window n-gram ex-
traction, deletion, and generalization. There are cases where
the combination of the top and the bottom level leads to
enhanced performance and explainability, but much further
work is required to validate the method. Along with tweaking
parameters and generating more results on the essay dataset,
further explorations with various LLMs and various rule ex-
traction methods and algorithms are to be conducted going
forward.
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Abstract

Chase detection involves tracking objects and comparing their
locations over time. What is it about the relative spatial re-
lations of two objects that helps you perceive one as chasing
the other rather than, say, merely moving in the general di-
rection of the other object? A recent model of chase detec-
tion provided an explanation in terms of an attentional strat-
egy. However, it is unclear if this model generalizes or has
predictive power since it was fit to experimental data. Here we
examine whether this model explanation extends to and pre-
dicts a frequently studied chasing cue: chasing subtlety—the
degree to which the chaser deviates from the most direct path
to its target. To test the model, we made preregistered model
predictions from simulations run prior to data collection. We
then conducted two experiments where chasing subtlety var-
ied. Overall, the model did a good job predicting response time
and accuracy patterns across most conditions. Additionally, it
predicted specific videos that had the highest error rates. Thus,
we show that the model explanation extends to chasing sub-
tlety and, more broadly, that the model can be used to generate
a falsifiable theory of chase detection.
Keywords: chase detection; chasing; relations; dynamic
scenes

Introduction
Humans possess an impressive capacity for understanding
complex visual scenes, including identifying the actions of
agents and the intentions behind those actions. One task
developed to study this understanding is chase detection, in
which an individual observes objects moving through a scene
and determines whether one object is chasing another. Chase
detection requires tracking objects and comparing their lo-
cations and motion patterns over time to identify subtle dif-
ferences between, e.g.,“following”, where the intention is
to maintain some distance between agents, and “pursuing”,
where the intention is to close the gap. Many questions re-
main about how people infer the correct intention.

Recent work has investigated possible cues for determining
whether agents are involved in a chase, including distance be-
tween the chaser and its target (Meyerhoff, Schwan, & Huff,
2014a,b), the direction that the chaser faces (Gao, McCarthy,
& Scholl, 2010; Gao, Newman, & Scholl, 2009), the number
of objects in a scene (Gao et al., 2019; Kon et al., 2024; Mey-
erhoff et al., 2013), and chasing subtlety, the degree to which
the chaser can deviate from the most direct path to its target
(Gao et al., 2019; Gao et al., 2009; Meyerhoff et al., 2013).

We recently developed a cognitive model for the chase de-
tection task, to aid in exploring problem-solving strategies
and stimulus factors that may influence performance (Kon,
Khemlani & Lovett, 2024). The core claim of the model was
that chase detection, like other demanding visual tasks, de-

pends on strategically projecting spatial attention onto a vi-
sual scene. To determine whether one object is in pursuit
of another, the model tracks the object, determines its mo-
tion trajectory, and then projects spatial attention along that
trajectory to identify another object that may be a potential
target of pursuit. This process is engaged repeatedly, and if a
prospective pursuer is consistently moving towards the same
prospective target, then it is likely that a chase is occurring.

We evaluated our model on a novel chase detection task,
in which the possible pursuer was always a red circle and
the possible targets were circles of unique colors. This color-
coding simplified detection and tracking in a way that isolated
specific factors that contribute to chase detection. The task
utilized a two-stage design in which participants first pressed
a button to indicate whether a chase was occurring (Stage 1)
and then indicated the circle being chased (Stage 2), allowing
for measures of response time and accuracy. After gathering
human data on the task, we presented the same trial videos to
the model and found an overall close fit to the human data.

Although the modeling results were promising, they suf-
fered from several limitations. 1) The human data was gath-
ered first, and free parameters in the model were selected to
maximize the fit to this data. Additionally, there was only a
small set (20) of stimulus videos. Thus, it remains unclear
how well the model will generalize to other situations. 2) The
study looked at the core chase detection task and varied only
set size, without considering other factors that are believed to
contribute to detection performance.

To overcome these limitations, we present a new pair of
studies with the following changes. 1) Before the study was
given to human participants, the model was run on the study
with specific parameter values, and the resulting model pre-
dictions were preregistered on OSF. 2) A larger set of videos
(180) was used. In these videos, we varied chasing subtlety,
the degree to which the pursuing red circle moves directly to-
wards the target, to explore how this factor affects the model’s
performance and fit to the human data. While there are other
studies that measure the effect of chasing subtlety on speed
and accuracy of chase detection (Gao et al., 2019; Gao et
al., 2009; Meyerhoff et al., 2013), these studies used small
sample sizes, ranging from 12-22. So, we also wanted to see
whether some of these results are replicable with a larger sam-
ple size within this experimental paradigm.

Experiment Design
As in Kon et al. (2024), the present experiment used a two-
stage chase detection task (Figure 1).
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Figure 1: Schematization of an experimental trial in Experiment 1.
After seeing a fixation cross at the initial position of the red cir-
cle, participants saw video of moving circles (motion is represented
in this figure by the white arrows). When participants indicated
whether a chase is present or absent, the video paused and a prompt
to click on a circle appeared. Feedback was provided after each trial.

Each trial began with a fixation cross at the initial location
of the red circle. Next, the red circle appeared with either one
other circle (set size 2, including the red circle) or five other
circles (set size 6). The initial location and initial trajectory of
each circle was randomized with the constraint that no circles
overlapped. All circles traveled at the same fixed speed. The
red circle moved along a straight path toward the center of
the chased circle with its direction updated every 50 ms. The
circles moved until participants responded by pressing a key
to indicate whether a chase was present or absent (Stage 1),
or until the video ended after 22 seconds. Next, if participants
indicated there was a chase present, they clicked on the circle
they believed was being chased (Stage 2).

The trials in which the red circle was engaged in a chase
(chase-present trials) varied in their chasing subtlety, which
is the extent to which the chaser moves directly towards the
target. We followed Gao et al. (2009) and Meyerhoff et al.
(2013) by operationalizing subtlety as the difference in de-
grees between the direction the chaser travels and the direct
path (0◦) to the target. For 0◦ chase-present trials, the red
circle updated its position towards the center of the target,
whereas for 30◦ chase-present trials, it could deviate any-
where from -30◦ to 30◦ from that path.

For the study, four factors were varied: set size (2 or
6), chasing condition (present or absent), chasing subtlety
(0◦, 30◦ or 60◦), and target color (one of five possible col-
ors). We provide an example video for each condition here:
osf.io/8cefh/. Three videos were generated for each combi-
nation of conditions, yielding 180 total videos. Chase-absent
trials were generated exactly the same as chase-present trials,
except that the target was an invisible circle. Thus, the red
circle’s motion patterns did not differ depending on whether
it was chasing a visible circle or not.

The Model and Predictions
We developed a computational model of chase detection (see
Kon et al., 2024, for details) based on the idea that an ob-
server directs spatial attention to task relevant locations (Pos-
ner, 1980; Ullman, 1984). The model evaluates whether a red
circle is chasing another by (1) finding and tracking the red
circle over time to estimate its future trajectory based on past
motion; (2) scanning along that trajectory; and (3) identifying
what, if any, circle lays within a scan window traversing the
trajectory. The more times a particular object is found along
the expected path of the red circle, the more evidence the red
circle is chasing this object.

The model is built within the ARCADIA framework,
which was designed to explore attention’s role in perception,
cognition, and action (Bridewell & Bello, 2016). ARCADIA
models are implemented as a set of components that process
information and generate output; and an attentional strategy
is used to select one piece of output as the focus of atten-
tion, which drives further processing. To these components,
the chase detection model adds a set of stopping rules for de-
termining when sufficient evidence has accumulated before
producing a response on a trial.

Each ARCADIA processing cycle works as follows. On
each cycle, components have access to: the output from all
components on the previous cycle, a single output element
that was selected as the focus of attention on the previous
cycle, and data generated by sensors—typically, this grabs
frames from a video, such as the chase detection stimuli.
Components are essentially functions that process this infor-
mation to generate new output elements that will be available
on the following cycle. Depending on their purpose, different
components will respond to different information.

The chase detection model relies on five key components.
The image segmenter processes the images coming from
the sensor, performing figure-ground segmentation (Palmer
& Rock, 1994) to pick out segments corresponding to the col-
ored circles in the video. These segments are used by the re-
mainder of the model (Figure 2). The color highlighter iden-
tifies each segment’s color and puts it forward as a candidate
for attention. In the current model, the attentional strategy
prioritizes attending to the red circle since it is always the po-
tential pursuer. While attention is focused on the red circle,
its positional information is used to calculate its motion tra-
jectory (Figure 2, cyan line). After this trajectory information
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Figure 2: Example illustrating the function of each model component. Areas not grayed out indicate the focus of attention at a given time.

is available, the trajectory scanner projects a small window
of spatial attention along that trajectory (the scan window,
represented by the magenta box in Figure 2; see Gerstenberg
et al., 2017). If that scan window intersects another circle,
the scan highlighter highlights that circle as a candidate for
attention (Bello et al., 2018). Finally, the object file binder
generates a representation of this object (Treisman & Gelade,
1980), and its intersection count is incremented.

The model’s stopping rules codify different strategies for
determining when to respond on the chase detection task.
The strategies can be varied based on four free parameters
to the model. The stopping rules are as follows. 1) If the in-
tersection count for a circle reaches the intersection counter
threshold, then the model responds that this circle is being
chased by the red circle. 2) If no intersection count reaches
this threshold but maximum time is reached, then the model
responds that it detects no chase. 3) If at initial time check no
intersection count is at least at the value of the initial intersec-
tion threshold, then the model responds that there is no chas-
ing detected. This third stopping rule can generate a quick
response when there is minimal evidence of chasing.

A fifth free parameter is scan window size (diameter of the
scan window). Our prior modeling work suggested that vary-
ing it could explain how differences in set size affect perfor-
mance. In this study, there were either 2 or 6 objects in each
video. We got the best fit to human data when the model
used a small scan window with a large set size (6), and large
scan window with a small set size (2). Intuitively, this makes
sense: when the scene is cluttered with a large number of ob-
jects, one would want to focus in on a small area to avoid be-
ing distracted by irrelevant objects. But when there is only a
single candidate for the target, a large scan window can max-
imize the chances of hitting that circle when scanning.

Model Results and Predictions
We ran several sets of simulations where we varied scan win-
dow size (with widths 71-182% of a circle diameter, in incre-
ments of approximately 12%), intersection counter threshold
(4-11 in integer increments) and maximum time values (7-21
seconds, in increments of 2), while we fixed the initial time
check (6 seconds) and initial intersection threshold (1) across
simulations. The full results of these simulations and detailed
discussion of them are beyond the scope of this paper; how-
ever, they are provided in the preregistration ( osf.io/59gkc/).

Based on the assumption that a human observer should make
fast yet accurate responses, we made predictions about per-
formance on this task based on the results of parameter val-
ues that produce both low response times and low error rates
across all conditions. In other words, rather than fitting the
model to data, we made predictions about performance prior
to collecting data by examining model performance for pa-
rameter values that resulted in both the lowest mean response
times and the highest mean accuracy rate across conditions.

In line with our past findings, such performance with low
response times and high accuracy occurs for set size 2 when
larger scan window sizes are used and for set size 6 with
smaller scan window sizes. We also identified a subset of pa-
rameters that reflected a speed-accuracy tradeoff. It is charac-
terized by larger scan window sizes for set size 2, smaller scan
window sizes for set size 6, an intersection counter threshold
of 5 or 6, and a maximum time from 15-17 seconds.

Figure 3A shows representative model results given these
parameters. The several qualitative predictions about human
performance based on model results are summarized below.

1. On chase-present trials (blue lines in Figure 3), response
times will increase with chasing subtlety.

2. On chase-absent trials (red lines), response times will be
unaffected by chasing subtlety.

3. All response times will increase with set size.
4. On chase-present trials, Stage 1 accuracy will be near ceil-

ing for 0◦ and 30◦ subtlety, but will decrease for 60◦.
5. On chase-present trials at 60◦, performance will be lower

for set size 2 than set size 6. This surprising prediction is
the only case where set size 6 is easier.

The model also identifies particular videos that may result
in lower accuracy and predicts the response times for these
videos and which incorrect target circle will tend to be cho-
sen. These are videos for which the model has a high error
rate even when it uses parameter values that resulted in over-
all low speed and high accuracy. We discuss some of these
videos, which are in our preregistration, in the Error-Prone
Videos section below.

Experiment 1
To test model predictions about human performance on a
larger stimulus set, we conducted an experiment after prereg-
istering the predictions, using the same task and stimulus set
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Figure 3: Model predictions and experimental results, with correlations between model results and data for each experiment. Mean response
times were calculated from correct trials only. Error bars represent one standard deviation of the mean.

used in model simulations. Various chasing subtleties were
used in the stimuli to investigate whether the model strategy
generalizes to this frequently studied cue (Gao et al., 2019;
Gao et al., 2009; Meyerhoff et al., 2013) and whether some
of the key results of past chasing subtlety studies replicate
with a larger sample.

Method

Participants 102 participants (mean age = 42.05 years; 56
females, 44 males, 1 other, 1 prefer not to answer) completed
the study on the Amazon Mechanical Turk online platform
in exchange for US$3.75. We excluded data from 5 par-
ticipants with mean accuracy < 2 standard deviations from
pooled mean accuracy (82%). All but 3 participants reported
normal color vision, with 2 reporting suspected colorblind-
ness and 1 who did not respond; however, each yielded 82%,
81% or 89% accurate responses, so we retained their data.
We analyzed the remaining data from n = 97 participants.

Materials, Procedure and Design The study used custom
JavaScript and HTML code within the nodus-ponens package
(Khemlani, 2022). After navigating to the webpage with the
study, participants saw instructions that described the task,
informed them that the red circle was always the potential
chaser, stated the purpose of the fixation cross, and presented
a few example videos and interactive example trial. Partic-
ipants initiated each trial by pressing a key, which resulted
in a video playing that showed a fixation cross followed by
moving circles. Participants responded with the F- and J-
keys on their keyboard to indicate whether there was a chase
present or not (Stage 1 response), with key assignment coun-
terbalanced across participants. The key press paused the
video, and participants saw a prompt to click one of the cir-
cles (Stage 2 response) using their mouse. Specific feedback
was provided after each trial, i.e., “Correct.”; “Incorrect – red
was chasing”; “Incorrect – no chasing”; “Incorrect circle”,
in addition to a warning if the Stage 1 response was too fast
(< 500 ms) or too slow (> 20 s).

Each participant saw 4 practice trials with chasing subtlety
0◦, which was followed by 32 experimental trials in random-

ized order, yielding a 2 (chase present vs. absent) × 2 (2
circles or 6 circles) × 3 (chasing subtlety 0◦, 30◦ or 60◦)
repeated-measures design with these 12 total conditions re-
peated 3 times. For each trial a video was chosen randomly
from the subset of videos in the pool of 180 videos that had
a specified set of the independent variables of interest, e.g.,
chase-present, set size 6, chasing subtlety 30◦, with a ran-
domized target color and version number.

Results and Discussion
Figure 3B shows the mean response times and Stage 1 and
Stage 2 accuracies for each condition. Analyses for response
times were run on correct trials only. We fit the data to a linear
mixed model using the nlme package (Pinheiro et al., 2021)
in R (version 4.3.1; R Core Team, 2023). We found a signifi-
cant effect of set size (χ2(2) = 401.63, p < .001) and of chas-
ing subtlety (χ2(2) = 117.16, p < .001) on response time, but
the presence of a chase did not reliably impact response times
(χ2(2) = 0.14, p = .707). Pairwise contrasts with Tukey ad-
justment indicated that response time significantly increased
with chasing subtlety (0◦ v. 30◦: b = 440.63, t(2799) = 4.48,
p < .001; 0◦ v. 60◦: b = 1181.27, t(2799) = 11.06, p < .001,
30◦ v. 60◦: b = 741.27, t(2799) = 6.89, p < .001) and with
set size (b = 1764.14, t(2799) = 20.84, p < .001).

The pattern of response time data (Figure 3B, top plot) gen-
erally matches the pattern predicted by the model (Figure 3A,
top plot; r = .72). As predicted, when there is a chase, re-
sponse times for set size 2 are lower than for set size 6, and
response times increase with chasing subtlety. And, as pre-
dicted, response times are relatively flat across chasing sub-
tlety for chase-absent trials. However, the model performs
worse than humans for these trials; people are much faster to
indicate correctly that there is no chase.

How does our data compare to other studies? For chase-
present conditions, only Gao et al. (2019) measured re-
sponses across chasing subtlety conditions, and the results
from Experiment 1 generally matches: lower response times
for smaller set sizes with a large increase in response time at
60◦. No study provides chase-absent trial response times.

Full analyses of Stage 1 and Stage 2 accuracy are available
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at osf.io/8cefh; here we compare qualitative results and
model predictions against the results of other studies. For
Stage 1 accuracy (Figure 3B), chase-present performance is
near ceiling except for 60◦, and accuracy is lower for set size
6 than set size 2. Although the pattern for 0◦ and 30◦ resem-
bles that of the model (Figure 3A), the model’s prediction
for 60◦ (performance should be worse for set size 2 than for
6) does not match the data, resulting in a lower correlation
(r = .68). Only Gao et al. (2009) measure Stage 1 accu-
racy (detection accuracy) and for set size 4 chase-present tri-
als only, making it difficult to directly compare our Stage 1
results with existing studies.

Stage 2 accuracy (Figure 3B) strongly resembles (r = .99)
the model’s predictions (Figure 3A), with set size 2 perfor-
mance at ceiling. There is also a drop-off in accuracy for set
size 6 with chasing subtlety of 60◦, although people are more
accurate than the model for this condition. Additionally, the
pattern for set size 6 mirrors the results for accuracy reported
by Gao et al. (2009, 2019) and Meyerhoff et al. (2013).

Experiment 2
Experiment 1 gave feedback on each trial. We were curious
about the role of feedback on performance for two related
reasons. First, the model does not receive feedback. So, we
wanted to ascertain whether a version of the experiment with-
out feedback would better approximate model results, partic-
ularly for the 60◦ subtlety condition. Second, it may be ar-
gued that chases with high chasing subtleties are not really
chases at all. Although they may be defined in the generation
of stimuli as a chase, they might not be considered chases
by participants. Receiving feedback on each trial may cause
participants to learn to classify videos with higher chasing
subtleties as chases, even though outside of the experiment,
these videos would not be regarded as chases. If this is the
case, we would expect accuracy for 60◦ chase-present trials
to be much lower when no feedback is given. To examine the
impact of feedback on performance, we conducted a second
experiment with the same design as Experiment 1 except that
feedback did not follow experimental trials.

Method
Participants 102 naı̈ve participants (mean age = 19.54
years; 65 females, 36 males, 1 other) were recruited from
Purdue University in exchange for course credit. Data from
4 participants with mean accuracy less than 2 standard devia-
tions from the mean (81%) were excluded. Two participants
did not have self-reported normal color vision, and the data
from one of these participants was among the 4 excluded for
having a low accuracy rate. We retained the data from the
other (92% accurate). We also excluded data from: 3 partici-
pants who chose not to report their age, 1 who reported being
younger than 18, and 7 due to technical issues. We analyzed
the remaining data from n = 87 participants.

Materials, Procedure and Design This experiment was
identical to Experiment 1 except for the following. Par-

ticipants received no feedback after each experimental trial.
Since we had more time with this subject pool, each partic-
ipant saw more experimental trials: we repeated the 12 total
conditions (2 (chase present vs. absent) × 2 (2 circles or 6 cir-
cles) × 3 (chasing subtlety 0◦, 30◦ or 60◦)) 5 times resulting in
60 randomly interleaved experimental trials per participant.

Results and Discussion
Experiment 2 yielded results similar to those of Experiment
1 (see Figure 3C) with a significant effect of set size (χ2(2)
= 472.72, p < .001) and chasing subtlety (χ2(2) = 120.16,
p < .001) on response time, but, unlike Experiment 1, the
impact on response time of whether a chase is present was
also significant (χ2(2) = 29.70, p < .001). Pairwise contrasts
with Tukey adjustment indicated that response time signifi-
cantly increased with chasing subtlety (0◦ v. 30◦: b = 387,
t(4157) = 4.64, p < .001; 0◦ v. 60◦: b = 1008, t(4157) =
11.03, p < .001, 30◦ v. 60◦: b = 741.27, t(4157) = 6.89,
p < .001), set size (b = 621, t(4157) = 22.36, p < .001),
and when a chase was present rather than absent (b = 399,
t(4157) = 5.46, p < .001).

Thus, we have replicated the results from Experiment 1
from a different population, providing stronger support for
the conclusions drawn from Experiment 1. Additionally, it
seems that feedback does not have much impact on accuracy.

Error-Prone Videos
The model makes specific predictions about which videos are
likely to receive incorrect responses. We focus on the three
videos with 0◦ chasing subtlety for which the model, with pa-
rameters values that led to good overall performance, had a
100% error rate. Our preregistration provides details about
these parameter values and how we made these predictions.
Each of these videos can be found at osf.io/8cefh. Be-
cause the results from Experiments 1 and 2 were similar,
we pooled the responses from these experiments to identify
videos with high error rates.

Figure 4 compares model performance with empirical re-
sults for each of these videos. Video 1 is a chase-absent video
with a red circle and a green circle, with the red moving to-
wards the green circle at times during the first half of the
video. The model predicted that people would tend to in-
correctly respond that the red circle is chasing the green cir-
cle, with a response time in the range of 7.42-9.70 seconds.
The gray bar of Figure 4A, left plot, shows the percent of
incorrect Stage 2 responses expected for each color. So, the
model predicts that 100% of the incorrect responses will in-
dicate that the green circle was being chased. In line with the
model’s prediction, the same video was the most difficult at
Stage 1 for humans across all 0◦ subtlety videos. Humans had
a Stage 1 error rate of 34% on this video (shown in the title
of Figure 4A, right plot). Additionally, all participants who
responded incorrectly indicated that the green circle was be-
ing chased, with a mean response time of 7.92 seconds (Fig-
ure 4A, right plot).
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Figure 4: Left column: Model predictions for three videos with the
highest simulated error rates, which show the response time associ-
ated with an incorrect response and what color will be chosen. Right
column: Data for incorrect responses for these videos, indicating
how frequently a particular color was chosen and the mean Stage 1
response time for that color. ‘XX% incorrect’ in the titles indicates
the percent of video views with an incorrect response. Each plot
shows information for incorrect responses for a particular video, i.e.,
what circle was thought to be chased (each bar indicates the percent
of incorrect responses (x-axis) where a particular circle (y-axis) was
selected) and the mean response time for the Stage 1 response on
these trials (indicated by the number on/beside a bar).

Video 2 is a chase-absent video with set size 6. At differ-
ent points in the video, the red circle moves towards a subset
of the circles for a short time. The model predicts that peo-
ple should tend to respond incorrectly that the yellow circle
is being chased, with a response time in the range of 4.86-
5.65 seconds (Figure 4B, left plot). For humans, however,
this video did not rank among the top error-prone 0◦ chasing
subtlety videos, with only 18% of participants responding in-
correctly. Further, those that did respond incorrectly were
not unanimous in indicating that the yellow circle was being
chased (Figure 4B, right plot), yet their mean response time
(5.73 sec) falls near the range predicted by the model.

Video 3 is a set size 6 chase-present trial where the orange
circle is chased. However, the yellow circle seems to fol-
low the orange circle for a short time at the beginning of the
video. The model predicts the people will tend to provide a
correct Stage 1 Response and, thus, respond that there is a
chase around 5.42-6.07 seconds. However, that model also
predicts that people will tend to make a Stage 2 error, indicat-
ing that yellow, rather than orange, is the circle being chased
(Figure 4C, left plot). In line with the prediction, this video

had the highest Stage 2 error rate (42%) among those with a
0◦ chasing subtlety, with the vast majority indicating that the
yellow circle was being chased at around 6.11 seconds.

Overall, the model predicted the 0◦ chasing subtlety video
with the highest Stage 1 error rate (Video 1), and the video
with the highest Stage 2 error rate (Video 3). Additionally, in
these cases, the model made accurate predictions about when
people who made these errors tended to respond and what
circle they tended to select. However, the model was not a
good predictor regarding Video 2. Most people seemed to
wait long enough to correctly identify there was no chase.

General Discussion

Previous research has identified a number of factors that influ-
ence chase detection in humans. The present work builds on
that body of research while focusing on one key factor, chas-
ing subtlety. Compared to prior studies, the present study
uses larger sample sizes and provides an explanation, via a
computational model, for why performance degrades when a
pursuing object does not move directly towards its target.

More broadly, the present work explains chase detection
by combining a) a model, based on the claim that participants
direct spatial attention towards potential chase targets to per-
form the task, and b) a strategy for assigning values to the
model’s free parameters before human data has been gath-
ered, based on finding a balance between low response times
and high accuracy across conditions. We found the model
parameter values that best achieved this balance result in a
model that focuses attention on a narrow area when the scene
is more crowded and a larger area when there are few ob-
jects. This provides support for and an explanation of our
claim that the size of the focus of attention differs depending
on the number of distractors in a scene (Kon et al., 2024): a
narrow focus (wider focus) when there are many (few) ob-
jects tends to lead to lower response times but also higher
accuracy. The result is a model capable of both predicting
overall human performance and identifying videos that will
be especially difficult for humans.

While the pattern of model results generally matches em-
pirical results, humans outperform the model when there is no
chase, responding faster across all set sizes and chasing sub-
tlety conditions. This implies that the model stopping rules
do not reflect those used by humans on this task. Future work
should systematically survey plausible alternative cognitive
stopping rules. For example, an earlier initial check may be
afforded by having a dynamic scan window that gets larger as
it moves away from the potential chaser.

We have demonstrated that this computational model can
be used to make empirically testable predictions about human
performance on chase detection tasks prior to data collection.
This shows that the model allows us to develop a falsifiable
theory of chase detection, one that we intend to expand and
refine through future model development and empirical tests.
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Abstract
Phishing emails target individuals and organizations to com-
promise security and privacy. Understanding how humans
make decisions when encountering these emails is crucial for
effective defense. Cognitive models offer a promising ap-
proach, but a key challenge lies in representing the contextual
information people process, encode, and retrieve—especially
in textual form. This study leverages privileged learning to en-
hance context representation in cognitive models of phishing.
Using instance-based learning (IBL) and a neural network-
driven text similarity approach, we predict how humans per-
ceive email content and intent. Our results show that this
method significantly improves IBL agents’ ability to model
phishing decisions, advancing personalized anti-phishing de-
fenses.
Keywords: phishing detection; cognitive modeling; privileged
learning; instance-based learning; neural networks

Introduction
Phishing attacks deceive individuals into revealing sensitive
information or granting unauthorized access to systems. The
increasing prevalence of phishing reflects the general increase
in the number and severity of cyberattacks (Ulsch, 2014; Li
& Liu, 2021). Although early studies attributed phishing sus-
ceptibility to a lack of attention to URLs and sender addresses
(R. Dhamija, Tygar, & Hearst, 2006), recent research high-
lights the role of cognitive processes associated with mem-
ory retrieval and decision-making (Cranford, Lebiere, Raji-
van, Aggarwal, & Gonzalez, 2019; Xu, Singh, & Rajivan,
2022a; Malloy & Gonzalez, 2024).

Familiarity with certain topics or entities could affect how
one would assess the legitimacy of an email. For exam-
ple, when a phishing email contains familiar contexts such
as recent conversations or familiar entities, it can evoke a
sense of trust, making it difficult for individuals to recog-
nize phishing emails as malicious. Modeling and analyz-
ing how memory processes influence reasoning and decision-
making is crucial to understanding why people fall victim to
phishing attacks. They are also essential for building next-
generation email protection technologies such as personal-
ized anti-phishing training solutions (Azuma, Daily, & Fur-
manski, 2006) (Newell & Simon, 1972).

Cognitive models grounded in ACT-R and Instance-Based
Learning Theory (IBLT) have been used to analyze and pre-
dict individuals’ responses to phishing emails (Cranford et al.,

2019; Xu et al., 2022a). However, the challenge in develop-
ing such models lies in instance engineering—representation
of contextual information that people process, encode, and re-
trieve when making decisions (Xu & Rajivan, 2024). Previ-
ous works have relied on transformer-based language models
to construct instance representations, but using embeddings
of the entire email text as instances is likely not how peo-
ple encode and remember emails. (Xu, Singh, & Rajivan,
2022b). Also, representing an entire email as a single embed-
ding within cognitive models could introduce unexplainable
errors and biases (Devlin, Chang, Lee, & Toutanova, 2018;
Sannigrahi, Genabith, & España-Bonet, 2023).

In this study, we evaluate ”Learning Using Privileged In-
formation” (LUPI, (Vapnik & Vashist, 2009)) as an approach
to construct input instances for cognitive models of phish-
ing decision-making. This approach enables the use of ad-
ditional features available during training, which which isn’t
available during testing (Vapnik & Vashist, 2009; Momeni,
Tatwawadi, & Stanford, 2022). In the context of this work,
we have ’privileged’ data from surveys collected during labo-
ratory experiments containing people’s interpretations of key
aspects of each email. Such self-reported data would not be
available in a real-world environment. So, the idea is to lever-
age such privileged information to predict how humans would
interpret new, unseen emails and use those predicted features
as input instances to train and evaluate cognitive models.

Background and Related Work
Susceptibility to Phishing
A significant body of research has studied human suscepti-
bility to phishing attacks. This includes examining whether
individuals detect critical cues in phishing emails or web-
sites (e.g., (J. D. Dhamija, Tygar, & Hearst, 2006)), de-
signing interventions to help users focus on suspicious el-
ements in messages (Wu, Miller, & Garfinkel, 2006), and
analyzing training programs aimed at teaching phishing de-
tection concepts and strategies (Kumaraguru et al., 2007;
Kumaraguru, Sheng, Acquisti, Cranor, & Hong, 2010)). Ad-
ditionally, many studies have sought to explain why people
fall for phishing attempts, drawing on theories of inatten-
tion, social influence, and, more recently, memory retrieval
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inefficiencies (Cranford et al., 2019; Vishwanath, Harrison,
& Ng, 2018; Ferreira & Teles, 2019; Sawyer & Hancock,
2018)). Modeling the memory processes involved in recog-
nizing phishing threats would provide insights into why indi-
viduals may be susceptible to specific kinds of attacks.

Modeling Human Response to Phishing
Instance-Based Learning (IBL) models is built on the premise
that humans make decisions by drawing from their past expe-
riences (C. Gonzalez, Lerch, & Lebiere, 2003). Prior studies
that have used IBL to analyze phishing decisions have relied
on using email-specific features (e.g., sender address, sub-
ject line, salutation) to represent emails within the models
(Cranford et al., 2019; Cranford, Singh, Aggarwal, Lebiere,
& Gonzalez, 2021), but these are features relevant to email
protocol and delivery and may not fully capture how indi-
viduals perceive, interpret and recall emails from memory
(Shonman et al., 2022).

Recent research has adopted natural language processing
(NLP) techniques with IBL models to model phishing deci-
sions (Xu et al., 2022b). However, it was found that IBL
agents may struggle with high-dimensional representations
of emails, and relying solely on text features may not be the
correct approach to model human decision-making processes.
Xu and Rajivan’s work (Xu et al., 2022b) highlights the chal-
lenges with representing text stimuli as instances, underscor-
ing the need for new approaches that align with how people
process email text.

Instance-Based Learning Theory (IBLT): IBLT de-
scribes the process of decision-making from experi-
ences (J. F. Gonzalez, Lerch, & Lebiere, 2003). As per
IBLT, situations and decisions are conceptualized as in-
stances, which are triads consisting of state, action, and utili-
ties (Xu et al., 2022b). Here, ‘state’ refers to the characteris-
tics of the environment related to a task/situation (e.g., indi-
vidual emails), ‘action’ denotes the decisions made by an in-
dividual in each situation (e.g., respond or ignore the email),
and ‘utilities’ represent the anticipated outcomes or benefits
that an individual derives from executing such actions.

The IBL agents consist of three primary elements: (1)
Activation: determining the readiness of memory instances
based on recency and frequency (Anderson et al., 2004), (2)
Blending Mechanism: estimating expected utility based on
past experiences (Hakim et al., 2021), and (3) Similarity: as-
sessing the resemblance between current and past situations
to inform decision-making.

Similarity is a crucial aspect of the IBL model, as
suggested by the ACT-R theory (Anderson et al., 2004).
Decision-makers recognize a situation according to its sim-
ilarity to past instances. A similarity rule, defined on situa-
tional cues, evaluates the resemblance of previous situations
to the current situation, so that the model only considers expe-
riences that occurred in similar situations. In the past, cogni-
tive models of tasks involving decision-making based on text
processing typically use large language models such as BERT
to represent the text and assess similarities between instances.

BERT for Text Representation: BERT (Devlin et al.,
2018) is a transformer-based architecture that uses an atten-
tion mechanism to assign weights to words based on their
importance in predictions. Its strength in contextual under-
standing makes it effective for language tasks. In our model,
BERT translates email text into high-dimensional vectors for
analysis.

Enhancing Cognitive Models with Privileged
Learning
Building on prior work (Xu et al., 2022b), we propose inte-
grating privileged learning paradigms into IBL models. Tra-
ditional approaches rely solely on textual features, whereas
our framework incorporates survey-annotated data. Hu-
mans do not process emails solely as raw text; they derive
meaning based on experience and context. Our approach uses
neural networks to predict survey-derived attributes for new
emails. Our goal is to develop robust models that accurately
predict and respond to emails (including phishing emails),
closely reflecting human judgment. By integrating privileged
learning and human-annotated data, we address the chal-
lenges identified by Xu and Rajivan (2022) (Xu et al., 2022b).

Method
In this work, we describe a new approach to predict human
responses to emails (benign and phishing) by bringing to-
gether sentence transformers, neural networks, and Instance-
Based Learning (IBL). We specifically evaluate the efficacy
of using privileged learning approaches (Vapnik & Vashist,
2009) to generate higher-order, lower-dimensional contextual
representations of email text as instances within IBL mod-
els (Morrison & Gonzalez, 2024). We compare privileged
learning methods with previous approaches that used word
embeddings of the entire email text as instance representa-
tions. The key idea is to develop neural network-based privi-
leged learning methods to predict features identified by hu-
mans as salient to their decision-making. These predicted
features are then used as instance representations to train and
validate cognitive models of phishing decision-making. Fig-
ure 1 shows the overall procedure of building the proposed
framework in this study.

Dataset: Two distinct datasets were used to evaluate the
performance of our approach. Dataset 1 was used to train and
validate the proposed approach. Dataset 2 was used to test
the performance of the approach on unseen emails.

The dataset 1 used in this study is derived from a prior lab-
oratory experiment designed to measure the susceptibility of
end-users to spear-phishing attacks (Xu et al., 2022b). This
experiment utilized a simulated phishing attack environment,
comprising groups of four participants. In each group, three
participants adopted the roles of end-users, while the fourth
participant played the role of an attacker. Participants play-
ing end-user roles were provided with detailed fictitious nar-
ratives and were assigned the task of making decisions on a
large set of emails on behalf of their respective roles. The
emails encompassed various categories, including legitimate,
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Survey Summary
Importance to the persona Importance
Request for action (Task assigned, click on a link, download
attachment, etc)

Action

Request for information or opinion (send a reply message, contact info,
send file, image, etc)

Information

Contains status update for an ongoing project or task Project
Request for a meeting or other communication with you Meeting
Contains reminder for a meeting, event, or upcoming deadline Deadline
Spam or marketing or suspicious Spam
Other Other

Table 1: Survey questions presented to end-users during each trial.

promotional, mass phishing, and spear-phishing messages.
For more details about the experiment design and procedure
refer to (Xu, Singh, & Rajivan, 2021)

The dataset 1 comprises a total of 396 emails, each of
which was evaluated by a varying number of human raters.
The maximum number of raters for a single email was 59,
with an average of 18 raters per email. The human users were
required to respond to a series of questions about the emails
presented to them such as whether they would respond to the
email and questions that capture the salient aspects about it.
This includes determining whether the email was soliciting a
particular action, if it was related to an impending deadline,
whether it seemed like a spam message, or if it pertained to
a meeting, among other considerations. They are categorized
and labeled into seven different classes: “action”, “informa-
tion”, “project”, “meeting”, “spam”, “deadline”, and “dead-
line”. This dataset was chosen because, to our knowledge, it
is the only dataset that includes end-user choices on how they
would respond to an email and the email features relevant to
human responses. The second dataset consisted of new, un-
seen emails obtained from another laboratory study(K. Singh,
Aggarwal, Rajivan, & Gonzalez, 2020). These were emails
that were not used as part of the training phase but were
used for testing the performance. This dataset consisted of
responses to emails (benign and phishing) from 48 partici-
pants. This dataset encompassed a total of 3840 responses to
241 unique emails. On average, each participant responded
to approximately 80 emails. Specifically, 55 of the emails
were benign, often referred to as “ham” emails, while the re-
maining 186 emails were identified as “phishing” emails. A
key difference between the two datasets is the availability of
human-assigned labels for emails in dataset 1.

Feature Extraction and Label Aggregation: We used
BERT (Devlin et al., 2018), specifically the ‘all-MiniLM-L6-
v2’ model(Wang et al., 2020) using the SentenceTransformer
library to convert the email text into numerical representa-
tions, known as embeddings(Mikolov, Karafiát, Burget, Cer-
nocký, & Khudanpur, 2010). These embeddings are lower-
order representations and capture the semantic meaning of
the emails. The emails in the dataset were preprocessed to re-
move any null values and passed through the BERT model to

generate the embeddings per email. For each email, human-
assigned labels and embeddings from BERT were integrated.
Since multiple human raters labeled each email, the labels
were aggregated for model development and analysis. Aggre-
gation was performed using majority voting. For each email,
we created a binary matrix where each row corresponds to an
email and each column corresponds to a survey response. The
binary matrix is created by comparing the aggregated labels
with the total number of responses per email for each survey
column. By aggregating the labels per email, we ensure that
each email is represented by a single label vector (the major-
ity vote of the labels) and a single feature vector (the mean of
the embeddings). Each email has multiple labels that must be
predicted, making it a multi-label classification problem.

Model Architecture: We employed sequential neural net-
work model built using the Keras library (Chollet, 2015) to
handle the multi-label classification. In multi-label classifi-
cation, each input can be associated with multiple labels. In
this case, each email contains multiple human-assigned labels
(from participants’ survey responses). The output layer of
the neural network used a sigmoid activation function, which
means that each output neuron produces a value between 0
and 1, independent of the other neurons. These output val-
ues represent the probability of each label being assigned to
a given email, allowing the model to predict multiple labels
independently. The network consists of three layers:

• An input layer with 64 neurons and a “relu” activation
function. The input dimension is equal to the number
of features in our dataset (i.e., the length of the embed-
dings from BERT). The ”relu” activation function intro-
duces non-linearity into the model, allowing it to learn
complex patterns in the data.

• A hidden layer with 32 neurons and a “relu” activation
function. This layer allows the model to learn more com-
plex representations of the data by combining the outputs
of the neurons in the previous layer.

• An output layer with a number of neurons equal to the
number of survey columns and a “sigmoid” activation
function for binary classification. The ‘sigmoid’ activation
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function ensures that the output of each neuron is between
0 and 1, which can be interpreted as the probability of the
corresponding class.

We used the Adam optimizer with a learning rate of 0.001.
The model was compiled with a binary cross-entropy loss
function and a custom accuracy metric, which we refer to as
‘fuzzy accuracy’. This metric measures the accuracy within
a certain tolerance level (0.3), allowing for some degree of
error in the predictions. This is a common approach, par-
ticularly when dealing with diverse and subjective data. In
our dataset, each unique email has multiple rows of labels
assigned by different individuals, resulting in a wide variety
of labels for the same email. This reflects the subjective na-
ture of human judgment. By using a ‘fuzzy accuracy’ metric
and allowing for a certain degree of error in the predictions,
we aim to capture this variability and provide a more realistic
evaluation of our model’s performance. Previous studies have
highlighted the limitations of accuracy as a sole performance
metric in binary classification and how a tolerance level in
the accuracy function could affect the performance of binary
classifiers(S. Singh & Khim, 2022).

Neural Network Model Training and Evaluation: The
model is trained on the training set for 100 epochs with a
batch size of 32. After training, we use the model to predict
the probabilities for the test set. To prevent overfitting and
to ensure that the model generalizes well to unseen data, we
incorporate an early stopping mechanism. This mechanism
monitors the validation loss during the training process and
stops the training when the validation loss has not improved
for a specified number of epochs, in this case, 10 epochs. If
the validation loss starts to increase, indicating potential over-
fitting, the training is stopped and the weights from the epoch
with the best validation loss are restored. This approach al-
lows us to balance the need for a well-trained model with the
risk of overfitting.

Cognitive Model: We leverage the trained neural network
to predict labels assigned by humans for each email and use
these labels as instance representations of emails within cog-
nitive models. This is in contrast to the previous approach
that used embeddings as instance representations.

For each individual in our dataset, we construct a cogni-
tive agent using IBL modeling framework. These agents are
trained on a subset of the data corresponding to their respec-
tive individuals. The training set consists of emails, corre-
sponding labels, and participant’s responses to the emails.
The agents’ memory is populated with instances from the
training set, where each instance is a representation of an
email in the dataset and the corresponding human response.
During training, when presented with a new email, the agent
leverages the previously trained Neural Network to predict
a survey vector for the email. This survey vector serves as
a lower-dimensional representation of the email, eliminating
the need for the agent to interpret the long email text directly.
The agent then compares this predicted survey vector with
the instances in its memory, based on their similarity. This

comparison forms the basis of the agent’s decision-making
process, allowing it to decide whether to respond or not to an
email.

Figure 1: Procedure

Agents Pooled Decision: In our study, we developed a
group agent that makes decisions based on the choices of
10 individual agents. Specifically, we utilized 10 individ-
ual agents. Each agent was assigned a weight based on their
performance, and the group agent made a final decision by
considering these weights and the predictions of all individ-
ual agents. This decision represents the collective decision
on whether to respond or not to an email. The choice of 10
agents was driven by the nature of our dataset. The distri-
bution of emails across raters was uneven, with some raters
assigned as few as 2 emails. This was insufficient to train a
reliable agent. Therefore, we selected 10 user IDs, each hav-
ing responded to at least 60 emails, to ensure a robust dataset
for each agent’s training. This approach helped us to develop
agents that could generalize well to new emails.

Baseline Model: To evaluate the effectiveness of our pro-
posed approach, we compare our results against a baseline
model that utilizes a standard BERT-based representation
without incorporating user perception features. This baseline
model was developed in prior work on cognitive modeling by
Xu and colleagues (Xu et al., 2022b). The primary objective
of this model was to represent email text in a way that could
be used within cognitive agents to predict human responses
to phishing and benign emails.

In this baseline approach, email content was encoded us-
ing a pre-trained BERT model that generates fixed-length em-
beddings capturing the semantic meaning of the text. These
embeddings were then used directly as input representa-
tions for the IBL cognitive agents, which made response de-
cisions based on the similarity between the current email
and past instances stored in memory. Unlike our proposed
method, which integrates privileged learning and higher-
order contextual representations derived from human percep-
tion, the baseline model relied solely on textual embeddings
from Sentence-BERT (nli-distilroberta-base-v2)(Reimers &
Gurevych, 2019).

This baseline achieved, on average, less than 60% accuracy
in predicting human participant responses to phishing emails.
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While BERT has demonstrated strong performance in various
NLP tasks, using raw embeddings alone for phishing decision
modeling did not fully capture the contextual factors influenc-
ing human decision-making.

Results
Neural Network Performance: Following the privileged
learning approach, the neural network was designed to pre-
dict survey vectors for emails, and its performance was eval-
uated over several epochs. The training and validation loss,
as well as the accuracy, were recorded for each epoch.

Although we initially defined 100 epochs for the training
process, we incorporated an early stopping mechanism to pre-
vent potential overfitting. This mechanism monitors the val-
idation loss during the training process and stops the train-
ing when the validation loss has not improved for a specified
number of epochs, in this case, 10 epochs. As a result of this
early stopping mechanism, the training process was halted at
the 40th epoch.

Over the 40 epochs, the model demonstrated a consistent
decrease in validation loss, indicating that the model was
learning effectively from the training data (See Figure 2). The
accuracy also showed improvement over time. By the final
epoch, the model achieved a training accuracy of 86.97 and
a validation accuracy of 87.09. From the figure, we can see
that the neural network was able to accurately predict survey
vectors for the emails in both the training and validation sets.
The close alignment of the training and validation accuracy
also suggests that the model generalizes well to unseen data,
which is a crucial property for practical applications.

Figure 2: Model Performance Metrics on Two Datasets

Overall, the performance of the neural network in predict-
ing survey vectors for emails was satisfactory. The consistent
decrease in validation loss and the high accuracy achieved
by the final epoch demonstrate the effectiveness of the neu-
ral network in transforming high-dimensional email data into
survey vectors. This transformation is a critical step in our
approach, enabling the cognitive models to operate in a more
manageable, lower-dimensional space. The early stopping
mechanism ensured that the model is not only accurate but
also robust and capable of generalizing to new, unseen data.

Cognitive Agent Performance: We evaluated the perfor-
mance of cognitive agents in predicting human responses to
emails using standard metrics such as accuracy, precision, re-
call, and F1 score. The performance of these cognitive agents
was assessed using two distinct datasets. The first dataset,
which is used for training the agents, was divided using an
80-20 train-test ratio. This division implies that 80% of the
data is utilized for training the agents, while the remaining
20% is reserved for testing their performance. This allows
us to evaluate how well the agents have learned to classify
emails based on the training data. The second dataset was
used to test the ability of the agents to generalize their learn-
ing to new, unseen emails.

Figure 3: Model Performance Metrics on Two Datasets

Figure 4: Accuracy for the Group of Trained IBL Agents over
two Approaches

As shown in Figure 3, on the first dataset, the agents
achieved an accuracy of 80.66, a precision of 70.6, a recall
of 71.7, and an F1 score of 71.14. On the second dataset, the
agents achieved an accuracy of 72.2, a precision of 58.6, a
recall of 60.2, and an F1 score of 59.39. The model’s per-
formance is encouraging, demonstrating significant improve-
ment over the baseline model. The baseline model, which
utilized the full text of the emails within the cognitive agents,
achieved an accuracy of approximately 60 percent in its pre-
dictions. Figure 4 presents two box plots showing the accu-
racy distribution across individual IBL agents, further illus-
trating that the proposed model consistently outperforms the
baseline, achieving higher accuracies across single agents in
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the group. These metrics provide a detailed view of the per-
formance of our cognitive agents, both in terms of their ability
to classify emails based on the training data and their ability
to generalize their learning to new, unseen instances.

In summary, our results demonstrate the effectiveness of
our approach in predicting human responses to emails in labo-
ratory experiments. We have found that sequential neural net-
work models are able to predict human-assigned labels from
word embeddings of email text derived from language mod-
els such as BERT. We have also found that using such pre-
dicted human-assigned labels as representations of context in
instances enable cognitive models to better predict human re-
sponses to emails, not only on the dataset it was it was trained
upon but also generalizes to good extext when applied to new,
unseen data. This suggest the approache’s ability to general-
ize.

Discussion
We found that representing decision-making context using
lower-dimensional vectors with factors salient to human re-
sponse would be effective. This work introduces privileged
learning as an approach for generating such low-dimensional,
salient factors from email text embeddings. This differs from
earlier methods for constructing instances that relied either on
manually coded context features or using numerical embed-
dings of the full email text as instance representations. The
former approach of using fixed, hand-coded features would
not be scalable or generalizable given that over 400 billion
emails are exchanged daily. Although the latter approach
is scalable, it is not representative of how humans encode
email instances into memory, resulting in cognitive agents
that are ineffective at accurately predicting human responses
to emails (Xu et al., 2022b).

Our work demonstrates that neural network models can
be trained to predict email features labeled by humans to be
salient to their responses (a multi-class prediction problem)
using text embeddings generated by language models. We
also found that using these predicted factors as input instances
is significantly better than using raw word embeddings as in-
put for cognitive models of phishing decision-making. Al-
though the finding that using contextual features salient to
humans as inputs results in more effective cognitive models
is intuitive, our work shows that we could develop models that
can effectively predict such features on unseen emails. Such
methods enable future work to automate the process of gener-
ating low-dimensional contextual salient features for develop-
ing cognitive models. This work could enable future work to
determine salient features from a small sample of human sub-
jects and emails and use them to develop models that can gen-
eralize to unseen, larger datasets. This approach essentially
aims to overcome the challenges of designing instance repre-
sentations for cognitive models of phishing decision-making
and facilitates the development of more scalable and general-
izable models.

When applied to the second dataset with unseen emails,

the model’s performance, while not as effective as on the first
dataset, was still adequate (see Figure 3). Although both
datasets contained human responses to emails (benign and
phishing), the second dataset is distinct in terms of email
topics and distribution. Importantly, the features collected
through the survey from participants, as included in dataset
1, are not exhaustive. The first dataset contains only la-
bels indicating a limited subset of email intentions, such as
whether an email includes ”information request,” ”meeting
request,” and ”reminders for event,” which are considered rel-
evant to human responses to emails. However, it does not
account for other potentially important features relevant to
humans, which they are likely to encode in memory, such as
the sender’s name, the type of action required, and other in-
tentions not captured in the dataset. Future research could
focus on developing a framework of such features salient to
human response to emails which could be used to develop
more robust and generalizable cognitive models of phishing
decision-making.

Our findings suggest that defenses against phishing threats
could be significantly enhanced by adopting cognitive models
to measure individuals’ susceptibility to phishing and to de-
velop personalized training programs. This work highlights
the need for advancements in methodologies capable of con-
structing scalable instance representations of emails to train
and refine cognitive models for phishing decision analysis.

We demonstrate privilege learning as an effective approach
to generate low-dimensional, human-relevant features from
email text, providing a practical method for constructing in-
put instances for cognitive models. We hope this work will
inspire further efforts in this area. By focusing on the cogni-
tive aspects of user behavior, we gain deeper insights into how
individuals perceive and respond to potential phishing emails.
This cognitive-centered perspective is crucial for understand-
ing user decision-making processes and for designing more
effective, tailored anti-phishing training strategies.

One of the limitations of our study lies in the labeling
scheme used in dataset 1. The predefined labels, while useful,
may not fully capture the nuances of human decision-making
processes. These labels are derived from survey questions
responded to by human users during the experiment. How-
ever, these questions may not be universally applicable across
different datasets or fully represent all aspects of emails that
humans pay attention to when making decisions. This could
potentially limit the effectiveness of our feature vectors.

Another limitation lies in the use of lab-based datasets for
testing our model. While these datasets are valuable for ini-
tial testing and development, they are limited in the diversity
and complexity observed in real-world email based phishing
attacks. Consequently, the robustness and generalizability of
our model could be further tested on more diverse and larger
datasets in future work. This would provide a more rigor-
ous test of cognitive model’s ability to adapt to different en-
vironments and model responses to a wider range of phishing
attacks.
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Abstract
Humans live in the flow of time. However, the perception of
time varies between individuals and changes depending on the
situation. This variability is believed to be closely related to
emotions. For example, people tend to perceive time as pass-
ing quickly when they are having fun, whereas they may feel it
slows down when they are anxious. Based on this relationship,
this study reports a simulation examining the effects of anxiety
on perceptual-motor tasks from the perspective of time percep-
tion. Previous research on time perception suggests that anx-
iety increases arousal, which in turn makes time feel like it is
passing more slowly. In particular, individuals with high trait
anxiety are more sensitive to environmental changes, leading
to more pronounced distortions in time perception. Consid-
ering these findings, this study conducted a simulation using
the cognitive architecture ACT-R to investigate how anxiety
affects perceptual-motor tasks. The modeling of anxiety in
this study is based on the anticipation of failure-related mem-
ories. The simulation results confirmed that freezing behavior
occurred in response to the task, affecting the model’s perfor-
mance.
Keywords: time perception; anxiety; cognitive modeling;
ACT-R

Introduction
Humans live in the flow of time. While objective time is de-
fined in the world, our subjective time is far from uniform
(Zakay, Block, et al., 1995). Perceptions of the time flow
vary from individual to individual and depend on the situa-
tion and psychological state. The relationship between emo-
tion and time perception is widely recognized in psycholog-
ical and neuroscientific research. For instance, time seems
to pass quickly when we have an enjoyable time, whereas it
appears to slow when we are anxious or stressed (Stetson,
Fiesta, & Eagleman, 2007). These phenomena indicate that
the perception of time is closely related to our emotional and
attentional states.

To further explore the mechanisms underlying time percep-
tion, some researchers have utilized cognitive architectures,
which are general frameworks designed to replicate human
cognitive processes with memory and physiological parame-
ters. Among these frameworks, the most versatile and widely
used is ACT-R (Adaptive Control of Thought-Rational: An-
derson, 2007), as shown by Kotseruba and Tsotsos (2020).
ACT-R includes modules for memory and perception, as well
as a module for handling time perception (Taatgen, Van Rijn,
& Anderson, 2007).

Although ACT-R has a temporal module for modeling cog-
nitive processes, it lacks a module dedicated to handling

emotions. Given the aforementioned empirical link (Stetson,
2007), the influence of emotions on time perception should be
incorporated into ACT-R. We believe that such research con-
necting the cognitive module and emotions will contribute to
the recent discussion of an emotions module in cognitive ar-
chitectures (Rosenbloom et al., 2024).

In particular, it can be assumed that the relationship be-
tween emotions and time perception may involve bidirec-
tional interactions rather than a simple one-way influence.
For example, not only can stress and anxiety alter time per-
ception, but the way time is perceived can also affect stress
levels and the allocation of attention. To clarify such interac-
tions, it is essential to develop integrated models of emotions
and time perception.

To address the aforementioned issues, this study aims to
incorporate the influence of emotion into a model of time
perception using the ACT-R. This approach not only deep-
ens our understanding of time perception but also allows for
a more detailed elucidation of how anxiety and stress impact
decision-making and learning. In the following sections, be-
fore introducing our proposed model, we first review relevant
research on time perception and cognitive models that have
explored this topic.

Related Works
As background to this study, we first review basic theories
and experimental findings related to human time perception.
Then, we describe the research on which the model in this
study is based.

Human Time Perception and Emotions
As components that constitute human time perception,
Rakitin et al. (1998) pointed out the involvement of an in-
ternal clock, working memory, and decision-making pro-
cesses. Furthermore, Matell and Meck (2000) extended this
model from a neuropsychological perspective and examined
the brain regions involved in time perception. As a result, it
was revealed that short time intervals (on the order of mil-
liseconds) and long time intervals (ranging from seconds to
minutes) are controlled by different mechanisms. Short time
intervals are processed unconsciously, whereas long time in-
tervals are closely related to working memory and attention.

In the mechanism of time perception, the allocation of at-
tention is considered to play a particularly important role.
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Figure 1: Relationship between arousal level and subjective
time.

Zakay et al. (1995) demonstrated that the way attention is
directed affects the accumulation of pulses and proposed this
theory as the Attentional Gate Model (AGM). According to
this model, when attention is directed towards the passage of
time, the gate of the internal clock opens, and more pulses
are counted, leading to a longer subjective estimation. On the
other hand, when attention is directed towards other events
or loose concentration, the gate tends to close, reducing the
number of pulses counted. Consequently, a shorter subjective
estimation is reached. Thus, arousal levels strongly influence
the allocation of attention, which in turn affects time percep-
tion. For example, as shown in Figure 1, when arousal is low,
the accumulation of pulses slows down, making time feel like
it passes quickly. Conversely, when arousal increases, the ac-
cumulation of pulses of the internal clock rises, making the
passage of time feel slower.

Arousal is closely related to emotions, and consequently,
time perception is also affected (Droit-Volet & Meck, 2007).
For example, when one is engrossed in enjoyable activi-
ties, arousal moderately increases, making time feel shorter
(Csikszentmihalyi, 1990). This is because, during enjoy-
able activities, attention is directed towards external events,
weakening the process of counting time, resulting in a sub-
jective shortening of time. On the other hand, when arousal
is excessively heightened due to stress or anxiety, the pro-
cess of counting time is strengthened, making the passage of
time feel slower (Fayolle, Gil, & Droit-Volet, 2015). This ef-
fect is more pronounced in individuals with high trait anxiety
(Spielberger, Gonzalez-Reigosa, Martinez-Urrutia, Natalicio,
& Natalicio, 1971). as they tend to have a stronger anxiety
disposition (Bar-Haim, Kerem, Lamy, & Zakay, 2010).

Such changes in time perception during anxiety are con-
sidered to be an evolutionarily adaptive mechanism (LeDoux
& Pine, 2016). For example, rapid behavioral choices such
as freezing or flight are performed when detecting danger. In
general, such a choice of behavior in a moment can be consid-
ered to be generated from past memories, but external stimuli
do not merely trigger this process; it is amplified by internal
anticipation.

Cognitive Models Related to Time Perception and
Emotions
The mechanism of time perception has also been a subject
of modeling within the cognitive architecture ACT-R. The
temporal module proposed by Taatgen et al. (2007) follows
the AGM framework and simulates the delay in time percep-
tion caused by attentional shifts. This module has been in-
corporated into the standard ACT-R modules and has been
utilized in models related to gaming tasks requiring rapid
key operations (Anderson, Betts, Bothell, Hope, & Lebiere,
2019; Gianferrara, Betts, & Anderson, 2021), as well as driv-
ing and multitasking (Kujala & Salvucci, 2015; Nagashima,
Nishikawa, & Morita, 2024).

Furthermore, Nagashima, Nishikawa, Yoneda, Morita, and
Terada (2022) proposed a model that integrates the module
with mind-wandering induced by fluctuations in arousal. The
model further incorporates motor learning (Anderson et al.,
2019) and physiological mechanisms (Dancy, Ritter, Berry,
& Klein, 2015) to explain how states of distraction emerge.
However, their model only accounts for mind-wandering due
to fluctuations in arousal and does not reproduce behavioral
changes under anxiety. To incorporate the effects of anxiety
into an ACT-R model, it is necessary to introduce a process of
leading anxiety, not only representing changes in arousal or
emotional changes. Thus, a mechanism of anticipating nega-
tive future events needs to be represented in a model.

Model
The model in this study represents the process of anxiety by
adding the mechanism of anticipating failure (recalling fail-
ure memories) to the model proposed by Nagashima et al.
(2022). In the following sections, we present a task used
by Nagashima et al. (2022), followed by a description of the
model.

Task
The line-following task examined by Maehigashi, Miwa,
Terai, Kojima, and Morita (2013) was used in this study. Sev-
eral ACT-R models (Morita et al., 2020; Nagashima et al.,
2022) have been constructed for this task in the past. In par-
ticular, Nagashima et al. (2022)’s model integrates the basic
perceptual-motor cycle with the temporal module (Taatgen et
al., 2007), which aligns with the purpose of this study. By
using this model, this study aims to examine how emotions in
time affect perceptual-motor processes.

Figure 2 shows the task environment in this study. The
left side represents the screen that the the model perceives,
while the right side shows the overall course that the model
observes during each round of the task. In the screen, the cir-
cular object (Vehicle) and the black line (Line) are presented.
Also, the cyan line drawn from the top of the vehicle indicates
the distance to the goal (refraction points of the line), and the
magenta line shows the distance to the black line.

By presenting such a screen, the task requires the model to
operate the vehicle to follow the line that scrolls from the top
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Figure 2: Task interface. Screenshot of task window (left)
and overall view of the line (right).

to the bottom of the screen. The line changes along the course
(1500 pixels) on the right side of Figure 2. These courses
involve connecting patterns of lines with a height of 48 pixels
at angles of 30, 45, 90, 135, and 150 degrees. To enhance
the model’s motor learning, the task is designed with mostly
consecutive 90-degree patterns.

The screen updates at 25 fps, with the course moving one
pixel downward with each update. Thus, the course takes one
minute to complete scrolling, and when the model reaches
the end of the course, the same course begins to scroll again.
Hereafter, this one-minute repetition is defined as a round.

The vehicle moves when the specified key is pressed. Each
key press during screen refresh shifts the vehicle two pix-
els in the indicated direction, preserving its alignment with
the scrolling 30 and 135-degree lines. When following these
lines, holding the key allows smooth tracking. However, on a
45 or 135-degree course, intermittent key presses are needed
to avoid excessive movement. Since the vertical scrolling is
automatic, the model focuses on moving the vehicle left and
right to stay on the line.

The task duration was 30 minutes, with the same course
repeated 30 times. Additionally, during the task, the probe
asking the state of concentration on the task was presented at
approximately 50-second intervals.

Module and Process

The aforementioned task can be modeled as a simple repeti-
tion of perceptual and motor processing, as shown in Figure
3. This cycle is based on the model constructed in previous
studies (Morita et al., 2020; Nagashima et al., 2022). The
most significant update in this study is the addition of a path
from Objective to Perception, which is triggered by the re-
call of anxiety memories. These processes are realized by the
functions implemented in the following modules.

Figure 3: Block diagram showing the model processing.

Visual Module This module is utilized for interaction with
the external environment. Specifically in this study, this mod-
ule reads information necessary for performing the task (e.g.,
the position of vehicles or the angles of lines) from the screen
(Figure 2). For example, Figure 2 shows the distance to the
goal and the line as cyan and magenta lines. By reading the
length of these lines, the model recognize a task situation for
decision-making.

Motor Module This module simulates physical operations
necessary for tasks. The model in the current study uses it to
performs key presses corresponding to the movement of the
vehicle and responses to probes.

Goal Module This module stores states to control flows in
a task. In this study, the module maintains the left-right rela-
tionship between the vehicle and the scrolling line as read by
the visual module. Additionally, the module stores flags for
success (online) and failure (offline) of the task based on the
positional relationship between the line and the vehicle. This
flag is updated in each cycle.

Declarative Module This module stores chunks, which are
units of symbolic information in ACT-R. In general, ACT-
R chunks represent episodic memory, semantic knowledge,
and goal-related memory. Among these, goal-related mem-
ory is essential for expressing anxiety in this model. It is not
only provided by the task but also constructed by memorizing
past states of the goal module. Specifically, the flag values of
goal-related chunks in each cycle (success: online / failure:
offline) are memorized. The model retrieves these memories
each cycle to verify its current goal. The flag values serve as
anticipations for the task’s future state (success or failure).

Production Module This module manipulates the other
modules by selecting and applying production rules using
states held by the other modules. In the current model, the
application of this module results in the flow shown in Figure
3. Importantly, each transition (corresponding to firing a pro-
duction rule) takes a specific time cost (50 ms), following the
default setting of ACT-R. By accumulating these time costs,
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the model can predict the line-following performance in hu-
man compatible time constraints. Specifically, the modules
shown so far are integrated in the following steps:

1. The model sees the external environment in the visual mod-
ule (Figure 3 (1))

2. The current state of the goal module is updated (Figure 3
(2))

3. A goal chunk is requested to the declarative module (Figure
3 (3))

4. An operation (key press) for the task is performed through
the motor module (Figure 3 (4))

After the above steps, the visual module checks for a new
state in the external environment and returns to step 1. In
step 3, the model retrieves chunks related to previous goals.
This recall is involved in the transition to step 3 of the next
cycle. If the model retrieves a memory of a successful task, it
transitions to step 4 and performs the operations. If the model
retrieves a memory of a failed task, it transitions to step 1. We
further explain the mechanism for switching between these
two loops in the next section.

Anxiety Processes
In this study, the process of anxiety is expressed as freezing
behavior (LeDoux & Pine, 2016). This corresponds to the di-
rect path from step 3 back to step 1 in Figure 3. When anxiety
increases, the frequency of selecting this path is supposed to
increase, causing the model to repeatedly check the situation
without performing any task-related operations. This process
is modeled through the interaction between time perception
under anxiety and the anticipation (recall) of failure. This
section provides a detailed explanation of these mechanisms.

Changes in Time Perception and Arousal Levels As pre-
viously mentioned, changes in arousal levels affect time per-
ception. This study adopts Nagashima et al. (2022)’s model
to simulate this arousal dynamics. The idea is originated
from ACT-Rϕ (Dancy et al., 2015), which interprets ACT-
R parameters from the perspective of physiological mecha-
nisms, such as homeostasis. The fundamental idea is to posi-
tion physiological mechanisms as modulators that adjust the
cognitive processes of ACT-R. Based on this idea, various
physiological indicators are assumed to correspond to nu-
merical parameters in ACT-R. A representative example of
this correspondence is the relationship between the amount
of epinephrine released during sympathetic nervous system
activation (arousal state) and ANS (activation noise s), one of
ACT-R’s noise parameters (Dancy et al., 2015).

The ANS parameter is used in the activation of ACT-R cal-
culated by the following formula:

Ai = Bi + εi (1)

where Ai is the activation value of chunk i, Bi is the base
level, and εi is the noise generated from the ANS parameter.

The base level, which represents frequency and recency, is
calculated as:

Bi = ln
(

n
1−d

)
−d · ln(L)+βi (2)

where n is the reference-count (the number of times the chunk
has been recalled), L is the creation time (the elapsed time
since the chunk was created), d is the decay parameter, and
βi is the baseline value added to the base level.

As this equation shows, the base level directs the recalled
memory conversion (exploit). In contrast, the ANS works
toward diversifying the model’s behavior (explore). This be-
havior allows us to understand the model’s arousal state in
relation to the ANS. In the model by Nagashima et al. (2022),
the ANS is adjusted based on this concept (small ANS with
high arousal, large ANS with low arousal), representing the
fluctuations in arousal levels as the task progresses.

To simulate arousal dynamics, Nagashima et al. (2022)
used ACT-R’s temporal module (Taatgen et al., 2007). As
noted earlier, time perception is influenced by attention di-
rected toward the task. As shown in Figure 1, time feels
slower under high arousal and faster under low arousal. This
suggests that arousal dynamics can be represented through
the temporal module, which is a part of a more integrated ar-
chitecture.

Time perception in ACT-R is controlled by a mental timer
(pacemaker). This timer counts the number of ticks (t) that
have elapsed since it started, using the equation

tn = a · tn−1 + ε2, (3)

where a stochastic noise (ε2) is added for each count (n). This
relationship explains why estimates for long time intervals are
less accurate than estimates for short time intervals.

In addition, we assumed that the decrease in the accuracy
of time perception corresponded to a decrease in arousal over
time. Specifically, we introduced the equation

εi = k× t (4)

where k is a coefficient to adjust the decrease in arousal level
with respect to time. In other words, the noise in memory
recall increases from the point the timer is set until it is reset.
In this study, we map the diversification of behavior induced
by this increase to a decrease in arousal level. Conversely, the
increase in arousal level corresponds to the timer reset. With
continuous refresh of the timer, the model “correctly” sets a
goal with a higher activation that should be executed in the
task.

Anticipation of Failure As mentioned earlier, this study
defines anxiety-related behavior as freezing (LeDoux & Pine,
2016). Freezing occurs when a memory representing a failed
goal is recalled. Therefore, as such memories accumulate,
task failures increase. We also assume that an individual’s
anxiety trait can be represented as a bias in stored memories
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at the start of the task (Van Vugt, Van Der Velde, & Inves-
tigators, 2018). Specifically, it corresponds to the difference
in activations between success and failure memory chunks.
The recall of these memories influences the model’s behavior.
When recalling a success memory, the model performs task-
related operations (Manipulation), whereas recalling a failure
memory causes it to return to the Perception state without ex-
ecuting any operations.

The above memory recall process can be assumed to be
influenced by arousal levels. The model represents arousal
levels using the timer (equation 4). As pointed out in pre-
vious studies (Bar-Haim et al., 2010; Fayolle et al., 2015),
it has been noted that human time perception slows down in
anxiety-inducing situations. This study represents this phe-
nomenon through the temporal module integrated into ACT-
R. In the timer of the temporal module, when the number of
ticks is small, the intervals between counts become shorter,
and the rhythm of the internal clock speeds up, making time
feel slower. Conversely, when the number of ticks is large,
the intervals between counts become longer, and the internal
clock slows down, making time feel faster.

This study applies this mechanism to the model of anxiety.
We assumed that in a normal condition (not in a pathologi-
cal condition), the activation value of successful memories is
higher than that of failed memories (people are positively bi-
ased). When arousal levels are low (a large number of ticks),
memory noise in ACT-R increases, making the recall of failed
memories more likely. Conversely, when arousal levels are
high (a small number of ticks), noise decreases, reducing the
likelihood of recalling failed memories. Incorporating the ef-
fects of arousal on memory recall in this way allows for a
more appropriate modeling of anxiety’s influence on task per-
formance.

Simulation
We examined how parameters related to time perception and
anxiety affect the behavior of the constructed model.

Setting

As a parameter related to time perception, the value of k in
equation 4 was set to two levels (0.03 and 0.06). When this
value is small, the model’s time perception becomes accurate,
leading to a high arousal state. Conversely, when this value is
large, time perception becomes inaccurate, leading to a low
concentration state.

Additionally, the timer in ACT-R, as shown in equation 3,
is reset at the following timing:

• At the start of offline

• During offline

• At the start of online

• At the probe response

In other words, we assumed that the model’s concentration
(arousal level) recovers when it detects a task failure or when
there is an external stimulus (probe input).

Furthermore, this study manipulates anxiety traits based on
memory bias. The ease of recalling failed memories is manip-
ulated by the difference in activations between success and
failure chunks related to goals before the task begins. In this
study, the reference-count for success chunks is fixed at 800,
while the reference-count for failure chunks is manipulated
to 400, 600, and 800. As mentioned earlier, the difference in
activations calculated from these counts is assumed to reflect
the model’s anxiety traits. A larger difference corresponds
to more optimistic thinking, while a smaller difference cor-
responds to more pessimistic thinking. Other parameter set-
tings follow the model from previous research (Nagashima et
al., 2022).

The model’s behavior was examined by the following indi-
cators:

(a) ANS: Value calculated by equation 4. This corresponds to
the state of concentration.

(b) Freezing ratio: Percentage of Freezing Behavior. This is
behavior associated with anxiety.

(c) Offline ratio: Percentage of time where the vehicle does
not follow the line. Low values indicate poor performance.
This is a measure of overall task performance.

Result
We ran 100 simulation runs and summarized the results in
Figure 4. As expected by equation 4, the ANS was higher
when the k was high (0.06) compared to when it was low
(0.03). On the other hand, there was no large difference
caused by the reference-count of failure memories stored in
the declarative module beforehand (though there are small
differences at k = 0.03). In other words, whether the recalled
memory was of success or failure had little effect on the in-
crease in ticks, confirming that the degree of noise primarily
depends on the value of k.

A similar effect of arousal due to time perception is also
evident in the Freezing ratio, which represents the impact of
anxiety on behavior. When memory recall variability was
high and arousal was low (k = 0.06), the Freezing ratio was
higher compared to when memory recall variability was low
and arousal was high (k = 0.03). Additionally, we can find
an increase of Freezing under the condition where the acti-
vation value of failure memory was high (reference-count =
800) at k = 0.03, although the effect was not prominent at
k = 0.06. This suggests that under high-arousal conditions,
failure memories continued to be reinforced, leading to an in-
crease in anxiety-related behavior.

In the performance measure of offline ratio, a similar ef-
fect of k values was observed, as seen in previous indica-
tors. Specifically, the greater the variability in memory re-
call, the less likely the model was to recall “the correct task
goal,” leading to a higher offline rate. However, this effect
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Figure 4: Results of the 100 simulation runs for each con-
dition. The x-axis represents the value of k in equation 4,
and the y-axis shows the values of each indicator. Each bar
represents the reference-count (RC) of failure memories for
the task accumulated in declarative knowledge beforehand.
The error bars indicate the Standard Error (SE). Additionally,
the red solid line for the Offline ratio represents human aver-
ages of a similar simple course task (Nagashima et al., 2024)
(n = 24). The upper and lower dashed lines indicate the SE.

varied depending on the strength of anxiety-related memo-
ries. When arousal was high (k = 0.03), the most optimistic
model (reference-count = 400) performed better on the task,
whereas its performance deteriorated under low-arousal con-
ditions, resulting in a higher offline rate. Conversely, mod-
els that were more likely to recall failure memories exhib-
ited poorer task performance under high-arousal conditions
but performed better when arousal was low. This suggests
that the heightened activation of failure memories under high
arousal led to increased Freezing. Although the performance
decreases due to memory recall variability under low-arousal
conditions remains somewhat puzzling. One possible expla-
nation is that the dispersion of activation prevented an exces-
sive focus on failure memories.

Conclusion
This study constructed a model integrating time perception
and emotion in the cognitive architecture ACT-R. Among
various emotions, this study focused on anxiety, setting up
the processes of anticipating failure (recalling failure expe-

riences) and freezing behavior (LeDoux & Pine, 2016). It
incorporated the effect of this recall on time perception. This
model, while enhancing arousal connected to time percep-
tion, induced anxiety-related freezing behavior through the
manipulation of recall noise and the strength of failure mem-
ories. This behavior simultaneously showed both positive and
negative effects on task achievement. Therefore, it suggests
that balancing anxiety and arousal is crucial for optimal per-
formance. These results are consistent with the theory of op-
timal arousal levels (Yerkes & Dodson, 1908).

We consider that the significance of this study lies in in-
tegrating modules in cognitive architecture to represent anx-
iety as an emotion. Our model is novel in its approach to
expressing emotional behavior through time perception. The
findings contribute not only to advancing time perception re-
search in cognitive science and psychology but also to ex-
tending cognitive architectures that account for emotional in-
fluences. Future work could expand this model to incorporate
time perception changes related to emotions beyond anxiety
(e.g., excitement and joy), providing a more comprehensive
understanding of the relationship between emotion and cog-
nition.

In the future, the validity of the proposed physiological
mechanism could be tested by comparing the processes pre-
sented in this study with human data. For instance, in a time
estimation task, the model’s predictions can be evaluated by
collecting subjective ratings on time interval with varying
anxiety levels and comparing them to simulation results. Ad-
ditionally, verifying whether the model’s predicted arousal
changes align with actual physiological responses would be
important. This could be achieved by combining electroen-
cephalography (EEG) measurements with physiological indi-
cators such as heart rate variability.

Furthermore, it is essential align the model’s performance
more closely with human performance. In this study, the
model consistently underperformed compared to humans
across all conditions. This discrepancy is likely due to differ-
ences in state transitions and operation methods between the
model and human behavior (Nagashima, Nishikawa, Yoneda,
Morita, & Junya, 2023). By adjusting the model to better
match human performance, we can more accurately examine
the impact of anxiety under conditions that more closely re-
flect human cognitive states.
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Abstract 
Human memory retrieval in dynamic multi-object task 
environments is influenced by both cognitive processes and 
environmental structure. This study introduces a modified 
base-level learning equation that integrates entropy-based 
uncertainty and observation duration to better model retrieval 
behavior under such conditions. The approach was evaluated 
using behavioral data from 10 participants performing 
household tasks in the AI2-THOR simulated environment. 
Retrieval efficiency was measured through search time, 
defined as the interval between subtask inspection and 
interaction with the target object. Substantial variability in 
search time across participants reflected individual differences 
in memory access and action implementation. Compared to the 
conventional ACT-R base-level learning equation, the 
modified model yielded lower prediction error and closer 
alignment with observed behavioral trends. These findings 
underscore the potential value of integrating environmental 
structure into memory modeling and support the development 
of models that more accurately reflect human behavior in 
complex and dynamic task environments. 

Keywords: Entropy; Cognitive Modeling; Learning; Memory 
Retrieval; ACT-R; AI2-THOR 

Introduction 
Simulating human cognition—including learning, decision-
making, problem-solving, and perception—remains a 
significant challenge in artificial intelligence. Newell (1990) 
introduced the concept of unified theories of cognition, which 
involves acquiring knowledge, problem-solving, and 
perception. Cognitive architectures such as ACT-R 
(Anderson & Lebiere, 2014) and SOAR (Laird et al., 1987) 
provide structured frameworks for modeling these processes 
within unified systems (Kotseruba et al., 2016). Among 
these, ACT-R has emerged as one of the most influential 
architectures for representing cognitive functions such as 
memory, decision-making, and perception (Laird et al., 
2017). It comprises programmable information processing 
mechanisms that model both interactions with the 
environment and internal cognitive operations (Byrne, 2012; 
Newell, 1990; Ritter, 2019). In ACT-R, knowledge is divided 
into two distinct types. Declarative knowledge consists of 
retrievable factual information stored in chunks, each defined 
by a set of attributes (slots) and their corresponding values. 
In contrast, procedural knowledge directs models’ behavior 
through if-then production rules (Bothell, 2017). 

A fundamental aspect of ACT-R is its base-level learning 
equation, which determines the activation value of memory 
chunks based on how frequently and recently they have been 
used (Anderson, 2007; Anderson & Lebiere, 1998). While 
effective in many contexts, this mechanism does not fully 
capture the adaptive nature of human memory, particularly in 
dynamic environments where multiple objects may appear, 
disappear, or change their locations. In such settings, retrieval 
demands extend beyond frequency and recency, requiring 
mechanisms that accommodate greater flexibility—the 
ability to adjust or shift strategies efficiently in response to 
varying conditions—and adaptability—the capacity to 
undergo lasting modifications to function effectively in 
dynamic environments—to more realistically reflect human 
cognition. 

To address these limitations, researchers have extended 
ACT-R’s memory retrieval mechanisms to better model 
human cognition. Stocco et al. (2010) introduced conditional 
routing for dynamic memory coordination, while Reitter et 
al. (2011) demonstrated how adaptive forgetting enhances 
flexibility. Anderson et al. (2004) integrated perceptual and 
motor processes for complex interactions, and Kim et al. 
(2013) explored skill acquisition across learning stages. 
Tehranchi et al. (2021) further examined the role of cognitive 
architectures in predicting learning and retention in complex 
task environment. Together, these studies highlight ACT-R’s 
adaptability and reveal opportunities for further refinement in 
dynamic multi-object environments. 

One crucial yet underexplored factor in memory retrieval 
is uncertainty, which influences how information is encoded, 
maintained, and recalled. Research shows that retrieval is 
more effective when uncertainty conditions during recall 
align with those present at learning, suggesting that memory 
systems are finely tuned to environmental unpredictability 
(Ogasa et al., 2024). Moreover, under high uncertainty, 
individuals shift from strict recall to adaptive learning, 
optimizing cognitive flexibility in dynamic contexts 
(Nicholas et al., 2022). Additionally, the brain actively tracks 
uncertainty in working memory, using it to regulate 
confidence in retrieved information (Yoo et al., 2021). These 
findings underscore that uncertainty is not merely a 
byproduct of memory retrieval but a fundamental mechanism 
that enhances flexibility, adaptability, and decision-making 
in complex dynamic environments. 
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Furthermore, observation duration is critical in memory 
retrieval as it directly impacts encoding strength, 
consolidation, and recall efficiency. Research shows that 
retrieval success depends on the timing of memory 
reactivation, with shorter observation durations leading to 
weaker reconsolidation process and therefore increased 
forgetting over time (Inda et al., 2011). Retrieval practice 
within optimal time windows enhances long-term retention, 
indicating that insufficient observation time may hinder 
memory stabilization (Kriechbaum & Bäuml, 2023). 
Moreover, longer observation periods improve retrieval-
related brain activity, reinforcing the idea that sustained 
exposure strengthens neural connections essential for recall 
(Bosshardt et al., 2005). These findings highlight that 
observation duration is not merely a passive factor but a 
crucial determinant of memory strength, influencing how 
effectively information is retained and accessed.  

In dynamic multi-object environments, where objects may 
appear, disappear, or change locations, the concept of entropy 
offers a valuable measure for quantifying uncertainty. 
Introduced by Shannon (1948), entropy captures the amount 
of information required to describe the state of a variable, 
effectively representing environmental uncertainty (Thomas 
& Joy, 2006).  

We hypothesize that memory retrieval in multi-object tasks 
is influenced not only by interaction frequency and recency, 
as described by the base-level learning equation, but also by 
object-related uncertainty and observation duration. By 
incorporating an entropy-based measure into ACT-R’s base-
level learning equation, we plan to develop a more accurate 

model that better accounts for variability in human behavior 
in memory retrieval in dynamic multi-object environments. 
To test this hypothesis, we designed a user experiment in 
which participants performed a series of household tasks 
within a dynamic multi-object environment using the AI2-
THOR simulator (Kolve et al., 2017). This experiment 
examines how entropy and observation duration affect 
memory retrieval. Based on the findings, we modified the 
conventional base-level learning equation to more accurately 
simulate human behavior in memory retrieval within 
dynamic environments. 

Method 
This study aims to understand how the environmental 
uncertainty affects human memory retention in a dynamic 
multi-object environment. A series of household tasks was 
designed in the AI2THOR simulator. Using this 
environment, participants can interact with the objects in the 
map via the agent. This approach allows us to model human 
behavior in multi-object tasks through the analysis on the 
collected data (IRB approval number: STUDY00026274). 
The participants (n=10; Female: 2) are graduate students 
from The Pennsylvania State University. 

Experiment Design 
To assess our hypothesis, we designed a series of household 
tasks detailed in Table 1 and Table 2. The experiment is 
divided into two distinct phases: training (Table 1) and testing 
(Table 2), with completely different map configurations for 
each phase. 

Figure 1. The user interface of the experiment: The left side on the screen displays the agent's current visual perspective within 
the AI2-THOR simulated environment and the right side on the screen shows the live log streaming window that provides real-
time textual feedback on each executed action (e.g., indicating success, failure, cancellation, or wrong). 
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The user interface is divided into two primary sections. On 
the right side of the screen, the live log streaming window 
displays textual feedback for each executed action, indicating 
whether an action was successful, failed, canceled or wrong. 
On the left, the agent’s view in the simulated AI2THOR 
environment provides the current visual perspective of the 
agent, as illustrated in Figure 1. 

Participants have access to a total of 9 actions. For 
navigation, they can use the ‘MoveTo’. When the ‘MoveTo’ 
button is pressed, a list of available locations appears, and 
participants select a destination by typing its two-digit index; 
the chosen destination is subsequently recorded in the live 
streaming log. For object interactions, six actions are 
available: ‘PickupObject’, ‘PutObject’, ‘OpenObject’, 
‘CloseObject’, ‘ToggleOnObject’, and ‘ToggleOffObject’. 
When one of these buttons is pressed, a list of interactable 
objects at the current position is displayed, and the participant 
selects the desired object. To minimize keyboard stroke 
errors, the system prompts for confirmation with the 
message, “You want to select ‘<OBJECT/LOCATION>’? 
(Y/N),” and the action proceeds only upon receiving a 'Y' 
confirmation. Additionally, the ‘CheckObject’ action 
provides information on the interactable objects at the current 
position, while the ‘CheckGameStatus’ button allows 
participants to check the current task and its completion 
status. Once a task is completed, the next task is presented 
automatically, and pressing this button at the end of all tasks 
concludes the experiment. 

This comprehensive interface and action set provides 
participants with the necessary tools to interact with the 
environment, laying the foundation for both the training and 
testing phases of the experiment. In the training phase, 
participants get hands-on experience controlling an agent in 
the AI2-THOR simulator by performing a series of tasks 
(Table 1). This phase is intended to help participants become 
comfortable with the actions needed in the simulator and 
prepares them to complete more complex tasks in the testing 
phase. The testing phase comprises three sequential tasks: 
Exploration, Rearrangement, and Find & Place.  

In the Exploration task, participants explore the map by 
moving to all seven available locations to identify the 
interactable objects present at each location, as described in 
Table 2. After completing the Exploration task, participants 
take a one-minute break during which the agent’s view is 
blocked to prevent them from obtaining any additional 
information. Once the break ends and the screen block is 
removed, they proceed directly to the Rearrangement task. 

In the Rearrangement task, participants are asked to place 
objects at designated locations, completing 15 sub-tasks in 
order based on their observations from the Exploration phase 
and the instructions provided, as demonstrated in Table 2. 
After completing the Rearrangement task, participants take a 
three-minute break. Similar to the break after the Exploration 
task, the agent’s view is blocked again to prevent them from 
obtaining any additional information. Once the break ends 
and the screen block is removed, they proceed directly to the 
Find & Place task. The breaks between each task are 
designed to induce memory decay. 

Finally, the Find & Place task, which consists of eight sub-
tasks (Table 2), challenges participants to complete a given 
task relying solely on their memory. This phase is designed 
to assess the efficacy of the base-level learning equation—
employed in the ACT-R cognitive architecture—in 
simulating memory activation.  

During both Rearrangement task and Find & Place task, 
unrelated actions to the current task are not executed. Instead, 
the users see a message of ‘Wrong’. All data related to 
executed actions, observed objects, and task completion 
times are collected for subsequent analysis. 

Table 2. Task description of the testing phase. It is subdivided into the Exploration, Rearrangement, and Find & Place tasks. 

Task Subtask 
Exploration (1-7) Explore the position ‘Fridge’, ‘Sink’, ‘Table_1’, ‘Microwave & CoffeeMachine’, ‘Stove’, ‘Table_2’, and ‘Door’ in order. 

Rearrangement (1) Place ‘Tomato’ inside the microwave. 
(2) Place ‘Egg’ inside the fridge.
(3) Place ‘Spatula’ inside the top-right drawer below the stove.
(4) Place ‘Kettle’ inside the cabinet above the coffee machine
(5) Place ‘Pot’ on any of the stove burners.
(6) Place ‘Spoon’ inside the bottom-right drawer below the

stove. 
(7) Place ‘Ladle’ inside the drawer below the countertop next to

the sink.
(8) Place ‘SoapBottle’ inside the cabinet above the sink.

(9) Place ‘DishSponge’ inside the top-left drawer below the
stove

(10) Place ‘Fork’ inside the second drawer from the top at the
center below the stove.

(11) Place ‘Bowl’ inside the cabinet below the coffee machine
(12) Place ‘Knife’ inside the second drawer from the bottom at

the center below the stove.
(13) Find ‘Cup’ from the cabinet above the coffee machine and

place it inside the left-most cabinet below the sink.
(14) Place ‘Pan’ on any of the stove burners.
(15) Move to the position ‘Door’

Find & Place (1) Find ‘Apple’ and move it to the sinkbasin. (5) Find ‘Spoon’ and move it to the sinkbasin.
(2) Find ‘ButterKnife’ and move it to the sinkbasin. (6) Find ‘Ladle’ and move it to the sinkbasin.
(3) Find ‘Fork’ and move it to the sinkbasin (7) Find ‘DishSponge’ and move it to the sinkbasin.
(4) Find ‘Bowl’ and move it to the sinkbasin. (8) Turn on the faucet.

Table 1. Task description of the training phase. 
Task 

(1) Place ‘DishSponge’ inside the right cabinet below the sink.
(2) Place ‘Tomato’ inside the fridge.
(3) Place ‘Mug’ inside the left cabinet next to the microwave.
(4) Place ‘Knife’ in the sink.
(5) Turn on the faucet.
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User Study Procedure 
The experiment was conducted in a controlled, quiet room 
with only the researcher and the participant present. 
Participants were seated in front of a 27-inch computer 
monitor and adjusted their seating to comfortably access the 
keyboard. They were briefed on the study's goals and 
procedures and were instructed to thoroughly read the on-
screen instructions presented during the experiment. 
Participants were required to use only the keyboard to 
complete the tasks. The experiment began with the training 
phase, during which the researcher sat beside the participant 
to guide them through a series of tasks, facilitating their 
acclimation to the agent controls.  

Before the testing phase began, participants were informed 
that if they selected an object that was not the target of the 
current task, they would receive a “Wrong” message, and the 
corresponding action would not be performed. As 
participants begin the Exploration task in the testing phase, 
they were informed to explore the position by pressing 
‘CheckObject’ button verbally once. Also, participants are 
informed to remember where they place objects once during 
the Rearrangement task. However, during the Find & Place 
task, no guides or no verbal instruction are provided to 
participants. 

Base-level Learning Equations 
The retrieval of memory is modeled by calculating the base-
level activation of a memory chunk, which quantifies its 
accessibility based on both the frequency and recency of past 
presentations. In ACT-R, this is captured by the following 
equation:  

𝐵! = ln%& 𝑡"#$
%

"&'
( (1) 

where 𝑡"  represents the time elapsed since the 𝑗() 
presentation of the memory chunk, 𝑛 is the total number of 
presentations, and 𝑑  is a decay parameter (with values 
between 0 and 1) that determines how quickly the activation 
of the memory chunk decreases over time. In this study, 𝑡" is 
measured by subtracting the past 𝑗()  observation time for 
object 𝑖  during both the Exploration and Rearrangement 
tasks from the current time. The current time is defined as the 
moment when participants first checked the subtask 
containing the target object 𝑖 during the Find & Place task. 
This formulation reflects the principle that memories become 
more accessible with more frequent or recent use, while their 
activation naturally diminishes as more time passes since the 
last encounter. The base-level learning equation is a 
cornerstone of the ACT-R cognitive architecture, as it 
provides a quantitative framework for modeling how 
memories are strengthened through repeated retrieval and 
gradually decay over time (Anderson, 2007; Anderson & 
Lebiere, 1998).  
 Building on these insights, our work extends the 
investigation by focusing on how both the number of 
interactable objects, which include openable and pickupable 

objects, encountered at each spatial position—quantified via 
entropy measures—and the duration of observation at each 
location affect memory retrieval. In dynamic environments, 
the standard base-level learning equation does not account for 
the variability in the amount of visual information available. 
To capture this additional source of uncertainty, we 
incorporate an entropy measure defined as: 

𝐻(𝑋) = log* 𝑛 (2) 

where n is the number of openable objects (e.g., drawer, 
cabinet, fridge) at a given position (assuming a uniform 
probability distribution). Recognizing that attention may vary 
based on both the number of objects and the time spent 
observing a scene, we propose a modified base-level learning 
equation (𝐵!+): 

𝐵!+ = ln 3& 4𝑡"#($∗+!)5 ∗ 𝑆"
%

"&'
8 (3) 

In Equation (3), the method for measuring 𝑡" , the elapsed 
time, is the same as in Equation (1). 𝐻, entropy, modulates 
the decay parameter 𝑑  to reflect that a higher number of 
objects reduces the probability of retrieving any single 
memory. 𝑆" represents the proportion of observation duration 
for object 𝑖 that a participant spends in a 𝑗()  scene. Which 
means, the observation duration  𝑆"  is normalized by the 
number of pickupable objects in a 𝑗() scene.  

To compare the models’ ability to predict search times, we 
applied the retrieval time equation from ACT-R (Bothell, 
2017; Schunn & Anderson, 1998): 

𝑅𝑒𝑡𝑟𝑖𝑒𝑣𝑎𝑙	𝑇𝑖𝑚𝑒 = 𝐹𝑒#(/∗0") (4) 

Here, 𝐹 is the latency factor, 𝑓 is the latency exponent, and 
𝐴!  represents the activation level of the chunk being 
retrieved. In ACT-R, 𝐴! typically includes components such 
as base-level activation, spreading activation, partial 
matching, and noise. In this study, we consider only the base-
level activation (𝐵!) as 𝐴!  to focus on memory strength as 
influenced by frequency, recency, entropy, and observation 
duration. We exclude spreading activation and partial 
matching, which are not consistently defined in dynamic 
multi-object environments. Both 𝐹  and 𝑓  were set to their 
default value of 1. 

Results 
The analysis was performed using time data collected for 
every action taken during the testing phase. To assess 
participants' performance, we measured search time, defined 
as the interval between the moment participants first checked 
the subtask and when they began interacting with the target 
object of the current subtask. For example, if a participant 
checked the content of a subtask at t = 100 seconds and then 
began interacting with the target object for that subtask at t = 
180 seconds, the search time would be 80 seconds. Since 
every action taken during the testing phase was recorded 
along with timestamps and details, we were able to calculate 
the search time for each target object in each subtask during 
the Find & Place task in the testing phase.  
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Figure 2 presents the search time plotted for each subtask 
(i.e., target object) across all 10 participants. However, no 
consistent pattern emerged across participants, as illustrated 
in the figure. This variability in search time is influenced not 
only by differences in memory retrieval capacity but also by 
variations in action implementation time, as some 
participants may take longer to execute movements or 
interactions. To capture the general trend of participants’ 
memory retrieval behavior during the household tasks, we 
calculated the mean of the search time for each subtask across 
all 10 participants.   

To examine which equation, the conventional or the 
modified, better reflects participants’ search behavior, the 
search time for each subtask was averaged across all 
participants to observe a generalized trend (Figure 3a). Then, 
the base-level activation values for each subtask were 
computed using both the conventional equation (Equation 1) 
and the modified equation (Equation 3) and then averaged 

across all participants to observe generalized trends in 
predicted retrieval performance (Figure 3b). For both 
equations, the decay parameter 𝑑 was set to its default value 
of 0.5. Because search time reflects retrieval efficiency, it can 
be interpreted through base-level activation, which is 
inversely proportion to search time. Higher activation 
corresponds to faster retrieval, meaning shorter search times. 
In Figure 3a, the black line shows average search time across 
subtasks. In Figure 3b, the red line, representing the modified 
equation, aligns more closely with the search time trend than 
the conventional equation (blue), suggesting better modeling 
of retrieval dynamics. 

In addition to this qualitative trend comparison, we 
conducted a quantitative evaluation of each model’s 
predictive performance. Predicted retrieval times were 
computed using Equation 4 based on the calculated base-
level activation values. Retrieval times were normalized 
using min-max scaling for the MAE calculation, as no 
parameter optimization was applied to either the original or 
modified equation. We assessed the accuracy of these 
predictions using Mean Absolute Error (MAE) and examined 
how well each model captured monotonic trends using 
Spearman correlation coefficients (with p-values), computed 
for each participant. The results were then averaged across 
participants (see Table 2). The original equation yielded an 
average MAE of 0.45 and a negative average Spearman 
correlation of –0.22. In contrast, the modified equation 
achieved a lower average MAE of 0.35 and a higher positive 
average correlation of 0.30.  

Discussion 
To model memory retrieval in dynamic task environments, 

we applied both the conventional base-level learning 
equation (Equation 1) and a modified version (Equation 3) 
that incorporates entropy-based uncertainty and observation 
duration. Since search time reflects retrieval efficiency, it can 
be interpreted through base-level activation: stronger 
memory traces result in shorter search times, while weaker 
memory leads to longer ones (Anderson, 2007; Anderson & 
Lebiere, 1998; Bothell, 2017). 

In the qualitative analysis, we compared trends in average 
search times (Figure 3a) with activation values predicted by 

Figure 2. Search time plotted for each subtask (i.e., target 
object) in the Find & Place task across all participants. 

Figure 3. Average search times and predicted activation 
values across subtasks. (a) Average search time per target 
object. (b) Averaged base-level activation values computed 
using the conventional (Eq. 1, blue) and modified (Eq. 3, red) 
equations. All values are averaged across participants to 
show general trends. 

Table 3. MAE and Spearman correlation (with p-value) for 
predicted retrieval time using the original and the modified 
equations. 

Participant MAE Corr (p-value) 
Original Modified Original Modified 

P1 0.57 0.39 -0.86 (0.01) 0.54 (0.22)
P2 0.49 0.33 -0.29 (0.53) 0.29 (0.53)
P3 0.27 0.36 0.29 (0.53) 0.21 (0.64) 
P4 0.20 0.55 0.86 (0.01) 0.39 (0.38) 
P5 0.31 0.24 0.29 (0.53) 0.32 (0.48) 
P6 0.51 0.32 -0.39 (0.38) 0.11 (0.82)
P7 0.52 0.35 -0.57 (0.18) 0.54 (0.22)
P8 0.55 0.33 -0.64 (0.12) 0.68 (0.09)
P9 0.53 0.32 -0.04 (0.94) 0.21 (0.64)

P10 0.56 0.34 -0.82 (0.02) 0.50 (0.25)
Average 0.45 0.35 -0.22 0.30 
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both equations (Figure 3b). The modified equation produced 
activation patterns that more closely aligned with observed 
search time fluctuations. Specifically, it captured decreases 
in activation where search time increased, a pattern not 
consistently reflected by the conventional equation. This 
suggests that incorporating entropy and observation duration 
improves the model’s sensitivity to dynamic memory 
conditions in multi-object environments. 

To quantitatively evaluate model performance, we used 
ACT-R's retrieval time function (Equation 4) to convert 
activation values into predicted retrieval times. As shown in 
Table 3, the modified equation outperformed the 
conventional model for most participants in terms of Mean 
Absolute Error (MAE). The average MAE across participants 
decreased from 0.45 (original) to 0.35 (modified), indicating 
improved prediction accuracy. Additionally, the modified 
model yielded more positive Spearman correlation 
coefficients with observed search times for 8 out of 10 
participants, whereas the conventional model produced 
mostly negative or near-zero correlations.  

Although most of the modified model’s correlations were 
not statistically significant, they were directionally consistent 
with the observed data. For instance, participants P1, P7, and 
P8 showed substantial improvements in correlation values, 
shifting from strong negative correlations under the 
conventional model to moderate positive values with the 
modified model. Participant P10 notably exhibited a 
significant negative correlation with the original model (r = 
–0.82, p = 0.02), which became positive with the modified
model (r = 0.50), though it was no longer statistically
significant. Overall, the modified model correctly captured
the trend direction, as participants with higher actual search
times also tended to have higher predicted times. However,
the strength of these associations was generally modest.

The lack of statistical significance in most cases is likely 
due to the limited number of task observations (n = 8) per 
participant, which reduces statistical power. Nevertheless, 
the consistent reduction in MAE and the shift toward positive 
correlations indicate that the modified model better reflects 
the directionality of memory-based task performance. 
Optimizing model parameters was not performed in this 
study, and the current results were obtained using default 
values (e.g., decay rate, latency factor and exponent), which 
may have limited the model's ability to fully capture 
individual differences in retrieval behavior. 

 Despite the improvements introduced by the modified 
base-level learning equation, several limitations should be 
acknowledged. First, the model does not account for 
individual differences in memory retrieval strategies, 
attention allocation, or navigation behavior. Although search 
time was used as a proxy for retrieval efficiency, it may also 
reflect extraneous factors such as motor variability, 
navigation speed, or exploratory behavior. As a result, some 
variation in search time and predicted activation may stem 
from cognitive or behavioral differences that are not captured 
by entropy and observation duration. Second, the method for 
estimating observation duration assumes that participants 

distribute their attention equally across all pickupable objects 
in a scene. This assumption may not hold in practice, as 
participants likely focus more on task-relevant or visually 
salient objects. Without capturing this unequal attention 
allocation, the model may misrepresent the actual 
observation dynamics influencing memory retrieval. Third, 
the entropy calculation is based on a uniform probability 
distribution of object occurrences across spatial locations. 
However, participant behavior suggests a more structured 
search strategy. Rather than sampling the environment 
randomly, participants tend to inspect closed receptacles 
when uncertain, guided by spatial configuration, salience, 
and task demands. This simplification may underestimate the 
complexity of human search behavior in realistic 
environments. Fourth, the parameters in the base-level 
learning and retrieval time equations were kept constant 
across all participants. In practice, these parameters may vary 
depending on individual characteristics or task conditions. 
The absence of parameter optimization may have limited the 
model’s ability to capture variability in retrieval performance 
and prediction accuracy. 

Future work should address these limitations by 
incorporating individualized model parameters and refining 
them through data-driven optimization techniques. Adjusting 
key parameters, such as the decay rate in the base-level 
learning equation, based on task context or individual 
behavior could enhance the model’s adaptability and 
predictive precision. Improved methods for estimating 
observation duration, such as using eye-tracking to measure 
unequal attention allocation, may provide a more accurate 
representation of perceptual input. Additionally, replacing 
the uniform entropy assumption with a context-sensitive 
model that accounts for object relevance and spatial layout 
may yield a more realistic understanding of search and 
memory processes in complex environments. Together, these 
enhancements would contribute to a more robust and 
interpretable model of human memory retrieval in dynamic 
task settings. 

Conclusion 
This study demonstrates a modified base-level learning 
equation that incorporates entropy-based uncertainty and 
observation duration to improve the modeling of memory 
retrieval in dynamic multi-object environments. Applied to 
behavioral data from a simulated household task setting using 
the AI2-THOR environment, the modified equation produced 
lower prediction errors and more consistent alignment with 
observed search time trends compared to the conventional 
ACT-R’s base-level learning equation. The results suggest 
that accounting for perceptual exposure and environmental 
uncertainty can enhance the sensitivity of cognitive models 
to retrieval dynamics in realistic task contexts. These findings 
underscore the potential value of integrating environmental 
structure into memory modeling and contribute to a more 
realistic understanding of human behavior in complex 
dynamic task environments. 
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Abstract

Active Inference is an ambitious research program in cogni-
tive science and mathematical psychology aiming to provide a
unified account of perception, goal-oriented action, and cogni-
tion. In this analytical and critical study we argue for the inad-
equacy and incompleteness of active inference’s theory of per-
ception. Specifically, we show that ‘perception as inference,’
considered as an explanatory psychological/philosophical the-
ory of perception, faces the ‘problem of prior knowledge’ - the
problem of accounting for the origin and nature of knowledge
assumed in the Bayesian agent’s generative model. We trace
the conceptual inadequacies to the psychology/philosophy of
Helmholtz and adumbrate an alternate theory of direct percep-
tion based on the psychology/philosophy of Whitehead.
Keywords: Active Inference; Bayesian modeling; Perception
as Inference; Indirect and Direct Perception; Mathematical and
Philosophical Psychology.

Introduction
Active inference is one of the most prominent theories in con-
temporary cognitive science and mathematical psychology. It
goes by several names in the cognitive science literature, such
as Bayesian Brain, Predictive Processing, Predictive Coding,
and Free Energy Principle - all related by a core set of ideas
but with slight variations. One distinguishing characteristic
of active inference is that it gives a unified account of per-
ception, goal-oriented action, and cognition (Parr, Pezzulo,
& Friston, 2022). Beyond the domains mentioned above of
psychology, it has also been applied in neuroscience (Friston,
2010, 2009), neurophilosophy (Clark, 2013; Hohwy, 2014),
higher cognition (Pezzulo, Rigoli, & Friston, 2015, 2018),
and robotics (Oliver, Lanillos, & Cheng, 2022). Furthermore,
it is also claimed to bear relevance beyond cognitive science
to life science (Badcock, Ramstead, Sheikhbahaee, & Con-
stant, 2022; Ramstead, Badcock, & Friston, 2018) and phys-
ical science (Fields et al., 2023a, 2023b).

Such wide-ranging applications indicate the importance of
studying the theory analytically and critically for cognitive
science. Such an analytical and critical study is what this pa-
per is. The paper’s main argument is that Active Inference, as
it is currently formulated, is inadequate and incomplete in the
domain of perceptual experience. To defend this argument,
we must first elucidate what active inference is, what its the-
ory of perception is, and what is inadequate/incomplete about
this theory.

The following sections successively aim to undertake this
elucidation. In the next section, we give a brief mathemati-

cal introduction to active inference, specifically what is called
the ‘Low Road’ (Parr et al., 2022). This section is based on
Biehl, Guckelsberger, Salge, Smith, and Polani (2018) ow-
ing to their clarity and explicit assertion of their modeling
assumptions. However, our conceptual clarification and crit-
icism apply equally to all active inference works, including
Biehl et al. (2018).

The subsequent section, titled “Perception as Inference”,
elucidates the psychological import and the conceptual inad-
equacies of active inference’s theory of perception. The crux
of this section comes down to the differentiation between a
psychological/philosophical theory of perception as inference
and the engineering/robotics simulation of it. The former
faces what we call the ‘problem of prior knowledge’ while
it is addressable through the engineer/roboticist’s perspective
for the latter. We end the paper with the adumbration of an
alternate theory of direct perception in contrast to the infer-
ential & indirect perception of active inference and a brief
conclusion.

‘Low Road’ to Active Inference
The best way to introduce the ‘Low Road’ is by treating it
as a form of generalized reinforcement learning (Millidge,
Tschantz, & Buckley, 2021). Most existing simulations
and implementations of active inference are carried within
the Partially Observable Markov Decision Process (POMDP)
framework, whose relation to RL literature is well known.

In this generalized RL setup, there exists an agent-
environment process, which is the complete dynamics un-
derlying the agent, environment, and their interactions. One
could formalize this complete agent-environment system dy-
namics as a causal Bayesian network (see Fig 1). The random
variables E,S, I,A stand respectively for external states, sen-
sory states, internal states & active states, and we depict their
respective state spaces as E ,S ,I , and A . The causal depen-
dencies depicted in Fig 1 tell the following story: The initial
external state (e0 ∈ E) generates a sensory state (s0 ∈ S ),
which in turn influences the internal state at first time step (i1
∈ I ). Conditional on this internal state, an action (a1 ∈ A)
is performed, which together with the previous external state
yields a new external state (e1 ∈ E).

This new external state produces a sensory state, and the
cycle continues until the final time step T (which is 3 in our
case). This, in a nutshell, is the perception-action cycle ac-
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Figure 1: Bayesian network depiction of the complete dy-
namics underlying the agent-environment system. The red
boxes correspond to aspects of the agent (dynamics), while
the blue boxes correspond to the environment (dynamics).
See text for more description.

cording to active inference and generalized RL. The depen-
dency relation from At , It to It+1 represents that the agent’s
internal state keeps track of all its previous active, internal,
and sensory states. In this sense, one important aspect of
the internal state at any time step t is that it is a sequence
of all sensory states and active states until t − 1. That is,
it = (s0,s1a1,s2a2, ...,st−1at−1), which we succinctly repre-
sent as it = sa≺t .

Given this Bayesian network formalization of the agent-
environment process, one can now define the joint probability
distribution of the complete dynamics as:

p(e0:T ,s0:T ,a1:T , i1:T ) = p(e0)p(s0|e0)( T

∏
t=1

p(it |at−1,st−1, it−1)p(at |it)

×p(et |et−1,at)p(st |et)

) (1)

with the assumption that p(i1|s0,a0, i0) = p(i1|s0) and e0:T
denotes (e0,e1, ...,eT ). To fully determine this joint probabil-
ity distribution, one has to specify the underlying state spaces
E ,S ,I ,A and all the factors of the above equation. Of special
importance are - external dynamics p(et |et−1,at), sensory dy-
namics p(st |et), and action generation p(at |it). The former
two are important aspects of the environment, while the latter
is an important aspect of the agent in this agent-environment
process.

The ultimate aim of an active inference agent is to perform
appropriate action at ∈ A through its action generation mech-
anism. At this action generation phase of the complete agent-
environment dynamics, all the critical features of active in-
ference get cashed out. By way of anticipating, the four key
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Figure 2: Top: Bayesian network depiction of the agent’s
generative model with the inaccessibility and internal state
‘conditions’ applied when no data is available. Bottom: The
same Bayesian network with plugged-in data until t = 2 and
an additional assumption of fixed hyperparameters. See text
for further description. Adapted from Biehl et al. (2018).

features are - 1) Inference, 2) Approximation, 3) Evaluation,
and 4) Selection. The end product of active inference is that
the agent selects actions that are appropriate using approx-
imate Bayesian inference. We will focus here only on the
inference feature as this is the only relevant feature for this
paper.

Inference
Within the action generation mechanism p(at |it) of active
inference, it is assumed that the complete dynamics of the
agent-environment system, generative process, is hidden
from the agent - “true environmental contingencies, or the
generative process, which is inaccessible to the organism”
(Parr et al., 2022). However, some aspects of the complete
dynamics like S ,A are explicitly assumed to be accessible.1

Combining this inaccessibility with our specification above of
it = sa≺t , we nearly get what is called the generative model
of the agent.

Specifically, what the generative model does is that it tries
to model all the random variables of the complete dynamics
through estimated variables Ê, Ŝ, and Â. As mentioned above,
it replaces the internal state with the sequence of past sensory
and action values wherever necessary. Furthermore, the in-
ternal state is also cast as additional parameters (Θ1,Θ2,Θ3)
& hyperparameters (Ξ1,Ξ2,Ξ3) which track specific aspects
of the environment dynamics and are also considered as ran-
dom variables. The combined result is the generative model,

1We would like to note here that the random variable S is classi-
fied as part of the environment because the sensory dynamics which
generates the next sensory state is classified as part of the environ-
ment dynamics. This assumption of accessibility is valid because
S is the sensory interface between the agent and environment. The
same goes for A, which is the action interface.
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which can also be formalized as a causal Bayesian network
(see Fig 2 Top).

Just as in the previous case of complete dynamics, one can
now define the joint probability distribution of the generative
model as:

q(ê0:T , ŝ0:T , â1:T ,θ
1,θ2,θ3,ξ1,ξ2,ξ3) = q(ê0|θ3)q(ŝ0|ê0,θ

1)

×
( T

∏
t=1

q(êt |êt−1, ât ,θ
2)q(ŝt |êt ,θ

1)q(ât)

)
×

3

∏
i=1

q(θi|ξi)q(ξi)

(2)

To completely determine this joint probability distribution,
one has to specify the underlying state spaces Ê , Ŝ , Â and the
state spaces of parameters (∆Θi ) and hyperparameters (∆Ξi ).
It is explicitly assumed that the agent has access to the com-
plete dynamics’ sensory and active state spaces. Thus, Ŝ = S
and Â = A . However, certain complications arise regarding
the state space of Ê and Θi, which will be important for us
later. We will simply note it here. With respect to the hyper
parameters Ξ1,Ξ2, and Ξ3 each of them are fixed to ξ1 ∈ ∆Ξ1 ,
ξ2 ∈ ∆Ξ2 , ξ3 ∈ ∆Ξ3 respectively.

Equipped with this generative model and its assumptions,
we now move on to the ‘ultimate aim’ of active inference
agents. To perform appropriate actions, the agent must first
consider the data it currently has. To be precise, at any time
step t during which the action selection mechanism is en-
gaged, the agent’s generative model incorporates the avail-
able data until that time step. This is depicted in Fig 2 Bot-
tom. Given this plugging in of data, one can get the posterior
probability distribution on the non-observed variables as:

q(ê0:T , ŝt:T , ât:T ,θ|sa≺t ,ξ) =

q(ê0:T , ŝt:T , ât:T ,sa≺t ,θ,ξ)∫
∑ê0:T ,ŝt:T ,ât:T q(ê0:T , ŝt:T , ât:T ,sa≺t ,θ,ξ)dθ

(3)

where θ denotes (θ1,θ2,θ3) in short handed manner. The
same goes for ξ. In comparison to Eq.2, there are no major
changes here, except that the available data (sa≺t ) collapses
ŝ0:t−1 to s≺t and â1:t−1 to a≺t . The rest is just the Product rule
applied to the joint distribution and the appropriate marginal-
ization.

An additional facet of active inference agents is that sa≺t
is not their only available data. Specifically, they consider
‘counterfactual’ future actions as given data and derive the
posterior probability conditional on these ‘counterfactual’ ac-
tions. “Active Inference assumes that agents use a (genera-
tive) model to [...] evaluate their future (and counterfactual)
action possibilities.”(Parr et al., 2022, emphasis ours). What
these counterfactual future actions mean is that the agent now
considers multiple alternative future action sequences â1

t:T ,
â2

t:T , ..., and for each such action sequence one posterior prob-
ability is associated. Formally,

q(ê0:T , ŝt:T ,θ|ât:T ,sa≺t ,ξ) =

q(ê0:T , ŝt:T , ât:T ,sa≺t ,θ,ξ)∫
∑ê0:T ,ŝt:T q(ê0:T , ŝt:T , ât:T ,sa≺t ,θ,ξ)dθ

(4)

The above equation is critical in understanding active in-
ference and is called Bayesian complete posterior. At this
stage in our journey, a quick recap would be helpful. We first
started with our agent-environment process. Within that pro-
cess lies an important aspect of the agent dynamics called the
action generation mechanism. In the action generation mech-
anism, it is assumed that the agent only has partial access to
the complete dynamics. Thus, a generative model is posited
with some assumptions and conditions that reflect this partial
accessibility. Furthermore, the agent can derive a posterior
distribution on its non-observed variables by considering the
available and ‘counterfactual’ data.

What the agent now has in its pos-
session is a set of complete posteriors
{q(ê0:T , ŝt:T ,θ|â1

t:T ,sa≺t ,ξ),q(ê0:T , ŝt:T ,θ|â2
t:T ,sa≺t ,ξ), ...},

each one corresponding to one future action sequence. This
set encapsulates the complete knowledge of the agent at that
time step. This complete knowledge constitutes the first of
the four key features of active inference mentioned above -
Inference.

Put simply, the agent has inferred using Bayesian princi-
ples, knowledge about the hidden external states, model pa-
rameters, and future sensory states. Suppose that the agent is
endowed with a specific objective (like, in RL, to maximize
rewards). In that case, the agent can evaluate {â1

t:T , â
2
t:T , ...}

and rank according to this normative criteria, and then select
actions appropriately. However, for that evaluation to hap-
pen, it should first be considered whether this set of complete
posteriors can be tractably computed. That is where the ap-
proximate part of active inference comes in (which we will
not get into).

Conceptually, what Eq. 4 means is that the agent gains
knowledge about the present and past external world (ê0:t )
through indirect Bayesian inference.2 It is this posterior in-
ference of the present and past external world that leads to
active inference’s claim of perception as inference.

This completes our brief mathematical introduction to ac-
tive inference. As mentioned above, there are other key fea-
tures like approximation, evaluation, and selection that we
have not gotten into. For the purposes of this paper, we have
abstracted from those features and highlighted the relevant
aspects of active inference’s theory of perception. In the next
section, we will look deeper into ‘perception as inference’
and what difficulties we find in it as a psychological theory.

2Correlative to perception as inference there is also the ‘action
as inference’ or ‘planning as inference’ (Parr et al., 2022) which is
computed during the evaluation phase. Even here, only future active
states are evaluated while past active states are given and directly
accessible in contrast to external states, which are inferred irrespec-
tive of whether they are past, present, or future. In other words, it is
assumed that the agent is cut off from its external world at all times.
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Perception as Inference
In this section, we will start by conceding to all the explicit
assumptions of active inference like Markovian assumptions,
factorization assumptions, idealized memory in it , accessi-
bility of S ,A and inaccessibility of E to the agent, the bio-
logical plausibility of computing Eq. 4 for all possible ac-
tion sequences, and so on. However, we will challenge one
of the core claims of active inference - perception as infer-
ence (Parr et al., 2022) - which is supposed to follow from
these explicit assumptions. Specifically, perception as infer-
ence is supposed to follow from the assumption that in the
perception-action cycle, the agent is cut off from its environ-
ment (E and E are inaccessible to the agent) and thus has to
infer the external world through a model (Ê , Ê).

Given this explicit assumption that an agent is cut off from
its environment, the question then becomes how does an ac-
tive inference agent ever get started on its Ê? What dimen-
sionality to that state space does it assign? What nature or
quality does it assume holds for that space? If it assumes
a continuous nature, then why is it continuous? If discrete,
then why so? What sort of metric or measure holds in that
space? If the distribution over that space is assumed to be
categorical, then why is that? What is the cardinality of that
space? What are the categories making up that categorical
distribution? More importantly, what is the source of all these
assumptions and knowledge? We argue that active inference
answers all these questions by implicitly ‘smuggling’ knowl-
edge. We will elaborate and provide evidence for what we
mean by implicit ‘smuggling.’

First and foremost, the cardinality of E and Ê are assumed
to be the same, i.e. |E | = |Ê |. “Note that we are not in-
ferring the causal structure of the Bayesian network or state
space cardinalities, but define the generative model as a fixed
Bayesian network [...]” (Biehl et al., 2018). While the ques-
tion of how the agent comes up with the causal structure is im-
portant, we will focus here on the cardinality. This is the first
example of implicit ‘smuggling’ of knowledge, all the while
holding that the external dynamics and its associated proper-
ties are “inaccessible to the organism”(Parr et al., 2022).

Secondly, the structure, nature, and categories of Ê are also
supposed to be the same as the structure of E . “All that mat-
ters is that the environment accepts the agent’s actions and
returns observations that are discrete and are compatible with
the support of the likelihood [q(ŝτ|êτ,θ) in our notation] of the
agent’s generative model.”(Heins et al., 2022, emphasis ours).
In other words, Ê/Ê are implicitly assumed to be ‘compati-
ble’ with E/E so that the likelihood distributions are ‘com-
patible’ (Given that we have already assumed S/S and Ŝ/Ŝ
have the same structure and categories). This is another in-
stance of implicit ‘smuggling’ of knowledge into the agent.

There are many examples of such implicit ‘smuggling’
along with the explicit assumption of ‘inaccessibility’ simul-
taneously. For example, in the same Biehl et al. (2018) paper,
they say “the [model’s] environment dynamics [...] are not in-
ferred and are [...] set to the physical environment dynamics:

q(êτ|êτ−1, âτ,θ
2) = p(eτ|eτ−1,aτ).”

They mention the same for sensor dynamics: “Similarly,
since the sensor dynamics [..] are also not inferred, we find:
q(ŝτ|êτ,θ

1) = p(sτ|eτ).” Finally, if one looks at the Appendix
of the same paper where they translate their clear & consistent
notation to the notations used in the main active inference
papers, one finds that no distinction is even made between
et ∈ E and êt ∈ Ê in the latter.3 They are implicitly assumed
to be the same!

In sum, the supposed ‘inaccessibility’ of the external dy-
namics does not exist in any substantial sense. All the psy-
chologically relevant aspects, like the dimensionality, quality,
structure, and categories of the external world, are already
‘smuggled’ into the agent’s model. The only sense in which
the external states are ‘inaccessible’ to the agent is the proba-
bility values. There is only an inference of probabilities here,
but not the categories and spaces over which the probabilities
are defined.

For a concrete example, in the classic two-armed bandit
task, the categories ‘LEFT’ and ‘RIGHT’ exist as external
states. There is no sense in which these states are ‘hidden’ for
the same categories ‘LEFT’ and ‘RIGHT’ exist in the genera-
tive model. What is ‘hidden’ is only the values (0.8,0.2), and
it is only these probability values that are inferred and updated
in a rational Bayesian manner (say to (0.6,0.4)). The concep-
tually and psychologically relevant part is how humans come
to recognize those categories & structures and how perception
contributes to gaining such natural knowledge. Active infer-
ence does not address that issue, and this set of arguments
depicts our challenge to the theory’s core claim - perception
as inference.

Let us state what we are not claiming. We are not claiming
that it is improper or objectionable to use the generalized RL
framework or active inference in the context of an external en-
gineer or a designer to explicitly design a robot or a machine
for a fixed or artificial environment. In this case, the source
of all the assumptions and ‘smuggling’ comes directly from
the external human’s knowledge. However, when one moves
from this technological & engineering context to the scien-
tific & philosophical context of explaining human perception
itself as such a process, the ‘smuggled’ prior knowledge is
unaccounted for. It is this move that is problematic.

Having laid down this background, it is appropriate to ask
why or whose authority active inference theorists claim for
this problematic move from a potentially useful (but limited)
technological context to the explanatory scientific and philo-
sophic context. It is well known in the literature that the au-
thority of 19th-century polymath Hermann von Helmholtz is
claimed to justify this move. Specifically, his theory of ‘per-
ception as unconscious inference.’ Helmholtz is invoked four
times in Parr et al. (2022) w.r.t perception, but at no place do
they engage with the psychological and philosophical import

3Such clarity, consistency, and explicit assertions are a few rea-
sons why we relied on Biehl et al. (2018) for our mathematical in-
troduction rather than other papers. However, the conceptual clarifi-
cation applies equally to all active inference studies.
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of Helmholtz’s theory. Had they engaged with those ideas,
they would have realized the ‘problem of prior knowledge’
and the difficulties with the above-mentioned move based on
his authority.

Hatfield (2011) summarizes Helmholtz’s three main theses
that remained constant throughout his career:

• “Sensations are “symbols” or “signs” of their causes
in objects. There is no similarity or resemblance be-
tween the character of the sensations and the proper-
ties in objects that cause the sensations.”

• “All sensory nerve fibers produce sensations varying
only in quality and intensity. These sensations lack
spatiality, which develops through psychological pro-
cesses of inference.”

• “The law of cause guides these inferences.”

The first thesis above is the basis of ‘cutting off’ an agent
from its environment. According to Helmholtz, the first the-
sis implies a kind of skepticism about the ‘external world’
since we never have direct contact with them, but only with
the activities of our sensory nerves, and these sensory nerves
have ‘no similarity or resemblance’ with the ‘external world.’
This also includes the spatiotemporal properties of the ‘ex-
ternal world,’ for our sensations ‘lack spatiality.’4 To get the
‘external world’ from such ambiguous, impoverished, non-
spatial sensations, Helmholtz posits mental/cognitive laws of
association and inductive inferences. This is the second thesis
above.

The crucial ingredients for carrying out these inferences
and associations are what he called ‘major premises.’ As the
third thesis above says, these inferences and major premises
are grounded in the law of cause. Until this point, Helmholtz
sticks to his empiricism and scientific impulse. However, at
the last stage, he falls back on Kant’s transcendental category
of causation to ground his whole theory. In other words, it
is through applying the a-priori, transcendental law of cause
that unconscious inference gets going, which yields our per-
ception. There are phases in his career where he even thinks
space and time are not real but rather ‘subjective and ideal’
given that the starting data ‘lack spatiality’ (Hatfield, 1990).
It is these transcendental categories that Helmholtz gives as
answers to our ‘problem of prior knowledge.’

It is such appeal to non-empirical, transcendental knowl-
edge that we find as difficulties in Kant/Helmholtz’s theory
of perception as inference. Unless active inference theorists
provide reasonable grounds for the origin and nature of the
‘prior knowledge’ other than nativism or transcendental cate-
gories, our challenge of inadequacy to them remains.

The main takeaway from our conceptual clarification in
this section is that inferential perception, as an explanatory
psychological/philosophical theory of perception, has a chal-
lenging problem. This problem is not a pressing issue in the

4In some places, Helmholtz also talks about the two-
dimensionality of these sensations rather than lacking any spatiality,
but either way, there is no similarity or resemblance.

engineering/robotics context of simulations owing to their ad-
dressability from the engineer’s perspective. However, as a
psychological theory of perception, it is inadequate and in-
complete.

Obliviousness to the inadequacies of inferential perception
leads to extravagant psychological/philosophical claims by
active inference & Bayesian brain theorists like - ‘Percep-
tion is an illusion,’ ‘Perception is controlled hallucination,’
‘It is all hypothesis. It is all fantasy,’ ‘External world is our
hypothetical best guess,’ etc. Paying attention to these inade-
quacies might lead us to search for alternate ways to theorize
perception and potentially model the causal relations involved
in our perceptual experience in alternate mathematical terms.
We will leave the mathematical modeling of such an alternate
theory for the future but briefly describe its psychological and
philosophical details in the next section.5,6

Direct Perception
Before we move into this section, we want to caution the
reader of two things. As one might gather from the last few
paragraphs of the previous section, we have slowly transi-
tioned from mathematical psychology to purely theoretical &
philosophical psychology. The mathematical part of the pa-
per ends with the previous section, and the current section
comprises the philosophical part, which constitutes our first
caution.7 The second caution refers to our reliance on the
philosophy of Alfred North Whitehead to adumbrate a theory
of direct perception.8 We request the reader to take these two
aspects of this section as axiomatic, for giving any more rea-
sons/justifications would be difficult within the constraints of
the paper.

The most important concept in Whitehead’s philosophy
that is immediately relevant for psychology is the concept of

5An anonymous reviewer pointed out to us the relevance of
Fodor (1984)’s theory of representation for this paper. Sticking only
to the active inference part of their suggestion (‘Active inference is
firmly in the causal [theory of representation] camp’), we would like
to object that it is not. For Fodor, a representation is something for
which truth/semantic evaluation is appropriate. Specifically, for a
causal theory of representation, R is a true representation of some
state of affairs S if and only if R is caused by S - “‘R represents S’
is true iff C; C specifies some sort of causal relation between R and
S” (Fodor, 1984). Our objection comes from the fact that in active
inference there are not only causal conditions but unspecified a pri-
ori, transcendental conditions. In this sense, they are certainly not in
Fodor’s causal camp but rather have an a priori theory of represen-
tation.

6Another anonymous reviewer pointed to ‘rigorous accounts of
structure learning and prior formation’ as potentially addressing the
problems raised here. We fully agree with the reviewer but argue in
Raghuveer and Endres (2023) that such an account is precisely what
is missing in current active inference models (cf. Rutar, de Wolff,
van Rooij, and Kwisthout (2022)).

7Our justification for the philosophical part comes from the fact
that “[t]here can be no true physical [and psychological] science
which looks first to mathematics for the provision of a conceptual
model” (Whitehead, 1922).

8Our justification for this reliance has two reasons. One is the
general mode of thought that Whitehead (along with William James
and Henri Bergson) exemplifies - radical empiricism and process
philosophy. The other is that Whitehead is the most systematic and
mathematical of all radical empiricists and process thinkers.
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‘prehension’ (and the related concept of ‘objectification’). To
understand the concept of prehension, one has to dive into
its origin, which is Whitehead’s theory of electrodynamics
and gravitodynamics. For Whitehead, electrodynamics stud-
ies events (4-D spatiotemporal regions) characterized by the
scientific object called ‘electric charge,’ while gravitodynam-
ics studies events characterized by the scientific object called
‘mass.’ Like all events in nature, electrodynamic events also
occur in the present and move into the past (for example,
our perception of the external world occurs in the specious
present and topples into the past).

Once an electrodynamic event perishes into the past (Ep),
it transmits what is called a wave potential (or retarded wave
potential) into its causal future and causally influences other
electrodynamic events in its future. The same happens for
gravitodynamic events (gravitational wave potential). The
systematic causal influence on other electrodynamic events in
the future is called the electromagnetic field streaming from
Ep. Conversely, any electrodynamic event in the future (E f )
is causally influenced by all such electrodynamic events in
its past. The systematic causal influence from all electrody-
namic events in the past is the electromagnetic field streaming
into E f .

This systematic causal influence of past events on a fu-
ture event can be given a precise mathematical description
by means of the wave potentials. For example, in the case
of gravitodynamics the mathematical description looks like:

dJ =
√

dr2 − 2
c2 ∑

M
ϕMdR2 where ϕM is the wave potential as-

sociated with the gravitodynamic event of mass M. White-
head gives similar description for electrodynamics and spe-
cial relativity which was empirically indistinguishable from
Einstein’s special and general relativity (cf. Desmet (2010)).

The key element in the above equation is the summation
symbol. Every electrodynamic and gravitodynamic event
takes into account, ‘appropriates,’ and ‘unifies’ all (summa-
tion over masses M) the wave potentials from past events.
This grasping-together and unification of potentials is what
Whitehead calls a ‘prehensive unification’ or, simply, ‘pre-
hension.’ Thus, every electrodynamic and gravitodynamic
event is a complex prehensive unification of its past. The cru-
cial point to note is that perished past events do not merely
have external relations to the present but are internally re-
lated to the present. The causal past is internally related &
immanent (as wave potentials) within the present.

Whitehead writes,

“The various particular occasions of the past [Ep] are in
existence, and are severally functioning as objects [wave
potentials] for prehension in the present [E f ]. This indi-
vidual objective existence of the actual occasions of the
past, each functioning in [immanently, internally related
to] each present occasion, constitutes the causal relation-
ship which is efficient causation” (Whitehead, 1933, em-
pahsis ours).

Thus, according to Whitehead, the theory of electrodynam-

ics and gravitodynamics exhibits the empirical possibility of
the immanence of the past in the present, the cause in the
effect. Furthermore, from his understanding of the above the-
ories, he asserts a generalized proposition that any event in
nature is a prehensive unification of potentials of past events
that are immanent and internally related.

Applying this generalization to psychology, we see that any
perceptual event is a prehensive unification of all potentials
of past events.9 However, the potentials involved here are
not just wave potentials (correlative to scientific objects) but
sensory & perceptual potentials (correlative to sense objects
and perceptual objects). Explaining Whitehead’s theory of
objects/theory of pure potentials is beyond the limitations of
this paper. However, we have detailed it in our previous work
(Raghuveer and Endres (2025)). It is this close analogy be-
tween an electrodynamic event and a perceptual event that
leads to what we call a ‘field-theoretic conception of percep-
tion.’ Whitehead says, “The physicist’s field of force and the
psychological field both give you the same apprehension of
“field.””

What is direct about this alternate conception of field-
theoretic perception pertains to rejecting all three theses of
Helmholtz (and, by extension, active inference). Firstly, there
is a similarity or resemblance between scientific objects (elec-
tric charge, ‘causes’) and sense objects (green, ‘sensations’)
in Whitehead’s theory. They are both objects/adjectival char-
acters of events. Secondly, immediate bodily events (if that
is what Helmholtz means by ‘sensory nerve fibers’) & re-
mote physical events are both events (4-D spatiotemporal re-
gions), and neither of them ‘lack spatiality.’ Taken together,
the above propositions imply that there is no need for un-
conscious mental inferences based on unaccounted transcen-
dental knowledge of causation to get perception going. With
this, we conclude our brief adumbration of the psychological
& philosophical details of direct perception.

Conclusion

In conclusion, we repeat the paper’s central thesis, which is
that Active Inference, as it is currently formulated, is inade-
quate and incomplete in the domain of perceptual experience.
Perception as inference faces the ‘problem of prior knowl-
edge,’ which becomes evident when considered as a psycho-
logical theory of perception but gets masked/addressable in
an engineering/technological context. We briefly described
the psychological and philosophical principles involved in an
alternate theory of perception, leaving its mathematical work-
ing out for future works.

9The justification for this generalization and application comes
from the fact that, unlike the philosophies of materialism and dual-
ism, Whitehead does not make an ontological distinction between
physical experience (which is what physics studies) and percep-
tual/cognitive experience (which is what psychology studies). There
is no bifurcation between electric charge and green (‘causes’ and
‘sensations’ in Helmholtz’s terms). This is the essence of White-
head’s (and James’ & Bergson’s) radical empiricism.
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Abstract

Holographic Declarative Memory (HDM) is a vector-symbolic
alternative to ACT-R’s Declarative Memory (DM) system that
can bring advantages such as scalability and architecturally
defined similarity between DM chunks. We adapted HDM
to work with the most comprehensive and widely-used im-
plementation of ACT-R (Lisp ACT-R) so extant ACT-R mod-
els designed with DM can be run with HDM without major
changes. With this adaptation of HDM, we have developed
vector-based versions of common ACT-R functions, set up a
text processing pipeline to add the contents of large documents
to ACT-R memory, and most significantly created a useful and
novel mechanism to retrieve an entire chunk of memory based
on a request using only vector representations of tokens. Pre-
liminary results indicate that we can maintain vector-symbolic
advantages of HDM (e.g., chunk recall without storing the ac-
tual chunk and other advantages with scaling) while also ex-
tending it so that previous ACT-R models may work with the
system with little (or potentially no) modifications within the
actual procedural and declarative memory portions of a model.
As a part of iterative improvement of this newly translated
holographic declarative memory module, we will continue to
explore better time-context representations for vectors to im-
prove the module’s ability to reconstruct chunks during recall.
To more fully test this translated HDM module, we also plan to
develop decision-making models that use instance-based learn-
ing (IBL) theory, which is a useful application of HDM given
the advantages of the system.
Keywords: ACT-R; vector-symbolic architectures; Lisp; dis-
tributional semantics

Introduction
In this paper, we describe our ongoing efforts to adapt HDM
to work better with Lisp-based ACT-R, thus bridging a newer
vector-symbolic model with decades of cognitive modeling
done with Lisp ACT-R. Our eventual goal is to build a cog-
nitive agent that simulates the actions taken by disaster sur-
vivors and the social factors that impact those decisions. We
chose ACT-R due to the need for the cognitive agent to repre-
sent the cognitive processes of a disaster survivor well enough
to accurately model the decisions they would make, rela-
tive to the empirical results gathered from human subjects;
ACT-R has successfully modeled the decision making of hu-
mans in constrained experiments (Ritter, Tehranchi, & Oury,
2019), sometimes serving as a useful lower-level cognitive
representation for rational level (i.e., Newell, 1990) decision-
making theories (e.g., Gonzalez, Lerch, & Lebiere, 2003). At
the same time, the model needs to include situational aware-
ness to accurately model how different survivors will respond
to the same disaster environment differently depending on

their social background (Prather et al., 2022). Here we use
situational awareness to mean background knowledge, con-
text, and worldview that puts the perceived environment into
context (Lukosch, Bekebrede, Kurapati, & Lukosch, 2018).
We hypothesize that a vector-symbolic memory architecture,
Holographic Declarative Memory (Kelly, Arora, West, & Re-
itter, 2020), can be useful for representing this context by
reading in related texts into memory, which in turn influences
which chunks are retrieved at runtime and which procedures
are run. Furthermore, the increased scalability of a system
like HDM may be more appropriate for representing the im-
pact of existing social structures, which may themselves be
more latently represented in memory in a way that requires a
large number of concepts and associations to adequately rep-
resent.

In the next sections, we first justify why it is worthwhile
to use HDM when ACT-R already has a built-in Declarative
Memory system. Next, we explain adaptations needed at the
architectural level for (canonical, Lisp) ACT-R and HDM for
integration. We conclude with a discussion of preliminary
results of testing this new translated HDM and future work.

What Does HDM add to ACT-R?
Traditional ACT-R models have two main memory compo-
nents for modelers to manipulate: procedural memory, typ-
ically production rules written by the developer, and declar-
ative memory, which may store semantic or episodic infor-
mation that is often entered by hand before the model runs
(Ritter et al., 2019). ACT-R retrieves relevant memories
based on environmental cues specified as requests in produc-
tion rules. However, by default ACT-R’s declarative memory
(DM) system lacks partial memory recall, meaning a grada-
tion of which chunks are relevant to a query, as opposed to
returning either one matching chunk or none at all. Addition-
ally, the time complexity to add and retrieve chunks as well
as the space complexity to store chunks would be prohibitive
to adding corpus-sized amounts of text to DM (Kelly et al.,
2020). Holographic declarative memory (HDM) addresses
these problems by representing each unique input token in
vector space rather than storing the entire input, which al-
lows for a continuous similarity measure between queries and
memories. HDM can thus “read” large corpora of relevant
text into a model’s memory; it is thus a distributed semantics
model like Word2vec made available as a memory system for
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a cognitive architecture. Despite the machine-learning-like
principle behind it, HDM still achieves high-level cognitive
plausibility in free recall effects and significantly fits human
performance in a decision task.

Thus, HDM presents a useful alternative to the default
ACT-R declarative memory representation, especially for
models that may need to represent sociocultural structures in
memory and represent similarity between concepts or chunks
in an architecturally-defined way. The latter ability is help-
ful for implementing theories in ACT-R that rely on context-
dependent associations and similarities, such as Instance-
Based Learning (IBL) Theory (Gonzalez et al., 2003). This
vector-based representation may also make architecture-level
integration with generative models (which typically also use
vector-based representations for text-based “tokens”) more
straightforward (e.g., see Dancy & Workman, 2023).

Fortunately, the implementations of both HDM and the
newest (Lisp) ACT-R provide enough of a foundation for a
connection between the two systems. Nonetheless, to inte-
grate HDM into the canonical version of ACT-R, both sys-
tems need to be adapted. This need for adaptation and ex-
pansion of HDM is especially true if one wants to use HDM
while keeping declarative memory use patterns that are com-
mon amongst ACT-R modelers.

Adapting ACT-R for HDM
We used the interface provided in the canonical ACT-R 7
Python connection files (ACT-R Research Group, 2023) and
the HDM code Dr. Kelly wrote for Python-ACTR (Kelly,
2020) to implement the Lisp-side ACT-R commands with
Python code. At present, we have implemented the core
commands for adding to and retrieving from memory as well
as convenience and utility commands like (sgp) and (dm).
The command (dm) now prints the unique values stored by
HDM rather than chunks, which are not explicitly stored, as
well as a two-dimensional visualization of the HDM vector
space. Goal chunks, which require more precise recall and
typically do not come in a large scale number of chunks, are
to be created with (define-chunk) rather than (add-dm) so
ACT-R’s default systems are used rather than HDM. The pa-
rameters for the whole-chunk recall mechanism, which will
be explored in the next section, can be set globally like any
other parameter in (sgp) or locally in any memory retrieval
request.

Adding Text to HDM in ACT-R
We added the ACT-R command (preprocess-text), which
takes a raw plain text file and outputs a file ready to be added
to memory. The preprocessing step uses the Natural Lan-
guage Toolkit (NLTK) to remove stopwords, often-appearing
words such as “and” or “the,” which don’t convey information
specific to a task (Sarica & Luo, 2021).

We made the decision to read the text into HDM sen-
tence by sentence, though (Kelly et al., 2020) don’t indicate
whether or not this is necessary. When HDM encodes a list
of values, it stores associations between all pairs of words

Figure 1: PCA Plot of HDM Vectors

in left-to-right order. For words that are far apart from each
other, it is less worth computational resources to encode their
associations with each other. Other ways of splitting the text
may be optimal, but we chose the sentence as the unit to add
at a time. Therefore, the preprocessing step tokenizes the text
into sentences using NLTK’s Punkt pretrained tokenizer to
find sentence boundaries.

From the preprocessed file, the modeler uses the
(read-corpus-hdm) command to read in the preprocessed
file to HDM. As implemented, this step can only take place
after the model has been loaded. An example of a plot of
HDM vectors after being added to memory is Figure 1. The
corpus here is from a document instructing U.S. officials on
how disaster response and recovery are organized.

Adapting HDM for ACT-R
A downside of HDM is that, unlike ACT-R DM, it lacks a
mechanism to retrieve a chunk, a group of memories bound
together, in its entirety without knowing the slot correspond-
ing to each unknown value being requested. For example,
a chunk “homeowner:yes damage:severe renter:no neighbor-
hood:Eastville” could represent the status of an disaster su-
vivor agent’s home after a flood; note the format of slot:value
pairs. A cue to retrieve the chunk in DM would simply
include a unique slot:value pair of the chunk — “home-
owner:yes”. With HDM, one would have to specify that pair
and then ask for one unknown at a time — “homeowner:yes
damage:?”, “homeowner:yes renter:?” and so on. We ex-
tended the HDM implementation using a simple chaining
method so multiple unknowns can be requested, but every
slot in the chunk still needs to be specified; this is cumber-
some for a modeller compared to ACT-R’s original DM. For
us, it would require us to write more and longer production
rules for our cognitive agent. Thus, we devised a method of
full-chunk retrieval without storing chunks outright or devi-
ating from HDM’s memory vector approach.

We define the problem as follows: after adding chunk
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Figure 2: Oscillator function vector T(t) as a func-
tion of chunk index t. The functions plotted above are
T1(t),T51(t),T101(t),T151(t),T201(t),T251(t),T301(t) out of the
T(t) = [T1(t),T2(t), ...T320(t)]. Note how the oscillators vary
from lower to higher frequencies. While some individual
functions repeat in encoding value over the chunk index
range, the vector at any one chunk index is unique.

c = {s1:v1,s2:v2, ...sn:vn} into memory, retrieve the entire
chunk with a cue q = {s′1:v′1,s

′
2:v′2, ...s

′
m:v′m}, where q⊆ c and

the slots and their associated values are s1..sn and v1...vn re-
spectively.

Time Encodings
First, we needed a way to represent which bits of mem-
ory were entered together as a chunk at the same time.
We turned to neural oscillator encodings of serial memory
(Brown, Preece, & Hulme, 2000) for a biologically-plausible
theory of temporal encoding. In their model, there are fifteen
oscillator functions O1(t)...O15(t) of timestep t which range
from lower to higher frequency, with R and φ as sources of
noise:

Oi = sin(φ+ tθi) (1)

θi = SR2i (2)

R∼N (0,σ2) (3)
φ∼U(0,π/θ) (4)

S is a scaling parameter that can be swapped out for dif-
ferent time scales. Brown et al. (2000) sets S = 10−5, but
we’ve found different values work better on different time
scales (e.g. number of chunks). For the variance σ2 of R,
σ2 = 1 in the Brown model but can be increased or decreased
to increase or decrease the amount of noise.

The purpose of having noisy representations rather than
simply, for example, sequentially numbering each chunk in-
dex, is to model the recall of human subjects in serial order
memory tasks. An incorrect item is more likely to be ex-
changed for a correct item during recall the closer the two

items are in position. When positions are hierarchical, e.g.
lists of lists, often the position of an item within a list is re-
called correctly even if the list’s position compared to other
lists is not. For example, one may recall an item being in the
third value of the second chunk instead of the third value in
the first chunk. Multiple oscillating functions represent this
hierarchical error by creating “bumps” in similarity between
cognitive representations of two items even as their similari-
ties decrease overall as their positions grow further apart.

To work more simply within the HDM framework, we flat-
tened Brown et al. (2000)’s sixteen “learning context” vectors
of twenty elements each into a single 320-element time vec-
tor T for each timestep. Each element Ti of the time vector in
Equation 5 randomly draws four of the 15 oscillators O j from
Equation 1, with cosine being randomly substituted for sine
with a probability of half:

Ti =
4

∏
j=1

sin(O j) (5)

The function T(t) = [T1(t)...T320(t)] is generated and
stored when the model is loaded. For each chunk added to
memory, the time step t increases by 1 and the time vector
T(t) is calculated. Note that the four oscillator functions ran-
domly chosen above are not chosen with uniform probabil-
ity; they’re selected so the low-frequency oscillators make up
a larger share than the higher-frequency oscillators. We did
this because we found too many high-frequency oscillators
led to nearly-repeating vectors over a small period of time.
The probability distribution we selected was a discretized
and bounded modification to the exponential distribution. We
found it to be the best match for how the oscillators are dis-
tributed in Figure 6 of Brown et al. (2000). The best match for
the figure is with a scaling parameter of β = 5.125. However,
the distribution can be used with different scaling parame-
ters for learning context vectors of arbitrarily chosen sizes if
one adjusts the scaling parameter to be the expected value of
which oscillators is chosen. For example, the scaling param-
eter β being 5.125 means the center of the probability mass
is between the sixth and seventh oscillator (zero indexing). A
plot of an oscillator vector is shown in Figure 2. We used the
default parameters described earlier (σ2 = 1,β = 5.125) but
set the time scaling parameter R = 5∗10−6 to reflect the large
range of chunk indices from 1 to 500.

Time HDM Vectors
Now that we have a continuous time representation, we need
to somehow bind the representation with HDM’s memory
vectors. HDM itself uses the holographic reduced represen-
tations (HRR) framework (Plate, 1995). Plate shows how
memory traces can be constructed by binding together two
“holographic” vectors A,B ∈ Rn using circular convolution
(⊛). From a memory trace C =A⊛B+ ... and a cue A, a noisy
version of B can be recovered. Simply using the time vector
itself as a holographic vector would violate HRR’s assump-
tion that bound vectors are drawn from the same distribution.
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HDM’s holographic vectors are simply drawn from the nor-
mal distribution, while the time vectors are oscillating outputs
of T(t). Instead, we needed to treat the time vector as a kind
of value being stored. The problem is that HDM, like ACT-
R, works with discrete memory values even if it encodes them
with continuous values. To encode the continuous time vec-
tor, we adopted the fractional binding operation from Komer,
Stewart, Voelker, and Eliasmith (2019) and composed it with
⊛ from Plate to arrive at a holographic representation T̃ of
the time vector T.

T̃ = F −1

{
320

∑
l=1

F (etl )
T(t)

}
(6)

The function F above is the Fourier transform. The HRR
vectors et1 ...et320 are generated from the same distribution as
HDM’s environment holographic vectors. Next, we associate
the chunk’s time vector with each bit of memory in the chunk.
We store these associations in mt vectors – Each HDM mem-
ory vector m has an associated time-memory vector mt. This
does double the memory usage but keeps the same space com-
plexity class. When a chunk s1 : v1, ...sn : vn is added to mem-
ory, a T̃ is created for it as per Equation 6 . The mts are
updated with the following rule:

mt←− mt + T̃⊛
n

∑
c=1

sc ⊛ vc (7)

where sc and vc are corresponding slot-value pairs in a chunk.
This update rule, unlike the update rule for HDM’s mem-

ory vectors, does not add noise. From an implementation
standpoint, adding noise would interfere with the recalling of
added traces in Plate (1995), which already has some noise
in reconstruction. From a cognitive processes representa-
tion standpoint, the noise to represent cognitively plausible
time-memory errors is already represented in the time vec-
tors themselves as discussed earlier.

To retrieve the chunk c from cue q =
{s′1:v′1,s

′
2:v′2, ...s

′
m:v′m}, we construct HRR Q from q,

take its inverse, and bind it with each memory-time vector mt
to obtain a noisy reconstruction T̂ of the time HRR:

Q =
m

∑
c=1

s′c ⊛ v′c (8)

T̂ = mt ⊛Q−1 (9)

The retrieval works because ⊛ is distributive, so mt contains
T̃⊛sc⊛vc for each slot:value pair. Note that the inverse oper-
ation used here is the approximate inverse from Section VII,
Subsection C in (Plate, 1995).

We are left with T̂1...T̂N , the collection of reconstructed
time vectors for each of the N mts. As per Brown et al.
(2000), we step through the time vector function T(t) from
t = 1 to the current time step in the model, comparing at each
time step which of the reconstructed time vectors T̂ have the

Figure 3: The dot product similarity between our time vector
T(t ′) ·T(t ′′) (y axis) and t ′− t ′′ on the x axis. It peaks at 1
(comparing identical vectors) and has smaller local maxima
to represent noise in serial memory recall.

greatest similarity with the current T(t). Depending on the
method chosen — taking the top p results, all results above a
threshold, or results meeting the previous two criteria — we
end up with a list of possible slots and values making up a
chunk. HDM tracks which memory vectors are slots, so we
keep the mts corresponding to slots and then build a complete
cue q = {s1 :?...sn :?} that contains every slot. The chunk
can then be requested using multiple unknown request chain-
ing, mentioned at the beginning of this section, with HDM’s
built-in retrieval mechanism. Thus, we are in principle able
to retrieve the entire chunk.

It’s worth noting that, like HDM, the time complexity
scales with the number of unique values rather than the to-
tal number of chunks. Still, an option to only turn on slot
pulling encoding for chunks of interest so only a subset of
relevant time-memory vectors are stored would reduce the re-
trieval times. However, remembering chunks (e.g. sentences)
stored during the corpus adding step could be useful for some
modeller applications as well.

Preliminary Results and Discussion
Time Encodings
We generated two time vector functions using exactly the
same set of parameters: σ2 = 1 for Equation 3, S = 10−5

for Equation 2, and β = 5.125 as the exponential distribution
scaling parameter to sample four oscillators from the 15 os-
cillator functions to generate each element in Equation 5. The
time vector has 320 elements as per our adaptation of Brown
et al. (2000).

In order to evaluate the quality of the time vector repre-
sentations, we plotted a similarity function T(t ′) ·T(t ′′) for
all t ′, t ′′ ∈ {1,2, ..30}. The similarity function · is the dot
product, which is equivalent to cosine similarity here since
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Figure 4: A self-similarity graph like Fig. 3 but with much
larger “bumps,” indicating a noisier representation of serial
memory.

Figure 5: The (averaged) self-similarity of time vectors in
Brown et al. (2000). Plot reproduced from Figure 7B of
(Brown et al., 2000)

the vectors are normalized. The similarity plots are shown in
Figure 3 and Figure 4.

As noted earlier, a similarity function between time vectors
taken at subsequent time steps should show two properties:
(1) a gradual decrease as the times grow further apart and (2)
some oscillation to represent the cognitive error that arises
from time’s hierarchical representations. Our time encodings
do show both of these properties, but the “bumps” that rep-
resent the error are more pronounced than in self-similarity
plot of Brown et al. (2000), reproduced here in Figure 5. Both
plots are over the same time step range and equal correspond-
ing parameters as our plot. A possible explanation is that the
dot product between two large vectors rather than the aver-
age dot product between two sets of smaller vectors results in
more noise, which Brown et al. (2000) mentioned as a justifi-
cation for his choice of the latter representation.

Furthermore, one can observe a stark difference between
the self-similarity of Figure 3 and Figure 4 despite having os-
cillator parameters generated from the same probability dis-
tributions with the same parameters. In our tests, neither in-
creasing nor decreasing σ2 had much consistent effect on how
much variability appeared between the self-similarity plots of
time vector functions. Increasing or decreasing the exponen-
tial distribution scale parameter β to respectively favor or dis-
favor slower oscillators had surprisingly little effect either on
the variance between time functions or on the level of noise
any particular time function showed in self-similarity plots.
Further study is needed to quantify the self-similarity noise
in a single comparable metric and decide which parameters
yield representations that best fit observed cognitive effects
in serial order.

Conclusion
So far, we have described how full-chunk recall can be sup-
ported without needing to store the chunks themselves nor a
data structure scaling in size with the number of associations
between values in the chunk. The time vector representations
we have implemented so far are noisy but still provide dis-
tinct representations for distinct chunks. Work to measure
slot pulling effectiveness across a wider variety of models is
ongoing.

In the future, we want to try another time encoding for as-
sociating chunks together besides neural oscillators. We also
want to examine different chunk retrieval mechanisms. So
far, we take the two inputs —reconstructed time vectors per
time-memory vector and the time vectors themselves — and
compute the similarity between them as the only ranking cri-
terion. However, we should also expect that the time vec-
tor reconstructions associated with the same chunk ought to
cluster together in vector space. Perhaps the true time vectors
represent cluster centers and a clustering measure could aid
accurate and precise retrieval.

The vector-symbolic approach used here also presents an
opportunity for more straightforward considerations of ways
to integrate generative models within ACT-R. Such an inte-
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gration would hold implications for expanded sociocultural
representations in a cognitive architecture like ACT-R, as ar-
gued by Dancy and Workman (2023). As previously men-
tioned, having these sociocultural representations in memory
would also give an opportunity to explore the impacts of so-
ciocultural structures on decision making behavior given the
interdependence between memory and decisions. We plan to
explore interactions between sociocultural structures, mem-
ory, and decision making using HDM (and eventually gener-
ative models) in the context of IBL.

Adequately representing these sociocultural structures in
memory requires memory representations to be scaled up effi-
ciently. At the same time, there is value in making production
systems work reliably with vector memory; production rules
give explainable reasoning for decision making that genera-
tive models often struggle with. Full-chunk recall is needed to
support flexible, reliable production systems interacting with
vector-based memory. Also important is that full-chunk re-
call makes sure memories specific to an agent rather than its
broader worldview are used at the appropriate times during
decision making. The full-chunk recall mechanism and text-
to-memory pipeline explained here hold promise for compu-
tational cognitive architectures like ACT-R to model the cog-
nitive role that social structures play in human decision mak-
ing.

References
ACT-R Research Group. (2023, July). ACT-R ACT-R

7.27.9 software. Retrieved 2023-12-06, from https://
act-r.psy.cmu.edu/act-r-7-27-9-software/

Brown, G. D. A., Preece, T., & Hulme, C. (2000). Oscillator-
Based Memory for Serial Order. Psychological Review,
107(1), 127–181.

Dancy, C. L., & Workman, D. (2023). On integrating genera-
tive models into cognitive architectures for improved com-
putational sociocultural representations [Conference Pro-
ceedings]. In Aaai fall symposium series (Vol. 2, p. 256-
261). Washington, DC: AAAI Press.

Gonzalez, C., Lerch, J. F., & Lebiere, C. (2003). Instance-
based learning in dynamic decision making [Journal Arti-
cle]. Cognitive Science, 27(4), 591-635. doi: 10.1207/
s15516709cog2704 2

Kelly, M. A. (2020, July). ecphory/HDM. Retrieved 2023-09-
25, from https://github.com/ecphory/HDM (original-
date: 2020-03-29T22:27:50Z)

Kelly, M. A., Arora, N., West, R. L., & Reitter, D. (2020).
Holographic Declarative Memory: Distributional Seman-
tics as the Architecture of Memory. Cognitive Science,
44(11), e12904. doi: 10.1111/cogs.12904

Komer, B., Stewart, T. C., Voelker, A. R., & Eliasmith, C.
(2019, July). A neural representation of continuous space
using fractional binding. Montreal, Canada.

Lukosch, H. K., Bekebrede, G., Kurapati, S., & Lukosch,
S. G. (2018, June). A Scientific Foundation of Sim-
ulation Games for the Analysis and Design of Complex

Systems. Simulation & Gaming, 49(3), 279–314. doi:
10.1177/1046878118768858

Newell, A. (1990). Unified theories of cognition [Book].
Cambridge, MA, USA: Harvard University Press.

Plate, T. (1995, May). Holographic reduced representations.
IEEE Transactions on Neural Networks, 6(3), 623–641.
doi: 10.1109/72.377968

Prather, R. W., Benitez, V. L., Brooks, L. K., Dancy, C. L.,
Dilworth-Bart, J., Dutra, N. B., . . . Thomas, A. K. (2022).
What Can Cognitive Science Do for People? Cognitive
Science, 46(6), e13167. doi: 10.1111/cogs.13167

Ritter, F. E., Tehranchi, F., & Oury, J. D. (2019). ACT-R:
A cognitive architecture for modeling cognition. WIREs
Cognitive Science, 10(3), e1488. doi: 10.1002/wcs.1488

Sarica, S., & Luo, J. (2021, August). Stopwords in tech-
nical language processing. PLOS ONE, 16(8), e0254937.
(Publisher: Public Library of Science) doi: 10 .1371/
journal.pone.0254937

145

Proceedings of the 23rd International Conference on Cognitive Modelling (ICCM 2025)



Simulation of the Affect of Emotions on Social Adaptation
through Risk Adjustment of Intention Estimation

Ruiki Kawaji (kawaji.ruiki.16@shizuoka.ac.jp),
Junya Morita (j-morita@inf.shizuoka.ac.jp)

Department of Informatics, Graduate School of Integrated Science and Technology, 
Shizuoka University, 3-5-1, Johoku, Hamamatsu Chuo-ku, Shizuoka, 432-8011, Japan

Hirotaka Osawa (osawa@a3.keio.jp)
Department of Industrial and Systems Engineering, Faculty of Science and Technology, Keio University,

3-14-1, Hiyoshi, Yokohama Kohoku-ku, Hamamatsu, Kanagawa, 223-8522, Japan

Abstract

This study was conducted to clarify how emotions contribute
to social adaptation. Focusing on intention estimation and risk
judgment as factors, a simulation was conducted using the co-
operative game “Hanabi.” The model in this study estimates
intentions by recalling past instances of cooperation. A model
was constructed in which emotions fluctuate depending on the
outcome of cooperation and instance recall, and the results
showed that emotions are useful in models corresponding to
novices of the game, but their influence is reduced in mod-
els corresponding to experts. In addition, the results showed
that cooperation failure due to risk acceptance decreased as
emotions fluctuated, suggesting that emotions are an ability to
minimize the risk of failure in intention estimation.
Keywords: ACT-R, Cognitive modeling, Cooperative behav-
ior, Emotion, Hanabi

Introduction
Human social behavior is greatly influenced by emotions,
which is considered as an evolutionary product to promote
cooperation and socialization among humans, and has con-
tributed to the survival of humankind (Cosmides & Tooby,
1997). Social behavior is based on the process of inferring
intentions of others from their observable actions. It is said
that the ability to model other’s internal belief is necessary for
intention estimation, and in the field of cognitive science, this
ability is expressed as the term “theory of mind” (Premack &
Woodruff, 1978). Both emotions and intention estimation are
human abilities related to social behavior, and if the presence
of emotions leads to socialization, then it can be thought that
they support intention inference, which is an ability necessary
for social behavior.

However, intention estimation is not always successful: it
involves risk due to uncertainty caused by individual differ-
ences in perception of the environment. The tendency to ac-
cept or avoid risk is thought to be related to emotions (Turner,
Zangeneh, & Littman-Sharp, 2006; Yuen & Lee, 2003). This
relationship seems to be caused by the influence of the past
experience on the current emotions (Bower, 1981). Past expe-
rience is crucial for estimating intention (Morita et al., 2018),
as emotions influence behavior through associated memories.
In this way, emotions influence on human behavior, but this
influence is thought to differ depending on the situation. The-
ories regarding relationship between task difficulty and effect

of emotions have been proposed for a long time, such as the
flow theory (Czikszentmihalyi, 1990) and the optimal arousal
level theory (Yerkes & Dodson, 1908). In addition, the in-
fluence of emotions also changes with expertise. Recent re-
search into cognitive models has proposed a theory in which
the influence of emotions embedded in experiences is folded
into the process, reducing the impact of emotions on cogni-
tive tasks (Conway-Smith & West, 2024).

In this study, we conduct a simulation of a cooperative
game using a cognitive model to observe the influence of
emotions on intention estimation in the above-mentioned sit-
uation. The simulation was conducted based on the hypoth-
esis that emotions are useful in memory-based intention esti-
mation by leading proper risk management It is also thought
that such an effect of emotions in intention estimation is in-
fluenced by expertise in the task and task difficulty. From
the difference in behavior between the models manipulating
the above factors, we will discuss the role of emotions as an
ability to smoothly carry out social behavior.

The Rules of Hanabi
In this study, we focus on Hanabi, a game that requires coop-
eration between players through estimating each other’s in-
tentions. In the past, research has been conducted on coop-
eration and intention estimation in this game (Osawa, 2015;
Miyata & Osawa, 2024), and computer models (Kuwabara
et al., 2023; Kawaji, Morita, & Osawa, 2024) has been con-
structed.

Hanabi is a game for two to five players. For simplicity,
this study only deals with 2-player play. The game includes
50 cards in five colors (white, red, blue, yellow, and green)
(three cards of each color with the number 1, two cards from
2 to 4, and one card with the number 5) and two types of
tokens, red and blue. The goal of the game is to work together
to stack cards of the same color in ascending numerical order
and put as many cards on the table as possible.

At the start of the game, the cards are shuffled and five
cards are dealt to each player, which become the player’s
hand. Players cannot see the contents of their own hand. Only
other players can see the contents. Cards that are not in the
hand become the deck. The first player’s turn begins with
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eight blue tokens and zero red tokens shared by all players.
Players are given their turn in order, and they must take

one of the following three actions before moving on to the
next player’s turn.
• Hint: One color or one number from the cards in partner

possession is selected and all the cards with that color or
number are told to the partner. When the hint is given, one
blue token is consumed. If there are no blue tokens and
cannot pay the cost, this action cannot be performed.

• Discard: One card from the player’s hand is discarded and
one new card from the deck is added to the player’s hand.
The discarded card can be seen by everyone, including the
player oneself, and cannot be used during the game. When
the player discards a card, one blue token is restored. This
does not allow the number of blue tokens to exceed the
initial value.

• Play: A card from the self hand is selected and revealed. If
the value of the played card is exactly one greater than the
highest value of the card of the same color that has been
already played, it is judged to be successful and the card is
placed on top of the card of the same color. If there is no
card of that color placed, it is treated as a number 0 card
and the player can place a number 1 card. Otherwise, it
is judged as a failure and the played card is discard. In
the case of failure, the blue tokens are not restored and the
players gain one red token. After that, whether the player
succeeds or fails, the player adds one card from the deck to
the player’s hand.
There are three conditions to end the game. The first is

to gain three red tokens. The second is for all players to act
once after no cards are left in the deck. The third is for all
five colors of fireworks to be stacked and completed. If the
end conditions are reached, the score is calculated as the total
number of cards stacked on the field, with a maximum of 25
points for 5 colors ×5 cards. Scores can only be obtained by
playing, but there is a high risk that the game will end if play-
ers fail three times. They need to give each other hints, but
because they are only given a limited amount of incomplete
information, they need to cooperate to figure out each other’s
intentions.

Model
The model in this study was developed based on Kawaji et
al. (2024). This model uses the cognitive architecture ACT-
R (Anderson, 2007) to perform intention estimation based on
the use of instances via parameters corresponding to emo-
tions. Furthermore, to model the expertise in collaboration,
we implemented production rules for deciding on actions
based on heuristics. Figure 1 is a flowchart showing the ac-
tions of the model from the start to the end of a turn.

Decision heuristics
The model assigns priorities to production rules to determine
an action (Miyata & Osawa, 2024). There are six production
rules, each with the following priority:

Figure 1: Flowchart of the model

1. Play a confirmed card: If the model can successfully play a
card in the model’s hand with a known color and number,
play that card.

2. Hint for playable cards: In a situation where hints can be
given, if the partner has a card that will be successfully
played and that is given a hint about only one of the color
and number, give a hint about the information of the card
that is not yet known.

3. Hint for single cards: In a situation where hints can be
given, if the model has a card that will be successfully
played and there is no card of the same color or number
in their hand, give a hint about the single card.

4. Discard a confirmed card: If the model has a card in the
model’s hand whose color and number are both known and
the card of the same color and number is already success-
fully played, discard that. Or, if the model has two or
more cards of the same color and number and both are con-
firmed, discard that.

5. Hint for playable cards: In a situation where hints can be
given, if the partner has a card that will be successfully
played, give a hint on the information of the card that is
not yet known.

6. Hint for discardable cards: In a situation where hints can
be given, if the partner has a card that has the same color
and number as already been played successfully, give a hint
on the information of the card that is not yet known.

Instance-based decision making
If none of the above heuristics can be applied, an attempt is
made to determine an action based on instances, which are
obtained after oneself or the partner performs the action. The
information contained in the instances consists of the follow-
ing:
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• Type of the action: It classifies the instance into the three
actions (hint, discard, or play).

• Outcome of the action: It indicates the action was success-
ful or not. A successful play and a successful hint show an
instance of self play leading to addition of points and an
instance of hints leading to successful plays by partner, re-
spectively. In the case of a discard, an instance of discard-
ing card with the same color and number as the successful
card that has already been played is judged as successful.
All other instances are coded as failure.

• Target information: It indicates the color and number of
the target card. If the action is performed without knowing
the color or number, it is stored as unknown.

• Cards on the field: It indicates up to which numbers of each
of the five colors have been played.

• Observable cards by the model: It indicates information on
the model’s hand that is known from the hint.

• Observable partner’s cards by the partner: It indicates in-
formation on the hint the model gave them.

• Complete partner’s card information: It indicates complete
information on the partner’s hand, including cards that the
partner cannot see.

• Remaining cards: This is the number of cards that have not
yet been viewed, calculated by subtracting the number of
viewed cards from the total number of cards of each color
and number.

• Last action: It clasifies the previous action that the model
or the partner took most recently into three type of action
(play, hint, discard).
The stored instances are used in the procedure shown in

Figure 1. First, past instances are searched for based on the
current situation. In this case, the ACT-R partial matching is
used to recall the most similar instance.

If an instance is searched for and a successful instance is
found, an attempt is made to act according to that instance.
If the recalled instance is unsuccessful, if nothing can be re-
called, or if an instance is recalled but the action cannot be
performed according to the instance, recall is made again
from instances other than those already recalled in this deci-
sion. Recall is repeated up to five times. With each repetition,
the mismatch penalty is halved to increase randomness. If no
instance is found after five repetitions, an action is decided
randomly.

In the partial matching mechanism of recall, the activation
value Ai of memory i is calculated by the following equation:

Ai = Bi +∑
l

PMli + ε (1)

Bi is the base level calculated based on the frequency of mem-
ory usage and the time since it was used, ε is noise, and P is
the mismatch penalty coefficient (mp). Mli is the degree of
match between each element l in instance i and the current
situation.

For information about the model and the partner’s hand, the
cosine similarity (minus one) of the vector whose elements

are the frequency of each color and number is used. “Type
of the action”, ”target information”, and “last action” take
binary values (0 or -1) of the similarity according to whether
they match or not. Regarding “outcome of the action,” the
similarity is calculated according to the influence of emotions
shown in the next section.

These similarities are added up and the most similar in-
stance is recalled. When an instance is recalled and the ac-
tion has been succeeded, the same action as the instance is
performed.

Emotional influence
The model’s emotions are represented as two parameters, va-
lence and arousal, based on the circumplex model (Russell,
1980). These parameters have a minimum of −1 and a max-
imum of 1, and the recall of instances changes depending on
their values. To determine specific values, we constructed
two models: fixed emotion and emotion fluctuation.

Fixed emotion In the fixed emotion model, the emotional
parameters affect instance recall as a calculation of similar-
ity. The current valence is V , and the outcome of the target
instance is Vi; the difference between them is calculated as
follows:

Mli =−|V −Vi|/2 (2)

In this equation, Vi will be 1 if it is a success instance, as it is
completely positive, and −1 if it is a failure instance, as it is
completely negative. This is a cognitive model expression of
the mood congruence effect (Bower, 1981) as the influence
of emotional valence on recall. By labeling a memorized in-
stance as positive (success), or negative (failure), the distance
from the current emotional valence can be measured. Such
coding makes recalling similar emotional experiences easier.

Arousal also affects Bi in equation 1. The offset value of Bi
parameter is changed by arousal from 0.5 to 1.5. This makes
it easier for recall to succeed when arousal is high, and easier
for it to fail when arousal is low.

Emotion fluctuation In the emotion fluctuation model, the
two parameters are updated based on the idea of prediction
error: event matching predictions moves pleasantness, while
moving it away evokes unpleasantness. Emotional dynamics
differ by decision strategy:

• Heuristic actions rarely change emotion, because they al-
most always succeed and the gap between prediction and
outcome is minimal.

• Random actions likewise cause small fluctuations; both
prediction and outcome are imprecise, so the error remains
ambiguous.

• Instance-based actions trigger large swings: success
sharply reduces the error, producing strong pleasantness,
whereas failure enlarges it, producing strong unpleasant-
ness.

148

Proceedings of the 23rd International Conference on Cognitive Modelling (ICCM 2025)



Table 1: Act and Emotional Changes

Evaluation Recall Valence Arousal
Success Yes Increase large Increase large
Success No Increase small Decrease small
Failure Yes Decrease large Increase large
Failure No Decrease small Decrease small

Arousal also follows a similar rule: it spikes after an
instance-based prediction (large outcome change) and decays
slowly during periods without such events. The specific in-
crements and decrements applied to each parameter are sum-
marized in Table 1.

Specifically, the following equation was used to update
emotional valence (V ) in equation 2.

Vt+1 =Vt +α(r−Vt) (3)

r is set to 1 on success and -1 on failure. If the instance is
used in each case, α is set to 0.2, otherwise α is set to 0.02.
For arousal calculation, if instances are used, set r to 1 and α

to 0.2. If no instances are used, the arousal level is calculated
by setting r to −1 and α to 0.01.

Simulation
Aims and Settings
To observe how the emotions described in the previous sec-
tion affect the process of instance-based intention estimation,
we conduct a simulation involving two models. To examine
the influence of emotions depending on the situation, we ma-
nipulate the model’s heuristic (expertise) and the difficulty of
the task as follows:
• Difficulty: Preliminary simulations using models that elim-

inate the influence of emotions have confirmed that the
average game score can vary significantly depending on
the starting deck arrangement. We ran 100 simulations us-
ing 10 randomly created initial deck arrangements, and the
deck with the highest average score achieved a score of
16.0 points, while the deck with the lowest average score
achieved a score of 11.3 points. The deck arrangement
that achieved the highest average score was designated the
“easy,” and the deck arrangement that achieved the lowest
average score was designated the “hard condition.” The
same initial arrangement was used for each trial for each
difficulty level.

• Expertise: The decision heuristics are not given as the rules
of Hanabi. Therefore, it seems to be acquired through re-
peated instance-based decision-making trials. Based on
this idea, we set up novice and expert conditions by ma-
nipulating the heuristics. The novice condition does not
take actions based on the partner’s intentions, but only uses
heuristics derived from the rules of the game. Specifi-
cally, it only uses “1. Play a confirmed card”, “2. Hint
for playable cards”, and “4. Discard a confirmed card”. In
contrast, the expert condition makes decisions using all the
heuristics 1 to 6.

Figure 2: Simulation 1:Score of fixed emotion

Simulation 1: Fixed emotions

As a preliminary study to examine the role of emotions in in-
tention estimation, we conducted simulations with fixed emo-
tion parameters. The model that does not include equation 3
shown in the previous section recalls instances according to
emotion parameters that are fixed to initial values.

Procedure In one run, the two models (with the same set-
tings) performed two consecutive trials, with one trial being
from the start to the end of the game. During the consecu-
tive trials, the model memorized and used instances. We set
“negative condition (arousal 0, valence -1),” “neutral condi-
tion (arousal 0, valence 0),” and “positive condition (arousal
0, valence 1),” and repeated 100 runs for each difficulty and
expertise condition.

We assumed that different emotional states affect the rec-
ollection of experience used for intention estimation. In the
negative condition, activations with failure instances are high,
so failure instances are easily recalled, and it is difficult to
make decisions about actions using experience. In the posi-
tive condition, the activations with success instances are high
and they are easily recalled, so more decisions about actions
are made using experience. In the neutral condition, there
are no differences of activations between failure and success
instances, so the frequency of use of experience is interme-
diate. Thus, the frequency of decisions about actions based
on instances changes depending on the emotional condition.
Based on such assumptions, this simulation aimed to explore
emotional parameters suitable for cooperation in this task.

Results The results are shown in Figure 2. The vertical axis
of each graph shows the average score of 100 runs and its
standard error.
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The influence of emotion on the score was significantly
different between the novice and expert conditions. In the
novice conditions, the highest score was obtained in the neg-
ative condition, and the lowest score in the positive condition.
In addition, no variation in the scores between the trials was
observed in the negative condition, but was observed in the
neutral and positive conditions. In the novice-hard-positive
condition, the score decreased due to learning (accumula-
tion of instances), while in the novice-hard-neutral, novice-
easy-neutral, and novice-easy-positive conditions, the score
increased. On the other hand, in the expert condition, there
was almost no difference between the trials or the influence
of emotion. Among them, the positive and neutral conditions
in the expert-hard condition showed a decrease in the scores
due to learning, similar to the novice-hard-positive condition.

The reason why no learning effect was observed in the ex-
pert condition is thought to be because the behavior of the
expert is largely fixed by heuristics. It is thought that the
decisions of the expert are optimized for successful coopera-
tion, and there is no room left for improving cooperation by
utilizing experience. Therefore, in the hard conditions, where
it is difficult to apply heuristics and where opportunities for
instance-based decision-making increase, it is believed that
a decrease in the scores due to learning was observed in all
conditions other than the negative condition, which reduces
the activation value of successful instances.

The decrease in performance shown in the above-
mentioned expert-hard conditions was also observed in the
novice-hard-positive condition. The negative effect of using
instances in the hard conditions can be explained from the
perspective of risk-accepting behavior. The positive condi-
tion reduces the penalty for partial matches in recalling suc-
cessful instances, and actions are taken based on instances,
even if there is a slight difference from the remembered in-
stances. In the hard conditions, where the success rate of ac-
tions is low to begin with, risk-accepting behavior is thought
to lead to a decrease in the scores. On the other hand, it is
thought that the easy condition was an environment in which
risk-accepting behavior was more likely to be successful than
the hard conditions.

Simulation 2: Fluctuating emotion

We examined whether the negative effects of emotions ob-
served in Simulation 1 could be improved by incorporating
a mechanism for emotion fluctuation. By including equation
3 in the model, emotion parameters fluctuate depending on
whether an action is successful or not. We confirmed whether
recall using the fluctuating emotions would result in recall
adapted to the situation.

Procedure As in Simulation 1, in one run, the two mod-
els with the same settings performed two consecutive tri-
als, where the model accumulated and used instances. With
arousal 0 and valence 0 as initial values, an “emotion change
condition” was set in which the emotion parameters change
according to equation 3, and 100 runs were repeated for each

Figure 3: Simulation 2:Score of Fluctuating emotion

difficulty and expertise condition.
The recall of experiences used for intention estimation

changes as emotions change. Since the activations of the
success and failure instances changes according to the va-
lence values, behaviors that utilize experiences decrease with
a decrease in the valence, and increase with an increase in
the valence. Contrary, the arousal value affects the probabil-
ity of recalling instances regardless of the outcome. When
the arousal is low, instances tends not to be recalled. There-
fore, a decrease in the arousal leads to a decrease in instance-
based decision, where as an increase in the arousal leads to an
increase-based decision. As observed in Simulation 1, there
is an appropriate valence according to the environment de-
pending on the risk perspective, so it is thought that the score
increases by adjusting the valence.

Results We compared the results of the emotion fluctuation
condition and the neutral condition in Simulation 1. Figure 3
shows the change in the scores by the condition.

In the novice condition, the emotional fluctuation condition
outperformed the neutral condition in both the hard and easy
conditions. The effect of learning was observed as an increase
in the scores, as in the neutral condition. On the other hand, in
the expert model, no significant difference in the scores was
observed between the two conditions. It is noteworthy that
the decrease in the scores in the neutral condition, which was
observed in the expert and hard conditions, was suppressed.

The fact that the score in the emotional fluctuation con-
dition in the novice model exceeded that of the neutral con-
dition indicates that the adjustment of emotional parameters
according to the situation worked effectively. This effect of
emotion regulation was also observed in the expert condition
in the form of suppression of the negative effects of using
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Figure 4: Ending a game due to failure to play card

experience.

Risk taking in the two simulations
To confirm whether the decrease of the score was caused by
a risk taking, we classified the ending of the trials. Especially
we focus on the ending caused by gaining three red tokens as
risk taking behavior. Figure 4 shows the occurrence rate of
ending the game due to gaining three rad tokens in the two
simulations.

Regardless of expertise or difficulty, no ending due to three
red tokes occurred in the negative and emotional fluctuation
conditions. Furthermore, there were almost no gaining three
red tokens in pre-learning (trial 1), and more occurred in post-
learning (trial 2). When focusing on trial 2, the hard, novice,
and positive conditions tended to gain more red tokens than
the expert-negative-easy condition.

The difference between emotions in tendencies to gain red
tokens is consistent with considerations from the perspective
of risk management. The positive model is risk-accepting,
which results in more gaining red tokens. This failure due to
risk acceptance was even more noticeable in the hard condi-
tions, where the success rate of the action was lower. Under
the hard conditions, gaining red tokens was observed even in
the expert condition. It is considered that under the hard con-
ditions, there are many situations where any heuristics cannot
be applied. In such situations, although the probability of suc-
cess is low, risk-tolerant models played a card and resulted in
gaining the red tokens.

Summary and Future Works
In this study, we assumed that emotions affect risk tendency
in intention estimation, which affects the outcome of coop-
erative behavior, and constructed a Hanabi model that uses
emotions for recall. A model corresponding to a novice with
few available heuristics changed cooperative behavior by us-
ing emotions for recall, leading to successful cooperation
when the emotional state matched the environment and fail-
ure when the emotional state was not suitable for the envi-
ronment. On the other hand, a model corresponding to an
expert with a lot of knowledge had relatively small effects

of emotions because recall did not occur often, and the ef-
fects of emotions were no longer useful. It was also observed
that the emotional state was adjusted to an appropriate state
by incorporating emotional fluctuations into the model. The
novice models with fluctuating emotions were more likely to
succeed in collaboration by adopting appropriate emotions.
In the expert models, the effect of fluctuating emotions was
seen in the form of reduced failures.

The above results indicate that the function of emotions in
decision-making changes depending on the situation, such as
the difficulty of the task and the level of expertise. The ad-
justment of emotional states according to the difficulty of the
task has long been studied from the perspectives of optimal
arousal level theory (Yerkes & Dodson, 1908). In this study,
we focused on emotional valence rather than arousal level,
and suggested that there is an optimal emotional valence ac-
cording to the difficulty of the task. In addition, the change
in the influence of emotions due to task expertise is consis-
tent with recent research on emotions in the field of cognitive
modeling. Conway-Smith and West (2024) proposes a model
in which the emotions associated with a similar experience
are compiled into procedural memory as similar experiences
are repeated, reducing the influence of emotions on cognitive
tasks.

The model of this study confirmed that emotions reduce
failure in cooperative behavior by adapting risk tendencies
to the environment (hard/easy). Although the suggestion that
emotions assist intention estimation was obtained, a direct re-
lationship between emotions and intention estimation could
not be confirmed. Although risk judgment was made by ad-
justing emotions, it was unclear whether the success of in-
tention estimation was due to socialization. An example of
socialization through emotions is the creation of an atmo-
sphere due to a common emotional state. In the simulation
of this study, the two models had the same emotional param-
eters and the same fluctuation structure. In order to examine
the effect of a common emotional state on socialization and
intention estimation, it is necessary to simulate whether co-
operative behavior is successful when emotions are different.

Furthermore, in the future, it is necessary to develop the
results obtained in this study and consider a more complete
model of emotions and the success of intention estimation.
To do this, it is necessary to consider not only the conditions
between models, but also the learning process that leads to the
acquisition of heuristics that were not included in the model
of this study. In addition, in order to acquire production rules
that are effective for the success of such intention estimation
through experience accumulation, it will be necessary to in-
corporate learning from failure instances.
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Abstract

Recent cognitive modeling studies have attempted to estimate
individual parameters from human behavioral data. Such ef-
forts are valuable for predicting performance on tasks and
for understanding individual internal mechanisms. However,
previous studies have primarily focused on estimating stable
cognitive parameters such as processing speed and memory
decay. In contrast, this study focuses on emotional param-
eters with large inter- and intra-individual variability. This
study estimated parameters predicting performance in a sim-
ple memory task to investigate such variability. Our analy-
sis of inter-individual variability revealed correlations between
participants’ state anxiety and both the “mismatch penalty in
retrieval” and the “activation threshold required for retrieval.”
For intra-individual variability, results suggested a nonlinear
relationship between fluctuations in emotional valence within
the task and the mismatch penalty in retrieval. By refining
these findings, we aim to concretize the parameters related to
emotions within cognitive architectures.

Keywords: ACT-R; Emotion

Introduction
In cognitive science, computational models approximating
human cognition have long been a central subject. A re-
cent advancement involves estimating model parameters from
individual human data (Kangasrääsiö, Jokinen, Oulasvirta,
Howes, & Kaski, 2019). Models tailored to individuals can
predict performance on arbitrary cognitive tasks. Further-
more, such a model leads to an understanding of individu-
als’ specific behaviors as structured objective parameter sets.
We believe that such an endeavor ultimately connects to long-
term planning towards the improvement of various cognitive
functions.

However, previous studies have mainly targeted parameters
directly related to cognitive task performance, such as pro-
cessing speed (i.e., thinking speed) and memory decay (Daily,
Lovett, & Reder, 2001; Sense, Meijer, & van Rijn, 2018;
Yang, Sibert, & Stocco, 2024). In contrast, parameters re-
lated to emotions, which significantly impact cognition, have
not been explored sufficiently. Emotion, or affect1, fluctuates
both between individuals and within individuals. Clarifying
the relationship between emotion and cognition within cogni-
tive models is expected not only to deepen our understanding
of human internal mechanisms but also to provide insight into
emotional regulation, leading to the improvement of daily

1In this study, these terms are used interchangeably.

communication and the clarification of emotion-related be-
haviors.

This study reports an online experiment that uses a sim-
ple memory task accompanied by emotion-arousing stimuli.
Through this experiment, we collect instances of memory er-
rors in various affective states from individuals with diverse
emotional traits. Using these data, we examine cognitive
model parameters involved in both inter- and intra-individual
variations in emotion. Regarding inter-individual variation,
we investigate how cognitive model parameters estimated for
each individual correspond to their attributes and subjective
emotional states. For intra-individual variation, we analyze
the correspondence between cognitive parameters and data
segmented by emotion ratings obtained during the experi-
ment.

Related Studies
In order to clarify the position of this research, we briefly in-
troduce the cognitive modeling and emotional modeling ap-
proaches that this research relies on.

Cognitive Model and Cognitive Architecture
General cognitive architectures are useful in defining a pa-
rameter set that fits an individual. Among various architec-
tures, ACT-R (Adaptive Control of Thought-Rational; An-
derson, 2007) is widely recognized as a representative frame-
work and has been extensively used in modeling diverse cog-
nitive processes such as memory, attention, and decision-
making.

Cognitive architectures provide standardized functions and
parameter sets for simulating human cognitive processes. By
adjusting these parameters according to specific tasks and in-
dividuals, predictions of concrete behaviors can be derived
(Ueda et al., 2022; Stocco et al., 2024). However, a stan-
dardized methodology for parameter estimation has yet to be
established.

In contrast, Shimbori et al. (2024) employed a grid search
approach to estimate individual parameters by maximizing
data fitting within a discretized parameter space. Notably,
they pre-adjusted the range of parameters used in the grid
search as its meta-parameters to maximize the overall fit
to the experimental data. The exploration of these meta-
parameters utilizes an algorithm belonging to the gradient
descent. Their approach aims to estimate model parameters
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for each individual efficiently and with high precision. It is
particularly effective in constructing models with large-scale
data and high-dimensional parameter spaces.

Cognitive Model and Emotion
The interaction between cognition and emotion has been
studied across various fields for a long time. Well-known
theories in this area include the somatic marker hypothe-
sis (Damasio, 1994) and the mood congruent effect (Bower,
1981). The former indicates a strong connection between
emotion and decision-making, while the latter explains that
positive memories are evoked in a positive mood and neg-
ative memories are evoked in a negative mood. As shown
in these theories, cognition and emotion interact in complex
ways and manifest in various behaviors. To understand this
process, cognitive models have been employed in many re-
search topics in this field.

Recently, discussions have emerged about incorporating an
emotion module into the concept of a common model of cog-
nition (Laird, Lebiere, & Rosenbloom, 2017), leading to ad-
vancements in research aiming to integrate emotion and cog-
nition (Juvina, Larue, & Hough, 2018; Rosenbloom et al.,
2024). In these studies, approaches have been taken to expand
existing cognitive architectures, such as ACT-R, by adding
new modules to represent emotion.

In contrast to the above approaches, the current study aims
to examine the correspondence between existing parameters
of ACT-R and emotion, with the goal of clarifying which
emotions can be represented within the current ACT-R frame-
work and identifying the parameters required for future ex-
pansions of the architecture. This approach aligns with the
past idea of viewing emotion as a cognitive modulator to
adapt to the situation (Ritter, 2009).

Experiment
This study uses a simple memory task to estimate cognitive
parameters related to emotion. Memory is a cognitive func-
tion utilized across a wide range of cognitive tasks. More-
over, memory is closely related to emotion, and as discussed
earlier, various investigations into their interaction have been
conducted.

It is reasonable to assume that emotion / affect influences
on memory errors, which are believed to be mainly caused by
several biases, and include two main types as commission er-
rors, where incorrect memories are recalled, and omission er-
rors, where required memories cannot be recalled (Schacter,
1999). This study employs a model simulating these errors
to fit human memory tasks. Specifically, a simple digits re-
call task was employed because of its ease of modeling and
difficulty adjustment. In this task, participants are presented
with a randomly generated number sequence within a spec-
ified time frame. Once the presentation of the sequence is
completed, participants are required to report the sequence
within a designated time.

In a preliminary experiment using this task, the variability
of participants’ emotional states was found to be small. To

Fixation (1000 ~ 3000ms)

IAPS picture (1000ms)

Number sequence (2000ms)

Sequence recall (~20000ms)

+

982254165

Recall Time

Evaluation of arousal and valence (~20000ms)

Figure 1: Digits recall task

investigate the influence of emotion in more detail, the cur-
rent study introduces manipulations designed to increase the
emotional variability between individuals. This experiment
was conducted with approval from the ethics committee of
Shizuoka University.

Participants
We recruited 100 participants through a crowdsourcing site
(Lancers.jp) and paid them 400 yen as compensation.

Materials
In the digits recall task, participants were presented with a
number sequence on the monitor for 2 seconds, then entered
the memorized sequence into a text box on the monitor us-
ing a keyboard within a 20-second response time. Once the
response for one trial was completed, participants could im-
mediately move to the next trial by pressing the enter key or
the “End Input” button on the monitor. To manipulate the
participants’ emotional state, emotion-arousing stimuli were
introduced before the sequence presentation. Additionally,
to measure changes in emotional state during the task, sub-
jective ratings of arousal and emotional valence were col-
lected after each trial using the Affective Slider (Betella &
Verschure, 2016). The flow of a single trial is illustrated in
Figure 1.

The International Affective Picture System (IAPS; Lang,
Bradley & Cuthbert, 2008) was used to induce emotional
fluctuations. This dataset, designed and developed by the Na-
tional Institute of Mental Health (NIMH) in the United States,
is a standard dataset for studies on emotion and attention
and contains approximately 1,000 color photographs. In this
experiment, participants were randomly shown 20 positive
and high-arousal images (Mvalence = 7.57, SDvalence = 1.63,
Marousal = 6.66, SDarousal = 2.17) and 20 negative and high-
arousal images (Mvalence = 1.62, SDvalence = 1.18, Marousal =
6.96, SDarousal = 2.18).

To obtain participants’ personal attributes and emotional
states during the task, we conducted pre- and post-task ques-
tionnaires. For the pre-task questionnaire, we measured the
Japanese versions of the Positive and Negative Affect Sched-
ule (PANAS; Watson, Clark & Tellegen, 1988; Sato & Ya-
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suda, 2001; Kawahito, Otsuka, Kaida, & Nakata, 2011) and
the state anxiety scale of the State-Trait Anxiety Inventory
(STAI; Spielberger, Gorsuch, & Lushene, 1970; Nakazato &
Mizuguchi, 1982). The post-task questionnaire included the
same measures as the pre-task questionnaire, with the addi-
tion of the trait anxiety items from STAI. Furthermore, we
collected personal attributes such as age, gender, and highest
level of education, as well as subjective ratings of physical
condition (1 = bad to 5 = good) and self-assessed memory
ability (1 = very bad to 6 = very good). To exclude inat-
tentive participants, dummy questions were embedded in the
PANAS and STAI scales. Participants were instructed to se-
lect specific responses for the dummy items “Tired” and “Not
Enjoying”.

Procedure
Participants accessed the dedicated site via the link provided
in the crowdsourcing site. They first reviewed a consent form
for the emotion-arousing stimuli and confirmed their partic-
ipation. After agreeing, they proceeded to an explanation of
the experiment flow, entered a user ID, and completed the pre-
task survey. Next, they worked on the 40 trials of the digits
recall task, followed by the post-task survey. Finally, partici-
pants entered the displayed ID into the text box at the bottom
of the crowdsourcing task page to finish the experiment.

Analysis 1: Inter-Individual Variation
Using the data obtained in the above experiment, we made
two analyses, corresponding to the inter and intra-individual
variability of emotion. In Analysis 1, parameters for each
individual were estimated, and then the correlations between
these and the participants’ emotional ratings were examined.
The following outlines the models used and the method of
estimating parameters from the data.

Model
We used the grouped model from Tutorial Unit 5 (Bothell,
2022) in ACT-R version 7.27.9. This model divides a se-
quence of numbers into groups and stores each number based
on its position within the group and the position of the group
itself. Specifically, a sequence such as “123456789” is di-
vided into groups like (123) (456) (789), where “1” is re-
membered as “the first digit in the first group.” This memory
structure derives from one in a past serial position memory
model (Anderson, Bothell, Lebiere, & Matessa, 1998).

When recalling digits from memory, the model moves its
attention focus from left to right within a group or between
multiple groups. Initially, the “first digit of the first group”
is retrieved, followed by the retrieval of other digits in order,
attempting to recall the entire sequence.

When recalling numbers at each position in the sequence,
the activation value of all digits in memory is computed, and
the digit with the highest activation value is selected. In ACT-
R, the activation value Ai of digit i is calculated as follows:

Ai = ∑
l

PMli + ε (1)

where l distinguishes the retrieval requests, which include
“group position” and “position within the group.” Mli rep-
resents the similarity between the conditions and the target;
a value of 0.5 for adjacent digits and groups with a weight
P, which corresponds to a global parameter mp (mismatch
penalty). Additionally, incorrect digit recall arises due to a
temporal noise component, ε, corresponding to the global pa-
rameter ans (activation noise s). Thus, the smaller the mp and
the larger the ans, commission error is more likely to happen.

On the other hand, omission errors occur when the acti-
vation values of all memory items fall below a threshold de-
termined by the rt (retrieval threshold) parameter. In other
words, the larger the value of rt, the less likely it is that a
digit will be recalled.

Parameter Fitting
Index This study assesses the fitting between the experi-
mental data and the model output based on Histogram Inter-
section (HI; Swain & Ballard, 1991) of edit distance2 between
the recalled and the presented number sequences. Since the
frequencies were different between the experimental data and
the model output, they were normalized so that the sum of the
frequencies was 1 for the comparison.

Fitting process To reproduce the commission and omission
errors in the responses, the mp and rt that best fit the individ-
ual experimental data are searched. Since there are countless
appropriate ranges and combinations of parameters, we first
roughly specify the range of parameters (meta parameters of
grid search), and then search within that range as follows:

1. Determine the initial median and range of mp and rt.

2. Generates candidates with shifted medians and ranges for
each parameter. The shifted median is the current value
plus +0.5, +0, or −0.5, and the shifted range is the current
value multiplied by ∗1.2, ∗1.0, or ∗0.8.

3. For each median and range combination (34), discretize the
parameter values into 10 steps.

4. For each combination of mp and rt, the model is executed
100 times using 100 different parameter sets (10 steps of
mp × 10 steps of rt) and construct a histogram of edit dis-
tances. In addition, a similar histogram was constructed
for each participant’s responses. For each participant’s his-
togram, we identify the histogram of the model that best
matches and compute the sum for all participants for that
HI.

5. Execute the above 4 for 34 combinations of the currently
set median values and ranges of rt and mp. Compare the
sum of the largest HIs in that combination to the largest HI
in the past median and range settings. If a value exceeding
the sum of past HIs is obtained from the combination of

2python-Levenshtein package was used
(https://pypi.org/project/python-Levenshtein/).
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Table 1: Attributes and base performance of the task.

Mean Median SD Min Max
Age 45.42 45.50 10.26 19.00 70.00
Physical Condition 3.65 4.00 1.01 1.00 5.00
Academic Background 3.60 4.00 0.85 2.00 6.00
Memory Ability 2.57 2.00 0.90 1.00 4.00
Positive (Pre) 30.50 32.00 9.27 10.00 50.00
Positive (Post) 25.38 24.50 9.99 10.00 50.00
Positive (Post - Pre) -5.13 -5.00 7.65 -25.00 15.00
Negative (Pre) 17.64 15.50 7.21 10.00 46.00
Negative (Post) 33.75 35.00 10.71 10.00 51.00
Negative (Post - Pre) 16.11 16.00 9.56 -6.00 40.00
State Anxiety (Pre) 44.94 45.00 9.47 25.00 67.00
State Anxiety (Post) 58.32 58.00 8.88 36.00 76.00
State Anxiety (Post - Pre) 13.38 12.00 9.98 -7.00 37.00
Trait Anxiety 48.93 46.50 12.57 23.00 75.00
Arousal 0.64 0.63 0.11 0.41 0.99
Valence 0.40 0.41 0.09 0.18 0.60
Edit Distance 2.19 2.23 0.90 0.05 4.35
Missing Digits 0.54 0.13 0.88 -0.23 3.55

the current median and range, those at that point are used
as the value of the range for the next step.

6. Repeat the above until the maximum value of the sum of
HI is no longer updated.

The above procedure identifies the parameter range that
maximizes the fitting for the entire experimental data. Among
them, the parameter with the highest HI for each individual is
selected as the individual’s parameter. However, if the agree-
ment of the individual parameters obtained in the first stage
(meta parameter search) is higher than those obtained in the
second stage (grid search), the individual’s parameters de-
rived from the first stage are adopted.

Result
Data from 28 participants who failed the dummy questions
were excluded, leaving a final sample of 72 participants (52
males, 20 females, Mage = 45.42, SDage = 10.26). Table 1
presents an overview of the questionnaire results and task per-
formance obtained from the participants.

Following the aforementioned procedure, individual ACT-
R parameters were estimated by setting the initial values of
the median and range for each parameter to 1.0. The model
parameters corresponding to the highest HI across five esti-
mation attempts were determined as individual parameters,
and correlations between the obtained parameters and indi-
vidual attributes or emotional scores were analyzed. Table 2
shows the fitting results, while Table 3 presents the correla-
tion analysis results.

A significant correlation was observed between the pre-
task state anxiety score and the model parameters mp and rt
(n = 72, p < .05). Additionally, a significant positive cor-
relation was found between the difference in positive affect
scores before and after the task and the model parameter mp
(n = 72, p < .05).

Table 2: Fitting result of experiment

HI (%) mp median mp range rt median rt range Updates
Trial 1 53.41 1.50 0.96 -1.00 1.15 4
Trial 2 67.47 1.00 0.13 -0.50 0.12 14
Trial 3 67.06 1.00 0.17 -0.50 0.19 11
Trial 4 67.39 1.00 0.13 -0.50 0.19 13
Trial 5 67.04 1.00 0.19 -0.5 0.16 12
Mean 64.47 1.10 0.32 -0.60 0.36 10.8
Median 67.05 1.00 0.18 -0.5 0.19 11.5
Max 67.47 1.50 0.96 -0.50 1.15 14
Min 53.41 1.00 0.13 -1.00 0.12 4

Table 3: Correlation analysis

HI mp rt
Age 0.076 0.085 -0.159
Gender 0.069 0.047 -0.118
Academic Background -0.035 -0.059 0.091
Physical Condition -0.039 0.072 -0.111
Memory Ability 0.080 0.007 -0.030
Positive (Pre) -0.006 -0.218 0.213
Positive (Post) -0.049 -0.020 0.075
Positive (Post - Pre) -0.057 0.237* -0.161
Negative (Pre) -0.158 0.133 -0.136
Negative (Post) 0.075 0.082 -0.126
Negative (Post - Pre) 0.203 -0.009 -0.039
State Anxiety (Pre) 0.065 0.305** -0.287*
State Anxiety (Post) 0.134 0.076 -0.103
State Anxiety (Post - Pre) 0.058 -0.222 0.181
Trait Anxiety 0.196 0.230 -0.061
Arousal -0.013 -0.079 0.097
Valence -0.007 0.053 -0.065
Edit Distance -0.616* -0.511*** 0.233*
Missing Digits -0.331* -0.044 0.078

∗p < .05,∗∗ p < .01,∗∗∗p < .001

Discussion

The results indicated a tendency for higher state anxiety to
be associated with higher mp and lower rt. This suggests
that individuals with higher state anxiety exhibit a tendency
to suppress both commission and omission errors. Alterna-
tively, as shown in Table 1, negative affect scores and state
anxiety increased before and after the task. This implies that
the presentation of images may have induced anxiety, leading
participants to respond more cautiously.

Participants who exhibited a greater decrease in positive
affect scores also tended to have lower mp. Focusing on the
change in positive affect scores in Table 1, the average de-
crease among participants was 5.13 points, suggesting that
the image presentation under the current experimental condi-
tions led to a decline in positive emotions. This result implies
that participants who exhibited a stronger tendency to com-
mit commission errors also experienced a greater reduction
in positive emotions. Conversely, it could also be interpreted
that the decrease in positive emotions enhanced the tendency
to produce commission errors.

Additionally, significant correlations were observed be-
tween the mean edit distance and each parameter, indicating
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Figure 2: Relationship between edit distance and parameters

higher mp and lower rt minimize errors. However, when we
look at scatter plots for these correlations (Figure 2), more
complex figures are observed; the edit distance was lowest
around rt =−1, increasing when rt was either extremely high
or low. This result suggests the presence of a nonlinear rela-
tionship that cannot be explained by a simple correlation, and
further detailed analysis is required.

Analysis 2: Intra-Individual Variation
Contrary to analysis 1, where the relationship between in-
dividual emotional traits and cognitive parameters was ex-
amined, Analysis 2 explores cognitive parameters associated
with emotional fluctuations during the task.

Parameter Fitting
In the task, subjective ratings of arousal and emotional va-
lence were recorded on a scale from 0 to 1, and the trials
were grouped into ten bins based on these ratings. For each
bin, the mp and rt parameters were estimated using the same
fitting procedure as in Analysis 1, treating each bin as an indi-
vidual participant. After five iterations of the fitting process,
the parameters that yielded the highest HI were selected for
each bin.

Result
Tables 4 and 5 present the goodness-of-fit (HI) and estimated
parameter values (mp, rt) for each bin of arousal and valence.
Additionally, the tables include the number of data points in
each bin and task performance metrics. These values indicate
that the estimation for both arousal and valence achieved a

Table 4: Fitting results grouped by arousal

Arousal HI (%) mp rt valence edit distance missing digits n
0.00 - 0.09 82.15 1.22 -0.47 0.86 2.18 0.74 66
0.10 - 0.19 84.75 1.42 -1.17 0.67 2.16 0.65 80
0.20 - 0.29 87.10 1.63 -1.36 0.67 2.17 0.36 126
0.30 - 0.39 84.11 1.22 -0.47 0.58 2.10 0.46 202
0.40 - 0.49 83.46 1.63 -1.36 0.50 2.05 0.39 183
0.50 - 0.59 83.12 1.70 -1.32 0.39 2.29 0.67 410
0.60 - 0.69 84.72 1.22 -0.47 0.40 2.16 0.50 526
0.70 - 0.79 82.62 1.22 -0.47 0.37 2.23 0.63 494
0.80 - 0.89 82.05 1.22 -0.47 0.27 2.21 0.68 349
0.90 - 1.00 82.78 1.41 -0.97 0.20 2.14 0.39 431

Table 5: Fitting results grouped by emotional valence

Valence HI (%) mp rt arousal edit distance missing digits n
0.00 - 0.09 86.69 1.55 -1.34 0.82 2.32 0.63 714
0.10 - 0.19 83.03 1.84 -1.45 0.70 2.29 0.46 289
0.20 - 0.29 84.22 1.78 -0.40 0.68 2.19 0.76 259
0.30 - 0.39 83.44 1.78 -0.40 0.62 2.00 0.47 259
0.40 - 0.49 85.77 2.19 -1.12 0.56 2.38 0.57 183
0.50 - 0.59 87.99 1.85 -1.44 0.55 2.14 0.50 239
0.60 - 0.69 82.41 1.84 -1.45 0.53 2.03 0.49 317
0.70 - 0.79 82.42 1.55 -1.34 0.53 2.16 0.58 240
0.80 - 0.89 82.80 1.42 -1.22 0.52 2.05 0.47 186
0.90 - 1.00 86.36 1.55 -1.34 0.54 2.03 0.30 181

higher HI compared to Table 23. However, it is not straight-
forward to find relationships between bin values and specific
performance metrics.

Figure 3 illustrates the relationship between the rated af-
fects and the estimated parameters. For arousal, no clear sys-
tematic relationship with mp or rt was observed. However,
the valence graph appears to exhibit an inverted U-shaped pat-
tern for both mp and rt, albeit with different peak positions.
This suggests a nonlinear relationship between emotion and
cognitive parameters, wherein mp and rt are highest when va-
lence is neutral, and both parameters decrease when valence
is either extremely high or low.

Discussion
In Analysis 2, parameters of the cognitive model were es-
timated based on data segmentation using affective ratings
without considering individual differences. The results in-
dicate that while the data-to-model fitting was not low, no
easily interpretable relationship was found between affective
ratings and the estimated parameters. This result suggests
that the influence of long-term emotional variations (individ-
ual traits) on cognitive parameters may be greater than that of
temporary emotional fluctuations.

Although issues remain regarding the reliability of the re-
sults, the inverted U-shaped relationship between affective
values and cognitive parameters is observed in Figure 3. This
result aligns with findings frequently reported in emotion-

3However, the HI values in Table 2 are computed from the sum of
the meta-parameter search results rather than directly obtained from
the grid search.
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Figure 3: Distribution of mp and rt by arousal and valence

related research (Yerkes & Dodson, 1908; Csikszentmihalyi,
1990), suggesting that when emotional valence is in extreme
states, memory-related parameters shift toward values that al-
low for more errors, increasing the likelihood of both com-
mission and omission errors. Further robust analyses will be
necessary to verify this interpretation in future research.

Conclusion
This study explored the possibility of estimating emotions as
parameters in ACT-R using behavioral data, focusing on both
inter-individual and intra-individual variations. We estimated
individual cognitive parameters through a two-step process:
first, dynamically narrowing the search range based on overall
response data, and then performing a grid search within this
range to identify the best-fitting parameters. During the nar-
rowing, parameters yielding improved model fit were selected
as the individual’s estimates. Using these parameters, we
examined their relationships with affective rating scales and
anxiety measures. As a result, correlations were found be-
tween subjective ratings related to emotions and anxiety and
parameters associated with omission and commission mem-
ory errors. Furthermore, when the data were segmented by
arousal levels and emotional valence, differences in param-
eter values were observed between neutral and non-neutral
affective states. These findings suggest that emotions can
be represented using existing ACT-R parameters while also
highlighting the necessity of modeling intra-individual emo-
tional fluctuations.

However, to lead a robust result of estimation, we need to
improve fitting between the model and participants. The low
absolute values of the correlations in Table 3 suggest that ex-

isting parameters alone may not sufficiently capture the di-
verse aspects of individuals. Given these results, future study
may require new model parameters, or expanding the model
itself as suggested by Rosenbloom et al. (2024).

By addressing these technical challenges step by step and
clarifying cognitive parameters specific to individuals and
emotions, our approach is expected to contribute to various
practical applications in individual behavior simulation. The
estimated parameters, such as mp and rt, are generalizable
and can be applied to other tasks. Consequently, utilizing
individual specific parameters may enable predictions of par-
ticipants’ behavior in tasks beyond the current study. In par-
ticular, support systems that incorporate models capable of
externalizing internal states could be beneficial for individ-
uals experiencing psychological stress or anxiety (LeDoux,
1998).
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Kangasrääsiö, A., Jokinen, J. P. P., Oulasvirta, A., Howes, A.,
& Kaski, S. (2019). Parameter inference for computational
cognitive models with approximate bayesian computation.
Cognitive Science, 43(6), e12738.

Kawahito, J., Otsuka, Y., Kaida, K., & Nakata, A. (2011).
Reliability and validity of the japanese version of 20-item
positive and negative affect schedule. Hiroshima Psycho-
logical Research, 11, 225–240.

Laird, J. E., Lebiere, C., & Rosenbloom, P. S. (2017). A stan-
dard model of the mind: Toward a common computational
framework across artificial intelligence, cognitive science,
neuroscience, and robotics. AI Magazine, 38(4), 13–26.

Lang, P., Bradley, M., & Cuthbert, B. (2008). International
affective picture system (IAPS): Affective ratings of pic-
tures and instruction manual (Technical Report No. A-8).
Gainesville, FL: University of Florida.

LeDoux, J. E. (1998). The emotional brain: The mysterious
underpinnings of emotional life. Simon and Schuster.

Nakazato, K., & Mizuguchi, T. (1982). Development and
validation of japanese version of state-trait anxiety inven-
tory : A study with female subjects. Japanese Journal of
Psychosomatic Medicine, 22(2), 107-112.

Ritter, F. E. (2009). Two cognitive modeling frontiers. Infor-
mation and Media Technologies, 4(1), 76-84.

Rosenbloom, P., Laird, J., Lebiere, C., Stocco, A., Granger,
R., & Huyck, C. (2024). A proposal for extending the
common model of cognition to emotion. In Proceedings of
the 22th international conference on cognitive modeling.

Sato, A., & Yasuda, A. (2001). Development of the japanese
version of positive and negative affect schedule (panas)
scales. The Japanese Journal of Personality, 9(2), 138-
139.

Schacter, D. L. (1999). The seven sins of memory: Insights
from psychology and cognitive neuroscience. American
Psychologist, 54(3), 182–203.

Sense, F., Meijer, R. R., & van Rijn, H. (2018). Exploration
of the rate of forgetting as a domain-specific individual dif-
ferences measure. Frontiers in Education, 3.

Shimbori, K., Nishikawa, J., Nagashima, K., & Morita, J.
(2024). Investigating influential factors and internal inter-
actions through parameter estimation on memory errors.
(Paper presented at Virtual MathPsych/ICCM 2024. Via
mathpsych.org/presentation/1641)

Spielberger, C. D., Gorsuch, R. L., & Lushene, R. E.

(1970). Stai manual for the state-trait anxiety inventory
(”self-evaluation questionnaire”). Consulting Psycholo-
gists Press.

Stocco, A., Mitsopoulos, K., Yang, Y. C., Hake, H. S., Haile,
T., Leonard, B., & Gluck, K. (2024). Fitting, evaluating,
and comparing cognitive architecture models using likeli-
hood: A primer with examples in ACT-R. arXiv preprint
arXiv:2410.18055v1.

Swain, M. J., & Ballard, D. H. (1991). Color indexing. In-
ternational journal of computer vision, 7(1), 11–32.

Ueda, K., Sakamoto, R., Ishii, H., Shimoda, H., Obayashi, F.,
& Morita, J. (2022). Examining the mechanism of concen-
tration on intellectual works by simulation using cognitive
architecture. In Intelligent human systems integration (ihsi
2022): Integrating people and intelligent systems.

Watson, D., Clark, L. A., & Tellegen, A. (1988). Develop-
ment and validation of brief measures of positive and neg-
ative affect: The panas scales. Journal of Personality and
Social Psychology, 54(6), 1063–1070.

Yang, Y., Sibert, C., & Stocco, A. (2024). Reliance on
episodic vs. procedural systems in decision-making de-
pends on individual differences in their relative neural effi-
ciency. Computational Brain & Behavior, 7(3), 420–436.

Yerkes, R. M., & Dodson, J. D. (1908). The relation of
strength of stimulus to rapidity of habit-formation. Journal
of Comparative Neurology and Psychology, 18(5), 459–
482.

159

Proceedings of the 23rd International Conference on Cognitive Modelling (ICCM 2025)



Visions remembered—Using a Vision-Language 
Model to set and recall Image Impressions in the 

Memory of a Cognitive Model
Thomas Sievers (t.sievers@uni-luebeck.de)

Nele Russwinkel (nele.russwinkel@uni-luebeck.de)
Institute of Information Systems University of Lübeck

Lübeck, Germany

Abstract—Large Language Models (LLMs) and Vision-
Language Models (VLMs) have the potential to emulate human
cognitive abilities for robots and thus significantly advance
the evolution and use of cognitive architectures. This opens
up opportunities for using human-like judgment and decision-
making capabilities such as instance-based learning and intuitive
decision making inherent in cognitive architectures with social
robots. Using a combined system of an Adaptive Control of
Thought-Rational (ACT-R) model and a humanoid social robot,
we show how content from the declarative memory of the ACT-
R model can be retrieved per association of real-world data
obtained by the robot via the image recognition capabilities of an
LLM. Such recollections can be fetched and processed according
to the procedural memory of cognitive model productions and
then returned to the robot as instructions, for example to add the
prompt to LLM-driven utterances to keep them more contextual.
In addition, visual impressions captured by the robot can be
stored in the cognitive model.

I. INTRODUCTION

Large Language Models (LLMs) like ChatGPT have ad-
vanced reasoning capabilities, blending intuitive and deliberate
cognitive processes [6]. LLMs help robotic systems improve
their generalization capabilities in dynamic and complex real-
world environments and can significantly increase their be-
havior planning and execution capabilities, enabling robots to
engage with their environment in a human-like manner [12].

Vision-Language Models (VLMs) are multimodal AI sys-
tems created by combining an LLM with a vision encoder that
gives the LLM the ability to “see”. They provide assistance
with complex tasks such as creating captions and answering
visual questions [7]. VLMs are capable of performing a
variety of tasks after learning relationships between images
and language from large data sets, such as answering ques-
tions about images, finding sentences that correspond well
with images, and finding image regions that correspond to
texts. These skills can be used in many ways for robotics,
for example for robot movements, state recognition, object
recognition, affordance recognition, relation recognition, and
anomaly detection [14, 25].

Cognitive architectures refer both to a theory about the
structure of the human mind and to a computer-based imple-

mentation of such a theory. Their formalized models can be
used to react flexibly to actions in a human-like manner and –
when used in a robot – to develop a situational understanding
for adequate reactions. ACT-R (Adaptive Control of Thought
- Rational) is a well-known and successfully used cognitive
architecture [2]. A cognitive architecture can also be used
to add a “human component” to robotic applications [29].
Furthermore, language models are good at fast automatic
reasoning, but less capable of high-level cognition to enable
complex mental operations and “slow thinking” following the
dual process theory of human cognition [13].

Looking at Human-Robot Interaction (HRI), a combina-
tion of robot sensor technology and data processing with a
cognitive architecture offers the possibility of dealing with
information from the robot’s real world in cognitive models.
With their ability to use general concepts inspired by the
human brain and create mental models based on human
cognitive abilities, such architectures can help provide facts
and context, e.g. in the form of memories from a particular
scenario, for an LLM and provide individualized experiences.
Using prompt augmentation, conclusions of a mental model
can be taken into account in utterances of the LLM.

Intuitive decision-making as a subjective, particularly hu-
man type of decision-making, is based on implicit knowledge
that is transmitted to the conscious mind at the time of
the decision through affect or unconscious cognition. Com-
putational models of intuitive decision-making can be ex-
pressed as instance-based learning using the ACT-R cognitive
architecture [26]. In instance-based learning theory (IBLT),
past experiences (i.e. instances) are retrieved using cognitive
mechanisms of a cognitive architecture. IBLT proposes learn-
ing mechanisms related to a decision-making process, such
as instance-based knowledge and recognition-based retrieval.
These learning mechanisms can be implemented in an ACT-R
model [9, 8]. In our opinion, it would be interesting to enable
such behavior for a social robot as well.

We apply the LLM of OpenAI’s Generative Pretrained
Transformer (GPT, commonly known as ChatGPT) in an
application example for a dialog between a human and a robot
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using it for the robot’s utterances [20]. Our application is
primarily intended to demonstrate the technical possibility of
realization. However, the proposed method can also be used
for other scenarios and beyond an HRI context.

Visual impressions of the robot are processed by the LLM
in such a way that the core content of what the robot sees is
expressed in three keywords or key phrases. These keywords
or phrases are passed to an ACT-R model as chunks and
processed there. The cognitive model uses these chunks to
search its declarative memory for existing memory content
that is indexed in the same or a similar form using chunks.
The stored memory content contains a recollection phrase that
reflects the visual impression at the particular time in the form
of a short, complete sentence. If there is a positive corre-
lation between chunks from the LLM and memory chunks,
this recollection or fact phrase is passed to the LLM for
prompt augmentation, which generates a response based on
this knowledge. This process can be seen as an association
of remembered impressions. An a-priori factual knowledge
can be accumulated by creating corresponding chunks in the
declarative memory. This leads us to the following hypothesis:

Hypothesis Utilizing memory chunks from a cognitive
model enables prompt augmentation for an LLM with associ-
ated past visual impressions.

Using ACT-R’s chunk and memory system to store and
process impressions of a certain scenario and enabling an LLM
to incorporate remembered data from such impressions into
utterances, opens a path for a more reliable and evidence-
based application of LLMs. We provide an insight into our
ongoing work and summarize initial findings.

II. RELATED WORK

Robots are able to use Large Multi-modal Models (LMMs)
to comprehend and execute tasks based on natural language
input and environmental cues, and the integration of founda-
tion models such as LLMs and VLMs can effectively improve
robot intelligence [18, 12, 28].

VLMs help to equip robots with the ability to physically-
based task planning and can analyze videos of humans per-
forming tasks to obtain a symbolic task plan for a robot
through textual explanations of the environment and action de-
tails in combination with an LLM-based task planner [11, 27].

Yoshida et al. investigate possibilities for the development
of a “minimal self” with a sense of agency and ownership
in a robot that is able to mimic human movements and emo-
tions by using human knowledge from language models [31].
To do this, they use GPT-4’s motion generation and image
recognition capabilities. VLMs as a basis for metacognitive
thinking can enable robots to understand and improve their
own processes, avoid hardware failures and thus increase their
resilience [16].

Since the recent successes of language models, there has
been an increased interest in the interplay between LLMs
and cognitive architectures. Niu et al. provided an overview
of similarities, differences, and challenges between LLMs
and cognitive science by analyzing methods for assessing

potential cognitive capabilities of LLMs, discussing biases
and limitations, and an integration of LLM with cognitive
architectures [19]. In the novel neuro-symbolic architecture
presented by Wu et al., human-centered decision making was
enabled through the integration of ACT-R with LLMs by
using knowledge from the decision process of the cognitive
model as neural representations in trainable layers of the LLM
[30]. They found that this improved the ability for grounded
decision making.

Knowles et al. proposed a system architecture that combined
LLMs and cognitive architectures with an analogy to “fast”
and “slow” thinking in human cognition [15]. Leivada et al.
explored whether the current generation of LLMs is able to de-
velop grounded cognition that incorporates prior expectations
and prior world experiences to perceive the big picture [17].
Insights from human cognition and psychology anchored in
cognitive architectures could contribute to the development of
systems that are more powerful, reliable and human-like [24].
The dual-process architecture and the hybrid neuro-symbolic
approach to overcoming the limitations of current LLMs is
seen as particularly important for this.

A cognitive system based on ACT-R was used by Birlo et
al. for their concept of robot self-awareness in an embodied
robotic system [3]. They focused on the representation of
internal states of the robot, which processed external states
from the real world and created its own interpretation of what
it perceived. Sievers et al. used a cognitive model to store
and process word associations for the grounding of words in
a language game between a robot and a human [23].

An example integration of an LLM with a cognitive archi-
tecture to enable planning and reasoning in autonomous robots
was given by Gonzáles-Santamarta et. al [10]. They proposed
how to leverage the reasoning capabilities of LLMs inside the
ROS 2-integrated cognitive architecture MERLIN2. Sievers
et al. give examples of a connection between a cognitive
model and a robot application via a TCP/IP connection of
the dispatcher included in the ACT-R software [21, 22].

III. METHODS

For a human-like way of retrieving recollections from
memory, we propose to use the declarative memory of a
cognitive architecture in conjunction with procedural capa-
bilities of a cognitive model. Our system for testing such
an approach consisted of the humanoid social robot Pepper
with a software application that connects to OpenAI’s GPT-
4o model via an Application Programming Interface (API),
and a TCP/IP connection over a wireless network to the ACT-
R 7 cognitive architecture software version 7.28 running on a
remote computer.

ACT-R offers the technical possibility of integrating a
cognitive model with bidirectional communication into an
application of choice. To establish a remote connection from
the robot application to ACT-R, we are using it’s remote
interface – the dispatcher. Fig. 1 shows the setup of the
bidirectional connection between the dispatcher, which acts
as a kind of server, and the client application of the robot.
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Fig. 1. Connection between ACT-R / Dispatcher and the robot application.

A. Cognitive Model

We used the standalone application of ACT-R 7, for which
we created a cognitive model using LISP [5]. In ACT-R,
declarative knowledge is represented in the form of chunks, i.e.
representations of individual properties, each of which can be
accessed via a labeled slot. The cognitive model programmed
in LISP for our example usage should receive chunks with
keywords from the robot application and checking whether
chunks for these keywords are already stored in the declarative
memory of the model in a suitable combination. We assumed
the transfer of three keywords. The programmed productions
of the procedural memory checked all combinations of the
sequence of keywords for a match with memory content and
generated a hit for two out of three matching keywords. In this
case, the associated memory content including a corresponding
recollection was called up and the recollection was returned
to the robot application.

Our LISP code defined a chunk type for the memory content
in declarative memory as follows: (chunk-type keyword asso-
one asso-two asso-three phrase)

This chunk type ‘keyword’ featured three labeled slots
‘asso-one’, ‘asso-two’ and ‘asso-three’ as well as a ‘phrase’
slot, which stored the recollection we wanted to retrieve. For
example, this could be a remembered fact used to complete
a system prompt for an LLM that enables the robot to talk
to humans. Each chunk stored in the declarative memory also
has an arbitrary name. Figure 2 shows the process of searching
for a matching memory chunk. Having found a corresponding
memory chunk, the cognitive model returned the sentence
stored in the ‘phrase’ slot of this chunk as a recollection or fact
phrase. Example content for such a memory chunk could be:
asso-one person asso-two indoor asso-three computer phrase
A person sitting in front of a computer indoors

B. Humanoid Social Robot Pepper

The humanoid social robot Pepper, shown in Figure 3,
was developed by Aldebaran and first released in 2015 [1].
The robot is 120 centimeters tall and optimized for human
interaction. It is able to engage with people through conver-

Fig. 2. Transfer of keywords to ACT-R and return of retrieved memory facts
to the LLM, e.g. for prompt augmentation.

sation, gestures and its touch screen. Pepper is equipped with
internal sensors, four directional microphones in his head and
speakers for voice output. Speech recognition and dialog is
available in 15 languages. The robot features an open and fully
programmable platform so that developers can program their
own applications using software development kits (SDKs) for
programming languages like Python, Java or Kotlin.

In dialogs with humans, our robot application forwarded
utterances of the human dialog partner as input to the Ope-
nAI API, which returned a dictionary with the status and
response of the API. With each API call, the entire dialog
was transferred to the GPT model. This allows the model to
constantly ‘remember’ what was previously said and refer to it
as the dialog progressed. In this way, complex dialogs between
humans and the robot became possible.

C. Retrieving recollections based on vision

The system’s ability to retrieve recollections from declar-
ative memory by recognizing visual impressions from the
robot’s perspective should be demonstrated. The LLM was
instructed to create a description of the content in the form
of three keywords about the content of an image taken with
the robot’s camera equipment. The robot’s front camera took a
picture every few seconds to capture an up-to-date impression
of what the robot saw. To prepare a response to a human
utterance based on visual impressions, the robot application
sent the currently captured image to the GPT-4o model as a
completion task, using the type ‘image url’ instead of ‘text’.

The three image-related keywords from the model’s re-
sponse were transmitted as chunks to the cognitive model to
search for comparable chunks in declarative memory. In the
event of a match, the content of the ‘phrase’ chunk slot was
transferred to the robot application for further use.

In the context of our example application we focused on
possible uses of recollections from declarative memory for
prompt augmentation of a GPT model. But the other way
around, it is also possible with this system to write memory
chunks and thus visual impressions, which are provided with
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Fig. 3. Robot Pepper shows a picture of what it sees

keywords, into the declarative memory in order to retrieve
them later in the outlined manner.

D. Prompting the LLM

We chose GPT-4o to create the conversational parts of the
robot. The OpenAI API provides various hyperparameters
that can be used to control the model behavior during an
API call. We set the values of temperature, presence penalty
and frequency penalty to zero in order to obtain consistent
responses and exclude any randomness as far as possible.
For the instruction of the GPT model, we used prompts with
zero-shot prompting [4] for the system role to have the LLM
perform the desired tasks as a completion task.

For chunk generation, including a phrase that is to be stored
in the ‘phrase’ slot describing the image sent to GPT-4o, we
have provided a system prompt like the following ‘I am robot,
my name is Pepper. I don’t answer but create three keywords
followed by a sentence with a short description describing
what is in this image. The three keywords are enclosed by
square brackets. The short sentence is enclosed by round
brackets, for example [person, indoor, computer] (A sentence
with a short description describing what is in this image).’.
The brackets only serve to facilitate subsequent processing
and separation of different contents in the application.

For augmenting the prompt with a retrieved recollection we
used for example ‘I am robot, my name is Pepper. I can see
what is described in the following:’ followed by the phrase
recalled from declarative memory. In this way, the LLM could
receive and process information about visual recollections
stored in the past if similar sensory impressions and thus
similar keywords are currently present.

Fig. 4. ACT-R model creates chunks for keywords and phrase

Fig. 5. ACT-R model retrieves chunk with keywords and phrase from
declarative memory

IV. RESULTS

Figure 4 shows the generation of individual chunks from
the keywords ‘keyboard’, ‘indoor’, ‘christmas tree’ and in a
frame the phrase ‘A person is sitting indoors in front of a
christmas tree appearing to engage in conversation or video
call.’ supplied by the LLM in the running ACT-R model.
These chunks were automatically transferred to the declarative
memory of the cognitive model, not only separately, but also
as a combination of keywords and phrase. To be able to save
keywords and phrases as chunks, spaces had to be replaced by
a ‘-’ due to ACT-R limitations. The procedure was reversed
when the phrase was used for prompt augmentation.

A retrieval of a recollection by the ACT-R model is
shown in Figure 5 in framed areas. The model searches the
stored memory chunks using the supplied keywords to find
a matching recollection, the content of which is passed from
the ‘phrase’ slot to the robot application for use in prompt
augmentation. The robot then included the knowledge from
declarative memory in its answer – especially when asked
directly about visual impressions.

V. DISCUSSION

On the one hand, cognitive models can be used within
the framework of their cognitive architectures to anticipate
human behavior and thus make it more comprehensible. On
the other hand, cognitive processes can use declarative and
procedural memory to produce decisions which, when used
to control the actions of a robot, allow the robot to act in a
more humane way. Such a system can therefore serve both to
make human actions intelligible for the machine in HRI and
to make the robot’s actions more human and therefore easier
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for people to understand. The possibility of using cognitive
architectures to unlock human-like judgment and decision-
making capabilities such as instance-based learning and intu-
itive decision making for social robots can be an opportunity
for greater acceptance and trust through more common ground
in the way we think. With the help of LLMs and VLMs
and the corresponding sensors, robots can access and interpret
the same information that is available to humans. The use
of declarative and procedural memory in cognitive models
enables the data provided by robot sensors and language
models to be processed in a human-centered way. We only
outline the possibilities here with our example application
for storing visual impressions together with keywords and
using them for prompt augmentation. In general, there are
far more conceivable use cases and options available for a
programmatic implementation of cognitive models with ACT-
R in combination with social robots.

VI. LIMITATIONS

The proposed system and procedure is not without short-
comings and open problems. It is well known that LLMs
and VLMs are sometimes prone to hallucinations. One pos-
sible way to reduce the risk of such hallucinations and the
reproduction of made-up statements by an LLM such as
OpenAI’s GPT would be to provide the language model with
additional information tailored to individual scenarios via the
system prompt. To concretize the prompt information, relevant
memories of a cognitive system could be a useful addition.
However, even such a method of constraining the LLM does
not offer absolute certainty for the exclusion of hallucinations.

So far, we have only tested our method with a few memory
contents or recollections, but we consider it scalable with
regard to more complex cognitive models and the use of
concepts such as forgetting, learning new facts and reinforce-
ment of recollections or further possibilities of the cognitive
architecture of ACT-R.

The time required to retrieve relevant recollections could
play a limiting role depending on the amount of memory
chunks available. In addition, for each interaction with the
human user, our system requires two consecutive API calls to
the GPT model, both of which have a certain latency. Together,
these time aspects may cause a noticeable and unnatural delay
in the interaction. And it also seems to be a disadvantage
and increases the complexity that the implementation of the
cognitive architecture runs as a standalone version on an extra
computer and not on the robot itself. This problem concerns
the Pepper robot and could possibly be solved by using
other robot models and thus other ways of implementing the
cognitive architecture.

VII. CONCLUSION AND FUTURE WORK

We proposed a design and development approach for a
combined system consisting of an ACT-R cognitive model and
a humanoid social robot. Recollections from the declarative
memory of the ACT-R model could be retrieved using real-
world data obtained by the robot via an LLM with vision

abilities. The procedural memory, which consists of the pro-
ductions of the cognitive model, was used to retrieve these
recollections and return them to the robot as instructions for
action. In addition, real-world data captured by the robot
could be stored as memory chunks in the cognitive model’s
declarative memory.

We improved the correctness and accuracy of GPT-4o’s
reasoning capabilities by using recollections for prompt aug-
mentation. Our proof-of-concept application delivered key-
word labeled visual impressions of the robot to the declarative
memory or retrieved recollections based on these impressions.
This method can of course also be used with other than
visual data. We testet this system with the social robot Pepper.
However, this method can also be used with other robot models
and also independently of HRI scenarios.

Regarding explainability aspects, our system provides ap-
proaches for a possible constraint of LLMs to generate robot
utterances in HRI by comprehensible memory contents. The
type of possible connection or integration of the cognitive
model depends on the robot’s operating system and whether
or which ACT-R implementations are available for it. For
example, there is a direct implementation for Python, which
means that the standalone version of ACT-R on an external
computer and thus also the TCP/IP connection between the
cognitive model and the robot application could be avoided.

The use of a cognitive architecture such as ACT-R enables
the inclusion and investigation of further cognitive princi-
ples and processes in interaction with a social robot and
LLMs independent of declarative memory retrieval. Future
work should consider these aspects in more detail. Further
experiments are needed to optimize the ACT-R models and
system prompts for the LLM, as well as ongoing evaluation
in studies with different people and different robot systems for
various tasks. We are confident that this will open up a wide
range of possibilities for future research into how cognitive
architectures and their models can add a human touch to a
social robot in HRI.
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Abstract

Forgetting is a fundamental cognitive process that allows to ef-
ficiently discard outdated and irrelevant knowledge and man-
age information for humans and artificial systems alike. Orig-
inating from the latter, Beierle et al. (2019) propose a formal
framework for modeling forgetting operators from a common-
sense point of view. In this article, we aim for bridging the gap
by investigating the formal forgetting operators with respect to
their effects on human cognition utilizing an abstract experi-
mental paradigm – the Counting Game. Using participants’
accuracy and response time in rule-based tasks, we examine
if and how the forgetting operators affect human performance
in response to rule manipulations. We found that the addition,
contraction and revision of a rule have the most remarkable ef-
fect on performance. Therefore, we modeled them using fea-
tures describing the rule system and current scenario to predict
the change in accuracy they prompt. By analyzing the effect
that the operators have on humans when used to manipulate
rule systems, we make a step towards further modeling the for-
mal aspect of changes to rule systems in applications in order
to understand the potential effect they have on the users.
Keywords: Forgetting Operations; Empirical Validation; Rule
Updating

Introduction
Humans are constantly exposed to new situations that require
them to use various cognitive mechanisms to categorize and
interpret information. Understanding how we acquire and
update such categorization rules is central in cognitive sci-
ence. Rule changes, in general, play a crucial role in prob-
lem solving, decision making and learning. However, some-
times knowledge is irrelevant or outdated and requires to be
discarded. As an everyday phenomenon, forgetting is a fun-
damental cognitive process that allows humans to efficiently
manage and restructure information. Beyond psychology,
forgetting has been studied in different contexts, like logical
systems, e.g., propositional or first order logic (Delgrande,
2014), or belief revision (Alchourrón, Gärdenfors, & Makin-
son, 1985). However, a generally accepted theory or formal-
ization that unifies all such approaches does not yet exist.
Towards that goal, Beierle, Kern-Isberner, Sauerwald, Bock,
and Ragni (2019) propose a framework that conceptualizes
different forms of forgetting, offering a structured approach
to modeling belief change and formalizing forgetting from a
common-sense point of view.

Experimental approaches in the field of rule changes of-
ten use rule-based systems to analyze how individuals up-
date concepts. For example, Brand, Dames, Puricelli, and

Ragni (2022) investigated the cognitive costs of adding new
categorization rules or altering previously learned ones, find-
ing that modifying an existing rule was less cognitively de-
manding than adding a new one, indicating the presence of
processes depending on the number of rules. Additionally,
they found that performance improves when new rules align
with old ones, but in case of conflicting situations, this was no
longer apparent. At their core, rules function as if-then condi-
tions: if a precondition is satisfied then a corresponding ac-
tion follows. This structure underlies processes such as learn-
ing to categorize (Maddox, Ashby, Ing, & Pickering, 2004;
Maddox, Ashby, & Bohil, 2003), implementing intentions
(Oettingen & Gollwitzer, 2010; Gollwitzer & Brandstätter,
1997) and is central to cognitive architectures like ACT-R
(Anderson, 2007), among others. Studying how rules are ac-
quired, updated and modified is essential for understanding
how individuals adapt to changing environments.

To bridge the gap between formal models and human cog-
nition, we utilize a new experimental paradigm designed to
empirically test the predictions made by the formal frame-
work. Using controlled rule-based tasks, we examine how
and to which extent participants adapt and apply their knowl-
edge in response to rule changes. This paradigm allows us
to investigate different forgetting operators through rule ma-
nipulations and assess associated cognitive costs. Tying for-
mally defined forgetting operators that describe changes in
knowledge and rule systems can also allow their application
in human-centered fields. If the effects (e.g., their impact
on cognitive load) that the operators have when used by hu-
mans can be determined and understood, those operators can
be used as a means to model not only the formal aspect of
changes to rule systems in applications (e.g., software sys-
tems and work processes), but also provide estimates on the
effects such changes will have on the users.

In this article, we aim to provide an empirical validation of
formal definitions of forgetting operators. More specifically,
we examine whether human behavior aligns with forgetting
patterns predicted by the formal framework, by looking into
how these operators influence accuracy and response time.
Building up on our analysis results, we present linear regres-
sion models for three rule operators that aim to represent the
effect they have on accuracy by considering features that de-
scribe the participants’ knowledge base and the impact a rule
has on the specific scenario.
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Theoretical Background
Within the framework for modeling forgetting operators pre-
sented by Beierle et al. (2019), given a belief state that can
have any type of representation, such as logical formulas or
rankings over possible worlds, an agent’s inference relation
determines what follows from the beliefs. Using ordinal con-
ditional functions (OCFs) they can assign degrees of plausi-
bility, allowing for more nuanced reasoning and belief modi-
fication and removal, i.e. forgetting. We focus on the follow-
ing five forgetting operators.

Contraction is an operator describing explicit intention to
remove information, e.g. a navigation system being informed
about a permanent closure of a street. Formally, contraction
of a belief results in not believing the proposition afterwards,
leading to a consistent belief state.

Revision involves presentation of new information that
contradicts already established knowledge, prompting the
forgetting of the old information. E.g., receiving new infor-
mation that a person who was previously a student is now a
staff member. In the case of revision, forgetting is implicit
- given new information, any beliefs conflicting with it have
to be forgotten in order to adopt the new, prioritized belief.
It can be made explicit formally, by first contracting the old
information and then adding the new one.

Abstraction is a common change operation that involves
generalizing specific beliefs or rules in order to create a more
broadly applicable one. For example, a rule can be that an
object with two wheels and a bike bell is a bicycle, whereas
another rule can state that an object with two wheels and no
bike bell is also a bicycle. From these rules, a simplified rule
can be abstracted, namely that an object with two wheels is
a bicycle. Both, deductive and inductive reasoning may be
involved in deriving a more general principle, which in turn
allows to potentially forget the more complicated initial rules.

Conditionalization is an operator that restricts a belief set
by omitting ones that do not adhere to a specific case, context
or precondition. Inspired by probabilistic conditionalization
where posterior beliefs are determined by conditional proba-
bilities, the operator centers the beliefs around the condition
leading to forgetting when it is not satisfied.

Fading out is a gradual forgetting process where informa-
tion becomes increasingly difficult to retrieve over time, es-
pecially in the case of infrequent use. For example, a PIN
code for a credit card that is rarely used is more likely to be
forgotten eventually. Formally, it describes the increase in re-
quired effort to make an inference based on a set of beliefs in
a later point in time.

Commonly, such belief systems are illustrated with declar-
ative instead of procedural knowledge (e.g., like in the PIN
code example above) but are in fact applicable on the latter
as well. This allows to utilize the presented operators in the
context of rule changes and rule learning, providing a formal
framework for describing changes to a rule system. Thereby,
the question arises if and how those formal forgetting oper-
ators are performed in human memory, and what the cogni-

Figure 1: Representation of the Counting Game showing a
trial whose winner is yellow. A rule “Red triangles count
twice” changes the winner to red.

tive costs of each operation are. To this end, first investiga-
tions of revision have been performed, indicating that updat-
ing and altering an existing rule is less cognitively demand-
ing than learning a new rule (Brand et al., 2022). However,
in order to assess the applicability of the forgetting operators
also as a cognitive modeling framework, all operators need to
be investigated under controlled and comparable conditions.
To this achieve this, we utilize a new abstract experimental
paradigm based on shapes and colors, called the Counting
Game (anonymized). Its goal is to provide a mean to empir-
ically investigate and compare cognitive costs of forgetting
operators, among many other concept changes.

Method
The Counting Game consists of trials, which are 4×4 grids of
16 objects with various shape (circle, triangle, cross, star) and
color (red, yellow, blue, gray), as shown in Fig. 1. Each trial
has a winner – the color that has the largest amount of objects,
among the “competing” colors – red, yellow and blue. A valid
trial has only one winning color (which cannot be gray) and
at most half of the total number of elements can be of the
same color. A study implemented within the Counting Game
paradigm presents multiple trials to participants and prompts
them to determine which color is the winner as fast as possi-
ble. To motivate fast, but also accurate answers, we introduce
a scoring system that awards 10 points for each correct an-
swer, with an additional bonus timer counting down from 20
seconds and awarding 1 point per second remaining. So, a
correct answer with 8 seconds left on the timer awards 10 + 8
points). Incorrect answers do not award points, regardless of
how fast they were given.

At the beginning, participants simply count objects – each
one, regardless of color and shape, counts as one. Throughout
the game, we introduce two types of rules that change how
specific objects are counted:

1. Count-twice rules state that objects of a certain color
and shape count twice from now on (e.g., “Red stars count
twice.”)

2. Count-as rules state that objects of a certain color and
shape count as a different color from now on (e.g., “Blue
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Table 1: Rules implementing the tests of the forgetting oper-
ators.

Operator Rules

Contraction Blue stars count twice.
Blue stars count as one again.

Revision Red circles count as yellow.
Red circles count as blue.

Abstraction

Red circles count as yellow.
Red stars count as yellow.
Red crosses count as yellow.
Red triangles count as yellow.

Conditionalization Gray crosses count as blue.

Fading Out Blue crosses count twice.

crosses count as yellow.”)
Using these rules, we test the previously introduced for-

getting operators, as shown in Table 1. We manipulate the
individual’s rule system within the game by changing how
specific objects count, which then in turn allows to quantify
the impact of the forgetting operations on performance.

In this work, a Phase refers to a stage within a round when
a specific rule configuration is active. All rounds start with
no rules in Phase 0 and progress through multiple phases. A
new phase begins each time a rule is introduced, updated or
removed. So, Phase 1 begins after the first rule, Phase 2 after
the second, and so on. Each phase consists of the same trials
in randomized order. That allows us to investigate how par-
ticipants adapt to new rules and how/if prior rules affect the
application of recent ones. All rules have corresponding crit-
ical trials. They are trials whose winner changes after a rule
is applied. For example, the trial depicted in Fig. 1 is criti-
cal for the rule “Red triangles count twice” as its application
changes the winner from yellow to red.

Forgetting Operators
An overview of rules used to implement the forgetting oper-
ators is provided in Table 1. Contraction is implemented by
providing one count-twice rule and explicitly withdrawing it
later. In the case of revision, we give two count-as rules, such
that the second one overrides the first one, implicitly making
it irrelevant. For abstraction, the participants got four count-
as rules that cover all shapes of a given color, prompting them
to ultimately replace the four rules with one, e.g. “Red shapes
count as yellow”. The presence of gray elements in a trial
is optional, therefore for conditionalization we use specific
count-as rules where the initial color is gray, introducing the
precondition that if there are gray shapes, they will count as
a different color. In the case of fading out, we only use one
count-twice rule, however, here the temporal component of

the operator is important. We had multiple fading out rounds
manipulating the amount of time (trials) between the rule pre-
sentation and the corresponding critical trials. We added filler
rules, so that the rounds are comparable with four rules each.

Participants
Each participant was randomly and evenly assigned to one of
the five operator conditions. To prevent unwanted effects or
bias, each participant had a randomly assigned set of colors
and shapes. So, a rule “color1 shape1 count twice” could be
about red crosses for one person and yellow stars for another.
The general structure of the rounds, rules and trials is other-
wise preserved.

We obtained data from 117 participants recruited on Pro-
lific1. The experiment was performed online as a web-
experiment. Participants needed on average 25 min. to com-
plete the experiment and received monetary compensation at
the end. All participants were native English speakers. The
participants first had to provide consent to have their experi-
mental data stored. Afterwards, they were introduced to the
game and its rules, the possible shapes and colors, the goal
to find the winner as fast as possible and the scoring system.
Then, they did a practice round with a few tasks in order to
get accustomed to the format. Once finished with the instruc-
tions, the participants started with the study. The data, anal-
ysis and modeling scripts developed for this article are avail-
able on GitHub2.

Analysis
We identified as outliers four participants whose mean accu-
racy score diverged by at least 2 standard deviations away
from the mean and excluded them from the analysis. The
final number of participants is 113. The overall accuracy
across all participants and conditions was 83.62% (Median
= 100%,SD = 37.01%). The mean accuracy of trials critical
for at least one rule was 74.62% and 95.68% for non-critical
trials. The median response time (RT) across all trials was
2.06s. Critical trials had a higher median RT (2.22s) in con-
trast to non-critical trials (1.90s).

Contraction We examine the average response accuracy of
critical and non-critical trials when no rules were present, af-
ter a rule addition and after that rule’s contraction, as pre-
sented in Table 2. The accuracy decreases once a rule is
added (Wilcoxon: z = 68.50, p = .010) and we identified
that all errors are due to participants not applying the rule.
Once the rule is contracted, the accuracy improves once again
(z = 4.00, p = .014). Analyzing the errors, we discovered
out that 93.75% of wrong responses were because the rule
was still applied, i.e. it was not contracted. Furthermore, we
confirmed that correct responses after contraction were not a
consequence of not applying the rule in the first place (Spear-
man ρ = 0.13, p = .227). In general, contraction should fa-

1https://www.prolific.com
2https://github.com/saratdr/ICCM2025-CountingGame
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Table 2: Average response accuracy on critical and non-
critical trials in the contraction and revision round. Crit and
NonCrit indicate critical and non-critical, respectively.

No rule Rule After Op.

Contraction Crit 88.89% 63.33% 82.22%
NonCrit 91.11% 94.44% 91.67%

Revision Crit 85.71% 75.19% 80.45%
NonCrit 94.30% 92.98% 94.74%

cilitate rule application, reducing the cognitive load by ex-
plicitly removing a rule. To investigate this effect, we com-
pared two scenarios where three rules were added. We fo-
cus on response accuracy of critical trials for the last rule
if the second rule was previously contracted and not (Mean:
contr = 76.79%, notcontr = 57.81%). Since these scenar-
ios used different trials and rules, we normalized the values
by the participants’ general performance on them in a phase
with no rules. We observed a marginal effect suggesting
that contraction may indeed ease the process of remember-
ing and applying rules (Mean, normalized: contr = 87.61%,
notcontr = 72.87%; Mann-Whitney: U = 149.50, p = .062).

Revision For revision, the accuracies are depicted in Ta-
ble 2. Like in the case of contraction, non-critical trials re-
mained unaffected and stayed at a consistently high accuracy
of over 90%. For critical trials, a similar pattern to the con-
traction emerged, with a dip in performance when the rule
was added, with a slight improvement after revision. In this
case, however, participants performed better after the addi-
tion of the rule, which was likely due to an easier structure
of the critical trials compared to those of the contraction con-
dition. However, since revision does only change the rule to
a new rule with an arguably comparable difficulty, it seems
unexpected that performance would increase compared to the
simple addition of a rule. A possible explanation could be
that participants, who forgot or did not learn the first rule
properly, got essentially a “second chance”, since the revi-
sion removed the rule in question. 75.76% of the errors after
a rule was added (with a total of 24.81% of the critical tri-
als being answered incorrectly) were in fact due to the rule
not being applied, indicating that the rule was not perfectly
learned. This at least partially supports the possible explana-
tion, that participants indeed simply did not learn the first rule
properly, but were better prepared later. After the rule was re-
vised, 7.69% of the remaining errors (19.55%) was due to the
previously learned rule still being present. This indicates that
the revision itself was performed successfully, leaving little
artifacts of the old rule.

Abstraction In the case of abstraction, we analyzed how
the response accuracy on critical trial changes after the addi-
tion of each rule. Thereby, the mean accuracy decreased after
each rule until the final rule necessary for performing abstrac-

Table 3: Response accuracy ratio between Phase 1 (rule ap-
plied) and Phase 0 (no rules) on irrelevant trials that do not
contain the object affected by the rule for conditionalization
and the rest, and trials with no gray elements for conditional-
ization.

Rule Trials Accuracy Ratio

Conditionalization Irrelevant 99.78
No Gray 104.58

Rest Irrelevant 101.58

tion was introduced (70.83%, 56.25%, 43.06% to 47.22%,
for the respective phases). We can immediately notice a ten-
dency of accuracy to decline with each rule addition, except
for a marginal increase after the last rule. Given that the ad-
dition of the last rule enabled participants to abstract over all
four rules and apply only one, a better performance is indeed
expected in the last phase. Such increase was found for the
majority of the participants (58.33%).

Conditionalization For conditionalization, an important
distinction is between the effect of the knowledge level (i.e.,
are rules not present/active at the moment, so that they don’t
affect cognitive load) and the effect of rule application itself
(i.e., the counting itself is easier when no additional rules
need to be considered). Thereby, the important part for our
evaluation is the former, since it is the one that the logical
framework is concerned with. However, in practice, both ef-
fects occur together, making it hard to distinguish between
them. To this end, we first investigate the effects on irrel-
evant trials, i.e., trials that do not contain elements affected
by the rule. That way, we can see if the rule is generally
less present when it is not applicable compared to other rules.
Additionally, since gray is a color only relevant due to the
conditionalization rule, we also consider trials with no gray
elements at all. Table 3 shows the ratio between the accu-
racy of Phase 1 (where the first rule is present) and Phase 0
(where no rule is present) for the conditionalization on irrel-
evant trials and trials without gray shapes, as well as for the
other conditions as a comparison. It becomes apparent that
the accuracy does not substantially change for either condi-
tion, and is also only slightly improved when gray shapes are
not present at all, indicating that conditionalization does seem
to affect the cognitive load mostly on the applicational level.

To estimate the effect on the applicational level, we com-
pare the response times between relevant and irrelevant tri-
als, as well as trials with and without any gray elements.
Thereby, no significant effect was shown between relevant
and irrelevant trials (Median: rel = 2.65s, irrel = 2.66s,
Wilcoxon: z = 368.5, p = .061). For trials with and with-
out gray elements, however, the effect on the response time
was significant Median: rel = 2.76s, irrel = 2.51s, Wilcoxon:
z = 389.5, p = .026). Put together, this shows that the condi-
tionalization of the prominent surface feature (i.e., gray color)
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Table 4: Average response accuracy on critical trials immedi-
ately after rule addition and at the end of the round. Rounds
1, 2 and 3 have an increasing number of trials. Round 4 in-
troduces additional rules, irrelevant to the fading out rule.

Round After rule End of round Mean Difference

1 69.44% 51.39% 20.32%
2 66.67% 48.61% 20.53%
3 76.39% 45.83% 32.50%
4 65.28% 20.84% 44.65%

did help to accelerate the process of solving the tasks, how-
ever, as soon as the more detailed condition (i.e., color and
shape) comes into play, that advantage vanished.

Fading Out In the case of fading out, we tested partici-
pants’ performance in four different rounds. In the first three
rounds, participants were presented with only one rule in
Phase 1 followed only by trials and no additional rules. The
length of the rounds based on the amount of presented trials
corresponds to 3, 4 and 5 phases, respectively. The critical
trials were presented once among the first 12 trials after the
rule and once among the last 12 trials of the round. That way,
we ensured an infrequent application of the rule and we can
examine the temporal effect of the operator. The average re-
sponse accuracy and their difference between the first and last
trial presentation are presented in Table 4. While a decrease
in accuracy over time can be noted, it is not a drastic one, with
a 32.50% difference in the longest round.

In the fourth round, we used the same principle of only
presenting the critical trials of the relevant rule at the begin-
ning and end, but we also added rules at the beginning of each
phase. This led to a much substantial negative effect on per-
formance, suggesting that information is rather increasingly
difficult to retrieve over manipulations than time. In order to
further confirm the effect of additional rules within this round,
we looked into their corresponding critical trials. In Table 5
we can see that a rule addition leads to a lower accuracy for
its critical trials. Moreover, introducing yet another operation
causes a further substantial decline for trials critical for pre-
vious rules, indicating that a recency effect potentially comes
into play as well.

Modeling
In our analyses, we found strong evidence for the presence
and effect of three operators involved in rule manipulation:
addition (implicitly used to build up to rule system), contrac-
tion and revision. In order to further evaluate their impact
and estimate the associated cognitive costs we use linear re-
gression models to predict the difference in accuracy that an
applied operator induces on a trial per trial basis. To account
for the influence of the cognitive demand of the participants’
current rule system, a feature representing the amount of rules
that are currently active in a given trial was included (CurrAc-

Table 5: Additional rules in Round 4 of fading out. The sec-
ond rule (R2) is introduced in Phase 2, the third (R3) in Phase
3. R2 is contracted in Phase 4. R2 Crit and R3 Crit are critical
trials for the second and third rule, respectively.

Phase 2 Phase 3 Phase 4

Accuracy R2 Crit 58.34% 25.00% 80.56%
R3 Crit 80.56% 72.22% 36.11%

tive). In order to contrast the abstract nature of the operators
with their dependency on the context in which they are ap-
plied, we add RelevantBool and RelevantNum as model fea-
tures. They incorporate the current scenario by indicating if
and how many relevant shapes for the currently added, con-
tracted or revised rule are present in the trial, regardless if it’s
a critical trial one or not.

In Table 6 we present the means and standard deviations
of the accuracy differences that the models aim to fit, along
with the models’ mean absolute errors (MAE) and parameter
values. For the critical trials the RelevantBool parameter is ir-
relevant, since all of them contain relevant shapes by default.
Additionally, the parameter CurrActive is irrelevant for revi-
sion, since in our experiment, it always took place in the same
phase to facilitate the statistical analyses. We first examine
our target variables and model fits. Addition and revision of a
rule harm performance in critical trials, whereas contraction
improves it. This is in line with the intuition behind the oper-
ators. In contrast, the operators seem to have minimal effect
on average for non-critical trials. In terms of the impact on
performance on critical tries, revision is substantially less im-
pactful compared to addition, which is in line with the results
of Brand et al. (2022). Thereby, revision is showing a perfor-
mance similar to a combination of contraction and addition.

Considering the model fits, it becomes apparent that revi-
sion achieved a substantially better fit, while both addition
and contraction have R2 values close to 0, thereby not being
able to utilize the given features. This, however, is likely due
to the fact that revision is only present in isolated cases (i.e.,
conditions that explicitly test revision), while especially ad-
dition is present across all conditions, making the data more
noisy and less dependent on the limited features. Neverthe-
less, the coefficients provide some insight about the used fea-
tures. Compared to the number of relevant shapes, the num-
ber of active rules has a substantially lower importance. This
highlights the strong relationship between the context (i.e.,
the actual composition of shapes in a trial) and the rules,
while the effects of the manipulations to the rule system it-
self are rather indirect.

Discussion
In this article, we investigated a formal framework of forget-
ting operators introduced by Beierle et al. (2019) on a cogni-
tive level, in particular for describing changes of a rule sys-
tem. Therefore, we utilized a new experimental paradigm to
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Table 6: Mean and standard deviation (STD) of differences in accuracy after adding, contracting or revising a rule for critical
and non-critical trials. Mean absolute error (MAE), coefficient of determination (R2) and parameter values of our models fit.
CurrActive is the amount of currently applicable rules, RelevantBool indicates the presence of shapes affected by the rule in the
trial and RelevantNum is the amount of those relevant shapes. The parameter RelevantBool is irrelevant for critical trials, since
all of them contain relevant shapes. CurrActive is irrelevant for revision, since it always took place during the same phase.

Trials Operator Mean STD MAE R2 Model Parameters
CurrActive RelevantBool RelevantNum Intercept

Critical
Addition −19.04 17.49 13.00 0.11 −0.003 − 0.313 −0.356

Contraction 13.87 20.64 15.04 0.09 0.089 − 0.114 −0.039
Revision −10.00 12.99 6.14 0.62 − − 0.477 −0.383

Non-critical
Addition −2.40 16.71 10.85 0.07 −0.019 −0.002 0.302 −0.033

Contraction −4.42 17.20 11.33 0.10 −0.024 0.007 −0.336 0.038
Revision 5.00 9.52 4.04 0.46 − −0.185 0.496 0.046

conduct a study in which participants had to apply various
rules in a simple counting task: Participants had to decide
which color was the most prominent in a set of shapes. Within
this paradigm, distinct manipulations of the counting rules
(e.g., some shapes are ought to be counted twice) allowed
to assess the impact the forgetting operators have on perfor-
mance. We conducted a study within the paradigm in which
we used rule manipulations in order to assess the effects of
forgetting operators and evaluate the predictions made by the
formal framework. This allowed us to gain insights about
how and if those formal operators are affecting human rule
manipulation in procedural memory.

Thereby, we investigated five operations: contraction, revi-
sion, abstraction, conditionalization, and the fading out of a
rule if it is not utilized over time. Implicitly, we also tested
the addition of a new rule, as the only not forgetting-related
operator. We found that adding a rule significantly decreased
the accuracy of solving the task, and even to a bigger extend
as the revision of a rule – which is in line with the findings
of Brand et al. (2022). For contraction, i.e., the removal of
a rule, we found that performance was restored to almost it’s
original level. Furthermore, errors after contraction mostly
related to the rule still being applied, which indicates that ar-
tifacts of the rule still remain. Additionally, we found typical
effects of directed forgetting (e.g., Dames & Oberauer, 2022;
Dames, Brand, & Ragni, 2022): being able to forget a rule,
allowed participants to free resources for learning other rules.
This also can explain the lower impact on performance of a
revision compared to a simple addition, since revision can be
interpreted as the combination of forgetting of an old rule and
learning of a new one.

Furthermore, we found evidence that abstraction, i.e., the
simplification of several specific rules into a more general
one, seemed to take place. While the addition of rules typ-
ically decreases performance, the majority of participants
showed improvements after the last missing rule was added
to allow for abstraction. For Conditionalization, we found
that the effects are mostly related to the application of rules

itself, and do not influence the rule system itself. While par-
ticipants improved when a rule was not relevant for a trial, the
type of the rule itself did not affect performance on the trials
where it was not applicable, thereby giving no indication for
a difference in general cognitive load.

Finally, for the last operator, fading out, we found a subtle
trend that longer phases where a rule is not utilized indeed
reduce performance when it is relevant again. However, the
effect is only within the magnitude of error, thereby not war-
ranting a conclusion. Overall, this can also be an effect of the
generally short time-spans within the experiment, which may
have been too short for time-based forgetting to occur. We ad-
ditionally found a more substantial decrease in performance
when additional rules are presented, implying that manipula-
tions have a larger negative impact on information retrieval
than time. This, in fact, aligns with the concept of retroactive
interference, as new rules make previous ones vulnerable to
decay (Ricker, Nieuwenstein, Bayliss, & Barrouillet, 2018;
Dames & Oberauer, 2022).

Since the three basic operators, addition, contraction and
revision, appeared to be the most distinctive building blocks,
we modeled them using linear regression based on features
describing the trial with respect to a rule (i.e., how many
shapes are relevant for the rule, if there are any) and with re-
spect to the rule system itself (i.e., how many rules are active
at the time). For the models, we found a strong dependency
on the trial only, across all operators. The strong dependency
of the model to the structure of the trial itself (rather than to
the rule system and memory operations) highlights the prob-
lem to discern the effects of manipulations of a rule system
from the application of the rule itself. Whereas investiga-
tions of forgetting in declarative memory can directly rely on
recognition of items, investigations of procedural memory of-
ten needs application of rules as an intermediate step, thereby
assessing forgetting indirectly. While being a drawback for
investigating cognitive operations, it can be an advantage for
applications, since real-world rule systems are not occurring
free of the specific instances and contexts.
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Abstract
We present a typed computer language, Doug, in which all
typed programs may be proved to halt in polynomial time,
encoded in a vector-symbolic architecture (VSA). Doug is
just an encoding of the light linear functional programming
language (LLFPL) described by Schimanski (2009, ch. 7).
The types of Doug are encoded using a slot-value encod-
ing scheme based on holographic declarative memory (HDM;
Kelly, Arora, West, & Reitter, 2020). The terms of Doug are
encoded using a variant of the Lisp VSA defined by Tomkins-
Flanagan and Kelly (2024). Doug allows for some points on
the embedding space of a neural network to be interpreted as
types, where the types of nearby points are similar both in
structure and content. Types in Doug are therefore learnable by
a neural network. Following Chollet (2019), Card, Moran, and
Newell (1983), and Newell and Rosenbloom (1981), we view
skill as the application of a procedure, or program of action,
that causes a goal to be satisfied. Skill acquisition may there-
fore be expressed as program synthesis. Using Doug, we hope
to describe a form of learning of skilled behaviour that fol-
lows a human-like pace of skill acquisition (i.e., substantially
faster than brute force; Heathcote, Brown, & Mewhort, 2000),
exceeding the efficiency of all currently existing approaches
(Kaplan et al., 2020; A. L. Jones, 2021; Chollet, 2024). Our
approach brings us one step closer to modeling human mental
representations, as they must actually exist in the brain, and
those representations’ acquisition, as they are actually learned.
Keywords: polynomial time type system; representation
learning; vector-symbolic architecture

Chollet (2019) proposed a novel model for intelligence:
an intelligent agent does not just solve problems in its en-
vironment in service to its goals (as we might infer it does
in the Markov decision process model found in reinforce-
ment learning, Sutton & Barto, 2018, pp. 46-53). Instead,
an intelligent agent acquires the skills necessary to the task,
and uses its acquired skills to solve problems in service to
its goals. Chollet’s model of “skill” is an extremely general
one. In his view, a skill is a program: a procedure made up
of well-defined steps, which, when followed, will transform
the environment from an initial state into a desired state. By
separating the intelligent agent into an intelligent system that
generates skills, and skill programs that realize the agent’s
competencies, Chollet frames the problem of intelligence as
one of an ability to acquire skills from sparse examples in a
great variety of problem types. Following Chollet, a greater
intelligence within some scope of problems is one that can
acquire the skills to solve problems in that scope with a min-
imum of foreknowledge and training, and a more general in-
telligence is intelligent, up to some degree, in a greater variety
of scopes, more exhaustive of the space of possible problems.

The Chollet model may have a familiar ring for cognitive
modelers, however. The Goals, Operators, Methods, and Se-
lection rules (GOMS; Card et al., 1983, ch. 5) model de-
scribes skilled behaviour as a deployment of procedures that
will tend to satisfy an agent’s goals. In GOMS, an agent with
some goal G uses its selection rules to choose a method that,
the agent expects, will cause G to be satisfied, if followed.
A method is a procedure in the sense we used above: a se-
quence of well-defined steps. In the case of GOMS, the steps
are operators, discrete actions the agent can take that trans-
form the state of the environment, or the agent’s internal state.
Following the procedure laid out by the selected method, the
environment is transformed into a state whereby the goal G is
satisfied. Newell (1990) situates GOMS within the Soar cog-
nitive architecture, stating that GOMS “posits a set of mech-
anisms and structures” (p. 285) that can be formalized with
the Soar architecture, and goes on to express skill acquisition
in Soar (ch. 6.5) as a kind of search for increasingly efficient
procedures that satisfy goals.

Chollet refers to the problem of acquiring skills as “pro-
gram synthesis” (p. 30), that is, search for a procedure, with
some given effect. Hutter (2005, ch. 1.5) showed that syn-
thesizing an optimal program that predicts or represents the
environment allows an agent to behave in an optimally goal-
directed (i.e., rational) way, with minimal extra machinery. In
this way, the problems of skill acquisition and representation
learning can be thought of as transformable into one another.

Hutter, unfortunately, also finds (ch. 1.7), that program
synthesis is profoundly nontrivial. In fact, finding a pro-
gram that optimally predicts an arbitrary environment is in-
computable, because it involves comparing programs in light
of their computational effects, and some programs cannot be
proven either to eventually halt or run forever (Turing, 1936),
so their computational effects cannot be known either until
they halt or until the end of time, whichever comes first. Even
if we restrict ourselves to considering only programs up to
some maximum finite length, if we are to be certain we have
found the optimal representation, we must do an ugly exhaus-
tive search through all possible programs up to our maximum
length (which is intractable, in the sense of taking an expo-
nentially long amount of time as a function of the maximum
length) and, for each program, find its shortest representa-
tion that halts within some maximum time (which is also in-
tractable). Hutter’s finding of a doubly-exponential rate of

174

Proceedings of the 23rd International Conference on Cognitive Modelling (ICCM 2025)



skill acquisition is consistent with the “power law” described
by Newell and Rosenbloom (1981), however, Heathcote et al.
(2000) show that their law is an artifact of population aver-
aging, and humans in fact acquire skill exponentially faster
than Newell and Rosenbloom believed. Unsurprisingly so,
as Newell and Rosenbloom modeled skill acquisition as a
simple, heuristic-informed (but in the worst case, like Hut-
ter’s model, brute-force) search, and managed to satisfy their
power law. It seems obvious that, in order to be useful, a
method of program synthesis that exhibits intelligence should
be substantially better than this sort of brute-force approach.

Chollet (2019)’s ARC task was designed to demonstrate
the efficiency of human intelligence relative to existing AI ap-
proaches, and the importance of efficient program synthesis.
A model approaching the ARC task that showed some early
success was DreamCoder (Ellis et al., 2021), which used a
similar method to Hutter’s, albeit synthesizing programs us-
ing a form of heuristic informed search involving a neural
network. DreamCoder has since been surpassed by the GPT
o-series models (Chollet, 2024), but Chollet (2025) notes that
both approaches seem to behave like exhaustive search:

It’s always possible to ... logarithmically improve your
performance by throwing more compute at the prob-
lem. And of course this is true for o1, but even be-
fore that it was also true for brute force program search
systems. Assuming you have the right [domain-specific
language], then extremely crude, basic, brute-force pro-
gram iteration can solve ARC at human level. (49:55)

We would like to constrain program synthesis so that
search is restricted only to programs likely to be useful to
solving a given problem. If we make good assumptions about
the set of programs that are to be searched over, then, for
many problems, searching through the constrained set of pos-
sible programs for their solution should become tractable. As
a first pass, we should prohibit from consideration intractable
programs, as we do not want to bother trying to evaluate them
to discover their computational effects. This prohibition is
achieved using a polynomial time type system (Girard, 1998).

A type system is a programming language that assigns, to
each expression in a program, a type that describes what kind
of data it is, if it is a variable, and what it operates on and
produces, if it is a function, accompanied with a set of in-
ference rules for how to demonstrate that some expression
has some type. A polynomial time type system is a type sys-
tem that prohibits programs which do not have polynomial
time complexity. A polynomial time type system is therefore
not Turing-complete, but the set of problems polynomial time
type systems are capable of representing still includes essen-
tially all useful programs. The type system we will be consid-
ering is the Light Linear Functional Programming Language
(LLFPL; Schimanski, 2009, ch. 7).

How can we make use of a polynomial time type system
to constrain program synthesis? LLFPL, as an example, en-
codes the maximum recursion depth of a function in its type.

We envision that types should be learnable, such that a learn-
ing agent should be able to acquire the ability to guess at the
sort of structure a skill program should have, before it sets
to work determining the program’s specifics. The agent may
need to revise its guess, but it should at least be capable of
acquiring the ability to make good guesses. When a learning
agent makes good guesses as to the structure of the program
it should be synthesizing, its search is immediately restricted
to just the programs of the appropriate structure. This set may
still be quite large, but, if the appropriate structure restricts re-
cursion depth, it is definitely much smaller than the set of all
programs, or even all well-typed programs in the type system.

Our goal, then, is to make LLFPL learnable by a neural
network. To do so, we will need to make it possible to express
types as points in a vector space, and we should make it so
that structurally similar types are nearby in the space, such
that a small change in position in the space connotes a small
change in the structure of the type at the new position. In a
word, we would like our types to be differentiable.

Any arbitrary syntactic structure (of which types are a sort)
can be encoded over a vector space in this way (Tomkins-
Flanagan & Kelly, 2024), using a vector-symbolic architec-
ture (VSA). In a VSA, we expect structures composed of
distinct elements to be nearby in the vector space if (1) they
have the same structure, and (2) the elements of which they
are composed are also nearby. We will go beyond Tomkins-
Flanagan and Kelly, however, and take proper advantage of
the features of a VSA to make distinct but similar structures
spatially nearer to one another. We define a language, based
on Tomkins-Flanagan and Kelly’s Lisp VSA and LLFPL,
called the vector-symbolic Lisp representation of the light
linear functional programming language (VSLRLLFPL), or
Doug1, as the other name is very long.

A body of many organs
Doug builds on the work of Tomkins-Flanagan and Kelly
(2024) in order to (1) allow points on a neural network’s em-
bedding space to encode systematically decodable types, (2)
constrain possible programs typed by any point on the embed-
ding space to include only those that halt in polynomial time,
and (3) for nearby points to encode types that are both struc-
turally similar and comprised of similar elements. There-
fore, the surface induced by the embedding space and some
loss function on decoded types will be differentiable, where
traversing the surface by gradient descent will cause rela-
tively smooth changes in the structure and content of types
encoded at nearby points, even if not all points are decodable.
In other words, the structure and content of types in Doug is
learnable by a neural network.

In order to achieve the three preceding goals, we must
first select a polynomial time type system; as above, we
use LLFPL. We will then recapitulate Tomkins-Flanagan and
Kelly’s definition of a VSA for the benefit of the novice

1Our implementation may be found at https://github.com/
eilene-ftf/doug
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reader, supplementing the discussion with the additional el-
ements necessary to encode Doug, including Kymn et al.
(2023)’s residue numbers. We will then select a VSA-based
encoding scheme whereby syntactically similar structures are
encoded as spatially similar vectors, if they are similar in con-
tent. The encoding scheme we choose is the one employed by
Kelly et al. (2020)’s holographic declarative memory (HDM).
The preceding parts will come together so that, in the next
section, we can encode the types of Doug using the slot-value
encoding of HDM with residue numbers, and the terms using
a variant of Tomkins-Flanagan and Kelly (2024)’s Lisp VSA.

Lightly linear flipout
In this section, we will introduce some of the history and mo-
tivations behind linear type systems, polyonomial time type
systems, as well our language of choice, the Light Linear
Functional Programming Language (Schimanski, 2009).

History and intuitions A type system is a full language
specification that constrains the kinds of expressions in the
language based on the notion of a type. Types introduce prim-
itives into the system which regiment the kinds of things that
our language deals with and puts constraints on what we can
do with those things (Nederpelt & Geuvers, 2014).

One constraint that we might like to put on our program-
ming language is that to constrain the amount of usages of
some item. Consider the following: suppose we are writing
a program for a resource-constrained old computer, and we
want to ensure both (a) efficient (i.e., as little as possible) us-
age of the limited amount of memory available, and (b) ensure
that all memory that we allocate for the program, if we do so,
is neatly “put back” in place as quickly as possible. Moti-
vations like these inspired Girard (1987) to formulate Linear
Logic (LL) which captures the aforementioned goals. Simply
put, it does this by restricting the number of usages of items
by requiring that they are used exactly once in programs. But
we say that a type system is affine if and only if it requires
that terms be used at most once.

LLFPL Schimanski (2009) is a systematic study of polyno-
mial time type systems. The language that we will be encod-
ing here is Schimanski (2009)’s own contribution: Light Lin-
ear Functional Programming Language (LLFPL!), which ex-
tends the Linear Functional Programming Language (LFPL;
Hofmann, 2003) by combining it with elements from Light
Linear Logic (LLL; Girard, 1998). Here we will lay out the
language definition in the standard way, using Backus-Naur
form. After, we will give a natural language explanation of
what the constants are meant to denote.
Definition 1 (Types of LLFPL; Levels of types) The set of
types of LLFPL are defined by the following expression,

σ,τ ::= Bn | σ ⊸ τ | σ⊗ τ | Ln(σ) | !n
σ | ⋄n . (1)

The level of a type is defined recursively by the function,

ℓ(ρ) :=

{
n if ρ ∈ {Bn,Ln(σ), !nσ,⋄n},
min{ℓ(σ), ℓ(τ)}, otherwise.

(2)

More naturally, Bn is the type of Booleans, σ ⊸ τ the linear
function type. σ⊗τ is the tuple type of pairs, Ln(σ) is the type
of lists of type σ. !nσ is a modal operator denoting that the
embedded type σ can be used “arbitrarily often” (Schimanski,
2009). ⋄n is a credit type from Hofmann (2003), which is
used to limit recursion depth.

Definition 2 (The constants of LLFPL) The constant terms
of LLFPL, which are constructors and destructors for the
types given in Definition 1.

ttn, ffn : Bn, (3)
Casen

σ : Bn ⊸ σ ⊸ σ ⊸ σ, (4)
Casen

τ,σ : Ln(τ)⊸ (⋄n ⊸ τ ⊸ Ln(τ)⊸ σ)⊸ σ ⊸ σ, (5)

consn
τ : ⋄n ⊸ τ ⊸ Ln(τ), (6)

nilnτ : Ln(τ), (7)
dn : ⋄n, (8)

⊗n
τ,ρ : τ ⊸ ρ ⊸ τ⊗ρ, (9)

π
n
σ : τ⊗ρ ⊸ (τ ⊸ ρ ⊸ σ)⊸ σ. (10)

Where for Eq.’ns (4-5), we have the constraint that ℓ(σ)≥ n,
for Eq. (9) that ℓ(σ⊗ τ) = n, and finally for Eq. (10) that
ℓ(σ)≥ ℓ(τ⊗ρ) = n.

Here, the intuitive “meaning” behind each constant is listed:
ttn, ffn are true and false constants, or ⊤ and ⊥. Casen

σ and
Casen

σ,τ are destructors for boolean types and list types (re-
spectively); consn

τ and nilnτ are the constructor and base ele-
ment of list types; dn is a chit of the credit type, a sort of to-
ken you have to give to recursive procedures that is consumed
on usage in order to limit the depth of recursion; ⊗n

τ,ρ is the
constructor for tuple types; and finally, πn

σ is the projection
function, which is the destructor for tuples types.

The language is not just a collection of types and constants,
but also terms which form the object-level of the language.
Terms are what are used to express the procedures which an
interpreter, computer, or agent, follows.

Definition 3 (Terms of LLFPL) The terms of LLFPL are
defined inductively,

s, t ::= x : τ | c | (λx : τ.t) | (t s) | !n x = {s}!n in t (11)

| !n t | {t}!n |
(

s
n
◁

x1

x2
t
)
.

where we have types τ, constants c, natural numbers n, and
variables x1, . . . ,xm. Constants of LLFPL are terms.

More naturally, x’s are variables, c’s constants, (λx : τ.t) is a
λ-abstraction (Nederpelt & Geuvers, 2014, p. 2), and (t s)
an application of a function t to s. The special terms here
are the boxed terms !n · . A boxed term is “closed” (i.e., has
no free variables), except for those bound by terms in holes
{·}!n (Schimanski, 2009, p. 200). A term t enclosed by a
box !n t has level n+ 1. When a hole is filled in, as in

!n x = {s}!n in t , we bind x to the value s in the term t, sim-
ilarly to a function application. When a boxed term is en-
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closed in a hole of the same level {!n t }!n, the bang and box
are eliminated, and t is lowered from level n+1 to level n.

A type system is not complete without accompanying in-
ference rules, which are a collection of rewriting rules speci-
fying when and under what conditions terms can be properly
said to have some type. We will not be enumerating the infer-
ence rules of the type system. For a complete presentation of
LLFPL’s inference rules see Schimanski (2009, pp. 209-210)

How LLFPL is polynomial Schimanski (2009, ch. 7.3.5)
proves that LLFPL can only express programs that halt in
polynomial time. Many useful functions, like quicksort, may
be expressed in LLFPL, but intractable functions cannot be.
LLFPL achieves its polynomial restriction by a careful inter-
play of the credit and boxed expressions during the evalua-
tion of recursive expressions. The key evaluation rule to con-
sider is that defined for folded expressions, where a function
mapped over a list has a variable bound to a holed term.

(
(consτ

n+1t⋄
n+1

v l) f [z := {r}!n] g
)
7→l

n+1 (12)(
r

n
◁

r1

r2
( f [z := {r1}!n] t v (l f [z := {r2}!n] g))

)
The left side of the above should be read as the application

of a list consisting of a head v and a tail l to a recursive case f
and a base case g, where the variable z is bound to the holed
value r in f . When a list is “applied”, it just means that f is
to be folded over each value of the list in turn, until the base
case. On the right hand side, we have that the multiplexer
◁ copies r into r1,r2, which must be done explicitly since
copying is restricted. Then, f is applied to t, the credit, v, the
head, and the result of the recursive map over the tail l.

Because applying f consumes a chit, which are stored in
lists, there must be linearly many calls to f in the length of
the list. Iteration calls f multiple times, but it can’t make ex-
ponentially proliferating recursive calls. A variable in f may
be bound to another recursive term, allowing nested recur-
sion, but since it’s a holed term, it must be one level below f .
As a result, linear recursive calls can be nested only up to the
maximum level of a term. In order to increase the maximum
polynomial order of a term, one must increase its level.

What’s a VSA again?
Tomkins-Flanagan and Kelly (2024) define a VSA as:

A vector-symbolic architecture is an algebra (i.e., a vec-
tor space with a bilinear product),

1. that is closed under the product ⊗ : V ×V → V (i.e.,
if u⊗ v = w, then u,v,w ∈V )

2. whose product has an “approximate inverse” ⊗ that,
given a product w and one of its operands u or v, yields
a vector correlated with the other operand

3. for which there is a dogma for selecting vectors from
the space to be treated as atomic “symbols” (yield-
ing themselves, thereby, to syntactic manipulations
defined in terms of the algebra),

4. that is paired with a memory system M that stores an
inventory of known symbols for retrieval after lossy
operations (e.g., involution), that can be recalled from
M (p), and which is appendable M ↞ t, and

5. possesses a measure of the correlation (a.k.a., similar-
ity) of two vectors, sim(u,v) ∈ [−1,1], where 1 and
−1 imply that u,v are colinear, 0 that they are linearly
independent.

Certain VSAs relax the above properties, but all behave
in a manner that approximates these properties. Tomkins-
Flanagan and Kelly also show that VSAs are Cartesian closed
under these properties, meaning that a VSA can express an
arbitrary Turing-complete language over vectors of fixed di-
mension (so long as the memory may be arbitrarily large). For
our convenience, we extend the definition of a generic VSA
with permutations, used in HDM, as well as a second prod-
uct operator ⋆ and resonator networks, used in the residue
numbers we employ to encode the natural numbers.

A permutation Pc(v) is a function that reorders the di-
mensions of a vector v. That is, for a finite vector v ∈ V ,
Pc(v) = v′ ∈ V where v′j = vi, where all values of vi are
mapped to exactly one v′j. Permutations are invertible, so
P−1

c (Pc(v)) = v. The second product ⋆ behaves as ⊗, ex-
cept that a⋆b ̸= a⊗b in general, and each product has a dif-
ferent multiplicative unit. Given some composite representa-
tion v =

⊗k
i=1 ai, where ai ∈ Ai, a resonator network decom-

poses v into a tuple of the elements of which it is composed:
R(v,A1, ...Ak) = (a1, ...,ak).

Permutative concerns Permutations are typically applied
together with the first product operator ⊗ in order to achieve
asymmetric binding. That is, where a ⋆⃝ b = Pright(a)⊗
Pleft(b) for constant permutations Pleft,Pright,Pleft ̸=Pright, we
have that a ⋆⃝ b ̸= b ⋆⃝ a. This allows for the inductive en-
coding of sequences a ⋆⃝ (b ⋆⃝ (c ⋆⃝ ...)).

Residual notes Residue numbers use complex-domain
holographic reduced representations (Plate, 2003). We will
try to make the treatment as generic as possible for the pur-
pose of our formalism. Given a function ζ that generates
a VSA representation of a natural number n, ζ(n) = v, we
define the sum as ζ(n+m) = ζ(n)⊗ ζ(m) and the product
as ζ(nm) = ζ(n) ⋆ ζ(m). Numbers are encoded using a sum
of modular vector representations, so ζ(n) = zp(n)⊗ zq(n)⊗
zr(n) ⊗ ..., where p,q,r, ... are positive coprime integers, and
zs(n) = zs(n mod s). See Kymn et al. (2023).

Resonant decoding As above, a resonator network is de-
fined as R(ζ(n),P,Q,R, ...)= (zp(n),zq(n),zr(n), ...) for mod-
uli p,q,r, ... Each set S used in the decoding contains all
the possible values of the corresponding function zs, so S =
{zs(1), ...,zs(s)}, since zs(n) = zs(n mod s). When a nu-
meric representation is decoded into its modular constituents,
the exact value n can be decoded. Given we decode the
tuple (zp(n mod p),zq(n mod q),zr(n mod r), ...), we may
further infer that the tuple of natural numbers (n mod p, n
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mod q, n mod r, ...) identifies the encoded number n, That
tuple uniquely encodes n up to the least common multiple of
p,q,r, ... See Frady, Kent, Olshausen, and Sommer (2020).

Certain holographic declarations
Kelly et al. (2020) describes Holographic Declarative Mem-
ory (HDM), a declarative memory module for the ACT-R
cognitive architecture (Anderson, 1993) that uses a VSA
(specifically, holographic reduced representations; Plate,
2003) to encode memory chunks. In ACT-R, a chunk is a data
structure that can be held in memory. In ACT-R, declarative
memory contains both semantic and episodic memory, and,
when probed with the appropriate cue, will recall whatever
chunk it stores that is most similar to the cue.

There are two types of information stored in an ACT-R
chunk. They are sequential information, and slot-value infor-
mation. Each kind of information consists of symbols in the
sense intended by Newell (1980); namely, they refer to some
meaning (i.e., another object of cognition), and that having
a symbol confers distal access to whatever meaning it sym-
bolizes. Sequential information is coded in a list-like format,
where the symbols are ordered, and the position of each sym-
bol matters. In the slot-value format, symbols are stored in
named, unordered slots, and the chunk can be decomposed
by retrieving symbols from it in some known slot. We are
only interested in the slot-value encoding.

In HDM, each slot of a chunk has a permutation associ-
ated with it, Pslot. Objects of the same kind are stored in
chunks that contain the same slots, so, if one were repre-
senting shapes of various colours and sizes, one might have
chunks like (shape:circle colour:red size:large) or
(shape:square colour:blue size:small). A special
placeholder value Φ is stored and held constant across all
chunks. HDM is interested in the semantic content of val-
ues, for use in retrieval from declarative memory. As declara-
tive memory is cued with chunks similar to what was stored,
and probing it yields a chunk similar to the probe, values are
thought of as answers to the question “what goes in the empty
spot of my incomplete chunk?” Given one is storing informa-
tion about redness, instead of storing information about the
value red directly, HDM will store information about the con-
text in which red appears, and use a placeholder to stand in for
red. That is, supposing one has a large red circle in working
memory, and one is storing information about redness, one
stores qred = Pcolour(Φ)⊗ Pshape(vcircle)⊗ Psize(vlarge). The
resulting stored value corresponding to the colour red is just
the sum of all the stored contexts in which red occurs.

Because we can think of qred as a question to
which the colour red is an answer (i.e., an in-
complete chunk where red fills the colour slot), a
chunk may be constructed as c(large red square) =
Pcolour(vred) ⊗ Pshape(vcircle) ⊗ Psize(vlarge), and, should
one be interested in describing a neural network that is able
to complete type signatures given partial information, one
can train a network to associate vred with a distribution of
questions like qred. For our purposes, we are more interested

in chunks c. In the simple scheme presented by Kelly et al. for
HDM, chunks that are alike in structure and content will be
spatially nearby. However, the HDM scheme is slightly too
constraining, as chunks that are alike in structure, and similar
in content, but unalike in one value, will be very dissimilar.
Accordingly, we iterate on the HDM chunk representation
by following a BEAGLE-like formula (M. N. Jones &
Mewhort, 2007), and representing a chunk as the sum of the
products of all subsets the chunk. In the preceding example,
with C = P ({size : large , shape : circle , colour : red}),
c(size : large colour : red shape : square) =

∑c∈C
⊗

slot:value∈c Pslot(vvalue), where P denotes a pow-
erset. Chunks are normalized to a magnitude of 1. Because
the unary subsets of a chunk are encoded in its representation,
a value may be decoded from a chunk c by M (P−1

slot(c)),
provided values are stored in the memory system.

VSLRLLFPL, or, Doug
Tomkins-Flanagan and Kelly (2024) provide a method for
encoding any arbitrary syntax into a VSA using traditional
role-filler pairs commonly used in both symbolic (Ritter,
Tehranchi, & Oury, 2019) and vector-symbolic systems
(Plate, 2003; Smolensky, 1990). Therefore, in order to cap-
ture the polynomial time type system within the VSA, we
propose the following encoding.

Definition 4 (Doug Types) For the following definition sym-
bols marked in bold will denote vector-symbols of a suf-
ficiently high dimensionality D sampled according to the
dogma of the chosen VSA, except c, which denotes the chunk
constructor. The tags of the encoding will be Boolean, Map,
Tuple, List, Bang, and Credit.

Recalling the encoding scheme we derived from HDM
above, a chunk of slot-value pairs is encoded as, c(slot1 :
value1 slot2 : value2...) = ∑c∈C

⊗
slot:value∈c Pslot(value),

where C = P ({slot1 : value1 , slot2 : value2 ,...), we construct
the following types inductively.

For each type in Def. 1, we proceed step-wise with an en-
coding function:

boolean(n) := c(kind : Boolean type : B level : n),

map(d,c) := c(kind : Map
type : c(dom : d codom : c), level : n),

tuple(l,r) := c(kind : Tuple
type : c(left : l right : r), level : n),

list(n,s) := c(kind : List type : s, level : n),

bang(n,s) := c(kind : Bang type : s, level : n),

credit(n) := c(kind : Credit type : D, level : n).

Where n uniformly denotes a residue natural number.

The encoding allows for (1) structuring the different sub-
elements of the types in a compositional manner, (2) querying
a representation for a specific sub-element, and (3) a notion
of similarity between two types.

We encode the constants found in Def. 2 as follows:
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Definition 5 (Doug Constants) We maintain the same con-
vention as Def. 4 for denoting vector-symbols. Let us have
tag vector-symbols TT, FF, Casebool, Caselist, Cons, Nil,
Dollar, Pair, and Proj.

We proceed step-wise for each item in Def. 2,

tt(n) := TT+(level⊗n),

ff(n) := FF+(level⊗n),

casebool(n,s) := Casebool +(level⊗n)+(type⊗ s),

caselist(n, t,s) := Caselist +(level⊗n)+(from⊗ t)+(to⊗ s),

cons(n, t) := Cons+(level⊗n)+(type⊗ t),

nil(n, t) := Nil+(level⊗n)+(type⊗ t),

dollar(n) := Dollar+(level⊗n),

pair(n, l,r) := Pair+(level⊗n)+(left⊗ l)+(right⊗ r),

proj(n,s) := Proj+(level⊗n)+(type⊗ s),

where again n is some natural number encoding.

Constant terms of the language represent constructors and de-
structors of types, which are ways we can express type in-
troduction and elimination (Univalent Foundations Program,
2013, pg. 27).

Types and constants do not make up the whole language:
we must also have a way of encoding arbitrary expressions.

Definition 6 (Doug Terms) We adopt the same vector-
symbolic conventions above and sample vectors of the same
dimensionality. Following Def. 3, let the tag symbols be
annotation, Const, Lambda, App, Box, Brackets, and Sub.

Step-wise, the encoding of terms is as follows:

annotation(x,τ) := Annotation+(var⊗ x)+(type⊗ τ),

const(c) := Const+(val⊗ c),

lambda(x,τ, t) := Lambda+(var⊗ x)+(type⊗ τ)

+(body⊗ t),

app(t,s) := App+(rator⊗ t)+(rand⊗ s),

box(n,x,s, t) := Box+(let⊗ x)+(this⊗ s)

+(that⊗ t)+(level⊗n),

brace(n, t) := Brace+(level⊗n)+(term⊗ t),

sub(s,n,x1,x2, t) := Sub+(this⊗ t)+(that⊗ s)

+(level⊗n)+(x1⊗ x1)+(x2⊗ x2),

where n is some natural number encoded in HRR.

Discussion
Doug allows us to encode types over a vector space. We view
types as a sort of constraint on program synthesis; given a
type, one narrows a search space of possible programs. If a
type is chosen reasonably, and the type system is sufficiently
constraining, the search space may be constrained to such an
extent that searching for a program satisfying some goal can
be done in polynomial, not exponential time. Finding an op-
timal program, we expect, will remain computationally hard.

But finding any program that satisfies a goal, and furthermore,
constraining a search to only consider programs of constant
behaviour should not be, as, during skill acquisition, humans
tend to do so with ease: human skill acquisition is not dou-
bly exponential, connoting exhaustive search both for more
efficient programs and programs of the correct behaviour (as
suggested by Hutter, 2000, ch. 1), but singly-exponential,
connoting a hard search for more efficient procedures, but an
easier search for correct behaviour (Heathcote et al., 2000).

Dehaene, Al Roumi, Lakretz, Planton, and Sablé-Meyer
(2022) found that the neural representations for at least some
simple skills seem to have the information content of opti-
mal programs. There are two suggestions that follow from
their finding: First, that human mental representations must
be expressive enough to store arbitrary programs, at least up
to some maximum complexity permitted by memory capac-
ity. Second, humans are fairly good at finding optimal repre-
sentations, up to the limits of what is tractable. This result is
unsurprising: Hutter found that, given an optimal representa-
tion of the world, rational goal-directed behaviour is simple
to achieve. Humans tend to behave rationally, given the re-
sources to do so. Under the commitments of the common
model of cognition (Laird, Lebiere, & Rosenbloom, 2017),
humans are “boundedly rational”, or, one might say, rational,
up to the limits of what is tractable, and that the degree of
rational behaviour one can achieve is a skill issue.

Tomkins-Flanagan and Kelly (2024) argued that VSAs pro-
vide the machinery necessary to interpret brain states as syn-
tactically structured representations; in other words, if hu-
mans solve problems by generating skill programs that may
be optimal for some tasks, human brain states must encode
programs. Furthermore, humans must learn to generate those
programs efficiently, and, in order to do so, their search for
those programs must be constrained to a subset of programs
that may be useful. Those constraints must be sufficiently
strict to radically accelerate program synthesis relative to
brute-force search, and must also be interpretable as brain
states, and must be learnable, as humans somehow acquire
knowledge of the constraints appropriate to novel problems.

Doug is the first step in describing learnable, provably
strong constraints that might limit the complexity of program
synthesis. By constraining a type system to express only pro-
grams that run in polynomial time, programs typed with Doug
may express only tractable solutions to given problems. How-
ever, it remains to be shown which, if any, type systems can
make program synthesis polynomial, and whether learning
over those types does not take so long as to cancel any bene-
fits gleaned from constraint. Nevertheless, Doug captures im-
portant intuitions about what human skill acquisition should
be like, and provides a methodology by which future type
systems that really constrain program synthesis like humans
can be devised.
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Abstract

Interruptions are a fundamental challenge requiring in-
dividuals to efficiently manage task switching and cog-
nitive load. Artificial Intelligence (AI) assistants aim
to mitigate these challenges, yet their effectiveness is of-
ten hindered by poorly timed or irrelevant interventions.
This study explores the use of cognitive modeling to
predict human behavior in interruption-prone environ-
ments, with the goal of enhancing AI-driven assistance.
A controlled cooking task experiment was conducted, in
which participants completed a four-step recipe while
interacting with a robotic assistant providing task sug-
gestions with varying degrees of usefulness. An ACT-
R-based cognitive model, grounded in the memory for
goals framework, was developed to simulate human task-
switching behavior. Model validation followed an iter-
ative refinement process, comparing predictions against
human data. The findings indicate that the cognitive
model closely approximates human task execution times
in two conditions with different levels of usefulness of
the robot suggestions. The study demonstrates the fea-
sibility of using cognitive models to model and predict
human behavior in interruption tasks which could be
used to improve human-robot interactions.
Keywords: ACT-R, cognitive models, human-centered
technologies, disruptive interrupts, human aware AI

Introduction
Interruptions are an inherent aspect of modern life, re-
quiring individuals to frequently shift their attention be-
tween competing tasks. A common example is cook-
ing, where one must manage multiple processes simul-
taneously, such as stirring a sauce while ensuring that
the pasta does not boil over. Such multitasking sce-
narios require efficient cognitive strategies to maintain
progress and minimize errors (Koundal et al., 2024).
While some individuals navigate these challenges with
ease, others find them cognitively demanding, partic-
ularly when confronted with unexpected interruptions.
The extent to which an interruption disrupts task per-
formance depends on several factors such as interruption
duration (Borst, Taatgen, & Rijn, 2010), task complexity
(Speier, Vessey, & Valacich, 2003) or interruption timing
(Adamczyk & Bailey, 2004). Given the increasing com-
plexity of daily tasks, understanding and mitigating the
disruptive effects of interruptions is crucial for designing
intelligent systems that effectively support human users.

A promising approach to alleviating the cognitive de-
mands of multitasking is the integration of Artificial In-

telligence (AI) assistants. These systems have the poten-
tial to reduce users’ mental workload by providing timely
suggestions, reminders, or even autonomously handling
specific subtasks. However, despite their intended pur-
pose, AI assistants are often perceived as intrusive rather
than helpful, sometimes exacerbating cognitive strain in-
stead of alleviating it (Bitkina, Kim, Park, Park, & Kim,
2021). This issue arises particularly when AI systems fail
to recognize contextual nuances, leading to poorly timed
or irrelevant suggestions. As a result, understanding the
interaction between humans and AI better in order to
improve it is essential to ensure that these technologies
truly enhance user experience rather than hinder it.

A solution to this problem could be the use of cog-
nitive models, which can simulate and predict human
behavior and could therefore be used by robots to pre-
dict when and how suggestions are perceived as helpful
or disruptive. Cognitive architectures such as Adaptive
Control of Thought-Rational (ACT-R) (Anderson, 2007)
provide a well-established framework for modeling fun-
damental cognitive processes, including decision-making,
memory retrieval, and task switching. However, existing
literature lacks cognitive models of human responses to
interruptions in applied task switching scenarios. One
modelling example for interruptions in applied tasks is
(Wirzberger & Russwinkel, 2015).

This study investigates the use of cognitive modeling
to predict human behavior in an interruption-intensive
environment. A controlled cooking task experiment with
multiple steps that need to be executed sequentially
serves as the foundation of this research. Throughout
the task, a robotic assistant provides suggestions. This
means that the test subjects must repeatedly interrupt
their actual task in order to focus on the robot sugges-
tions, interact with them if necessary and then return to
the original task. Thereby, it creates a dynamic environ-
ment in which interruptions influence the performance
of the task while the usefulness of the robot suggestions
variates. To replicate human behavior in this setting,
a cognitive model based on ACT-R was developed, in-
corporating key cognitive mechanisms such as memory
retrieval, decision-making, and task resumption.

The study addresses the research question: "How accu-
rately can a cognitive model reproduce human behavior
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in an interruption task?" By comparing the model’s pre-
dictions to human experimental data, this paper evalu-
ates its ability to realistically simulate human task per-
formance in an interruption context. A more precise
understanding of the underlying cognitive processes can
lead to improvements in human aware AI and human
robot interactions, making them more context-aware and
less disruptive. Thereby, such an anticipatory robot
would have the ability to run a short simulation whether
the interruption in this moment would have a disrup-
tive effect or would be supportive. By providing the
ability to predict the impact of an interruption on the
human partner, this study lays the groundwork for fu-
ture advancements in intelligent human aware assistance
systems that aim to enhance efficiency while minimizing
cognitive strain in everyday life.

Background
Multitasking vs. Task Switching
In cognitive psychology, a distinction is made between
multitasking and task switching. While both concepts
involve managing multiple tasks, they differ in key as-
pects (Salvucci & Taatgen, 2008; Monsell, 2003). Mul-
titasking refers to performing multiple tasks simultane-
ously or in rapid succession, often requiring shared cog-
nitive resources. In contrast, task switching describes
situations where an individual must fully disengage from
one task before resuming another. Österdiekhoff, Hein-
rich, Russwinkel, and Kopp (2023) developed an agent
framework to predict when switching to another task
would be beneficial.

Theories
Several theoretical approaches have been proposed to ex-
plain how individuals manage interruptions.

Threaded Cognition The Threaded Cognition
framework (Salvucci & Taatgen, 2008) provides a model
for multitasking, treating tasks as independent cognitive
threads that compete for shared resources such as
attention, working memory, or motor control and is
used for scenarios where individuals perform multiple
tasks concurrently, such as driving while talking on the
phone. Within ACT-R, this is implemented by allowing
multiple task threads to operate in parallel, with a
resource allocation mechanism determining which task
gains priority when conflicts arise.

The applicability to the present study is limited, since
the task requires users to suspend their primary activity
in order to address a suggestion, rather than working on
both simultaneously.

Memory for Problem States The Memory for
Problem States theory (Borst et al., 2010) extends ex-
isting cognitive models by introducing the concept of
a problem state, a temporary representation in work-

ing memory that is essential for solving complex tasks.
Within ACT-R, this is implemented through the imagi-
nal module, which holds task-relevant information that
can be accessed without delay.

When a secondary task (interruption) requires its own
problem state, the system faces a bottleneck: Only one
problem state can be actively maintained at a time.
Consequently, the primary task’s problem state must be
stored in the declarative memory (DM), where it begins
to decay. Upon resumption of the primary task, retriev-
ing this state incurs additional cognitive costs and can
lead to errors if incorrect information is recalled.

Memory for Problem States provides a strong expla-
nation for the effects of interruption duration and task
complexity. However, it does not fully account for all
cognitive costs associated with task switching (Borst,
Taatgen, & Rijn, 2015) and its implementation complex-
ity makes it less suitable for the scope of this study.

Memory for Goals The Memory for Goals theory
(Altmann & Trafton, 2002) provides a simpler yet pow-
erful explanation for interruption handling, making it
the most appropriate framework for the present study.
This model posits that task goals are stored in the DM
when an interruption occurs, with their activation lev-
els decaying over time. The longer the interruption, the
more difficult it becomes to retrieve the original goal,
leading to increased resumption costs.

This theory also accounts for the role of task com-
plexity: during an interruption, individuals rehearse the
primary goal to maintain its activation level. When the
secondary task is highly demanding, less rehearsal oc-
curs, resulting in greater retrieval difficulty. While some
debate exists regarding the extent of rehearsal during
interruptions (Katidioti, Borst, & Taatgen, 2014), this
framework effectively captures key mechanisms underly-
ing task suspension and resumption. Its ability to ex-
plain task-switching costs, particularly in scenarios with
critical goal retrieval, makes it well-suited for modeling
human behavior in interruption-driven environments.

Methods
To gain further insights into the capabilities of a cog-
nitive model, more specifically ACT-R, regarding inter-
ruption behavior, pilot data were collected first in an
experiment focusing on an interruption process.

Experiment Setup
The experiment consists of a simple task that simulated
a cooking process in which participants are required to
follow a four-step recipe. This task was selected in or-
der to have a task that consists of several steps and is
based on a realistic application context for cooperation,
i.e. working together towards the same goal. Each step
consists of an ingredient and a corresponding prepara-
tion method which the participants had to select by in-
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Figure 1: User interface of the experimental design where
the participants had to select combinations of ingredients
(second row) and preparation methods (bottom) shown
in the current recipe (top) while being presented with
robot suggestions for such steps that can be declined or
accepted (third row)

teracting with a user interface (UI). For each selection
made in the UI, a predefined cool down period was im-
plemented to represent the required work time, during
which no additional selections could be made. A visual
representation of the UI is provided in figure 1. The par-
ticipants’ objective is to complete the recipe as quickly
as possible while making as few errors as possible.

During the experiment, a robot assistant provides step
suggestions, temporarily interrupting the participant’s
progress. The participant can either accept the robot’s
suggestion, allowing the robot to execute the recom-
mended step, decline it, after which a new suggestion
is generated following a random delay (max.10 sec), or
ignore it. To discourage participants from blindly ac-
cepting all suggestions, accepting an incorrect step re-
sults in a time penalty. To investigate the impact of
different robot suggestions, two types of robot assistants
were tested: (1) A random robot that suggests a com-
pletely random combination of ingredient and prepara-
tion method and (2) a realistic robot which suggests a
step, i.e. a combination of ingredient and preparation
method, that appears in at least one recipe, ensuring
more relevant recommendations. Out of the 15 possible
combinations of ingredients and preparation methods, 8
of them occur in at least one of the recipes.

Metrics
To evaluate task performance for both the human partic-
ipants and the model, completion times at four critical
points during the cooking process was analyzed.

1. First interaction with the UI: Time participants spend
reading the recipe and planning before starting

2. First interaction with a robot suggestion: Initial reac-
tion time to a suggestion, either accepted or declined

3. Midpoint of the recipe: Two steps completed
4. Recipe completion: Total time taken to finish the task

Data Collection and Model Development
A total of 11 participants took part in the study across
two main phases of data collection and model devel-
opment or testing, respectively. Each participant com-
pleted 16 recipes, each recipe twice per robot assistant
to ensure consistent data collection.

1.a. Initial Data Collection The initial pilot study
was conducted at the Friedrich-Alexander-Universität
Erlangen-Nürnberg, Germany with three participants.
This preliminary data was used to develop an initial ap-
proximation of the cognitive model.

1.b. Model Development The cognitive model was
refined in two steps.

(1) Initial Model Testing: Two different cognitive
modeling approaches were tested. Each model com-
pleted eight recipes per robot to mirror human testing
conditions. The models were compared to the initial pi-
lot participant data.

(2) Model Optimization and Reproducibility Testing:
ACT-R parameters were adjusted based on initial results
to improve accuracy. The refined model performed three
full experimental runs to ensure data consistency and
detect potential inconsistencies. Through these iterative
refinements, the model was optimized to more accurately
simulate human behavior in this interruption-prone en-
vironment.

2.a. Second Data Collection After refining the
model, a second phase of data collection was conducted
with eight additional participants at the University of
Lübeck, Germany. These participants ranged in age
from 22 to 60 years, with a median of 25. The sample
included two female and six male participants.

2.b. Model Validation In this final model evalu-
ation, the model was tested against these independent
participant data (evaluation participants) to test the
models predictions. This evaluation dataset served as an
independent test set, ensuring that the model’s predic-
tions were not biased by the initial data used to develop
the model.

Model
The cognitive model used in this experiment is based on
ACT-R (Anderson, 2007)1. It is given a virtual window
representing the cooking task explained in the exper-
iment setup and a mouse cursor to interact with this
window.

1Models, data, and experimental setup are available
on GitHub https://github.com/TimoWiesner/predicting
_disruptiveness_of_interrupts

183

Proceedings of the 23rd International Conference on Cognitive Modelling (ICCM 2025)

https://github.com/TimoWiesner/predicting_disruptiveness_of_interrupts
https://github.com/TimoWiesner/predicting_disruptiveness_of_interrupts


Figure 2: Interface provided to the ACT-R model where
the general structure is similar but visually simplified
compared to the UI presented to the participants

In relation to the UI in figure 1, the corresponding
interface provided to the model can be seen in figure 2.

Model 1

The first model begins by analyzing the recipe and cre-
ating an imaginal chunk containing the recipe name and
its corresponding steps. This information is then stored
in the DM for later recall. Once this initialization is
complete, the model starts to execute the cooking task.

Following a left-to-right sequence, the model processes
each recipe step by creating imaginal chunks for individ-
ual ingredient and preparation selections. Then, it inter-
acts with the UI by clicking the corresponding buttons
for each step. Between button clicks, the model contin-
uously checks for robot suggestions. If no suggestion is
found, it proceeds with the next step.

When a robot suggestion appears, the model clears
its current imaginal chunk and stores a new imaginal
chunk containing its current goal buffer values. This
ensures that the model can later retrieve its goal status
after handling the interruption. This step implements
the Memory for Goals theory (Altmann & Trafton, 2002)
within the model.

Once the goal buffer is saved in the DM, the model
attends the robot’s suggestion, generating an imaginal
chunk with the suggested ingredient and preparation
method. The model then shifts its visual attention to the
recipe name and attempts to retrieve the corresponding
recipe from the DM. If retrieval is successful, the re-
trieved recipe steps are compared to the suggested step
stored in the imaginal buffer. If a match is found, the
suggestion is accepted. Otherwise, it is declined.

After handling the suggestion, the model retrieves the
previously stored goal chunk, updates its current goal,
and resumes the cooking task from the exact point of in-
terruption, provided that the correct goal chunk is suc-
cessfully retrieved. This process is illustrated in figure 3
including the gray boxes.

Figure 3: A simplified workflow of the two model ap-
proaches is shown. Model 1: including the two gray
boxes, i.e. the steps to remember the recipe at the be-
ginning and recall it later, Model 2: only the white boxes,
i.e. the recipe is not remembered at the beginning and
the robot suggestions are compared visually later on.

Model 2
The second model is similar to the first model except
for two key aspects. This process can also be seen in
figure 3 whereby the steps shown in the gray boxes are
skipped. The first main difference concerns the attention
to the detailed steps of the recipe. Instead of storing
the complete sequence of steps, the model only memo-
rizes the recipe name and immediately proceeds with the
first cooking step. The second difference lies in how the
model interacts with the robot’s suggestion. Before at-
tending the suggestion, the model saves its current goal
into an imaginal chunk, similar to the first model’s ap-
proach. After storing its goal, the model encodes both
the suggested ingredient and the preparation method
into the imaginal buffer. However, rather than retriev-
ing the recipe from DM and comparing the suggestion to
stored recipe steps, the model directly examines the un-
finished steps still visible in the UI. If a matching step is
found, the model accepts the suggestion. If no match is
found, the model typically ignores the suggestion. Alter-
natively, it may also decline it when it anticipates that
a new suggestion might be more relevant to the recipe.
This was implemented in ACT-R by a slightly higher
utility for ignoring than declining.
Model parameters The following ACT-R (Anderson,
2007) parameters were used in the second model.

egs 0.5: This is a parameter which adds noise to the
utility of the productions to include some randomness.

bll 0.5: This parameter enables base-level learning. A
positive value sets the decay parameter and the strongly
recommended value of 0.5 was chosen for this model.

ans 0.2: This parameter adds instantaneous noise to
the activation, similar to the noise for utilities explained
before lying in the recommended range [.2,.8].
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Results
To stay within scope, only the final evaluation results are
presented. The second modeling approach aligned more
closely with human pilot data than the first and was
therefore chosen for comparison. Although still slower
than humans, it showed improved performance, mainly
due to reduced retrieval time during interruptions. Un-
like the first model, it retrieved only the goal state – not
the entire recipe – leading to more efficient task resump-
tion and closer approximation of human behavior.

Participant Results
One participant was excluded due to completing very few
recipes on time, indicating difficulties understanding the
task. Additionally, eight more trials (mainly the first and
second recipes) were excluded for not being completed
within the 1-minute limit, likely due to initial issues with
understanding the UI and task.

Comparison
The model data for the comparison is the data from the
specified second model approach which was providing the
most promising results in the previous test iterations.

Random Robot Looking at figure 4, the data col-
lected in the evaluation tests with the participants
matches closely to the initially collected pilot data, i.e.
shows similar discrepancy between the model’s results
and the human data. Especially the first interaction with
the robot diverges strongly with the human results with
a difference of 7.54 seconds (sec) to the prediction.
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Figure 4: Mean (and SD) time in seconds shown for
trials with random robot suggestions for both data sets
(pilot and evaluation data) and the data generated by
the second model (the one that fitted the pilot data best)

Overall, the data aligns closely with the model’s pre-
dictions. The initial UI interaction was only 0.3 sec
slower, differing by 0.66 sec from the prediction. Task

completion averaged 35.16 sec – 2.29 sec faster than pre-
dicted. The model showed a lower standard deviation
(SD) than participants, except for the first robot sug-
gestion interaction (model: 2.73 sec, participants: 2.41
sec). The model is slower in the first suggestion interac-
tion but reaches halfway through the recipe much faster
than participants. From there to completion, the differ-
ence is minimal (0.003 sec), indicating similar efficiency
in task completion.
Realistic Robot Figure 5 shows that the model’s pre-
dictions closely align with human data. The initial UI
interaction is just 0.6 sec faster, and the largest gap is
in the first suggestion interaction (2.97 sec to evaluation
data, 3.65 sec to pilot data). The model is closest after
completing two steps (1.01 sec difference) and finishes
the recipe only 0.53 sec apart. Overall, the model’s data
shows lower variance than human data.
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Figure 5: Mean (and SD) time in seconds shown for
trials with realistic robot suggestions for both data sets
(pilot and evaluation data) and the data generated by
the second model (the one that fitted the pilot data best)

The model was slightly faster than participants in its
initial UI interaction. It then took 11.08 sec to first
interact with a robot suggestion, compared to 7.51 sec
for participants – a difference of 3.57 sec. Completing
the second step took the model 5.03 sec, 1.96 sec faster
than participants (6.99 sec). From there to completion,
the model needed 17.79 sec, just 0.49 sec faster than
participants (18.27 sec).

Discussion
Accuracy and Predictive Power
The results of this study indicate that the cognitive
model successfully approximates human behavior in an
interruption-prone task, particularly in terms of task ex-
ecution time. A comparison of timing data between the
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model and human participants reveals minimal devia-
tions with differences of less than one second for task
initiation and from step two to recipe completion. This
suggests that the model effectively captures sequential
task processing and task resumption after interruptions.

The poor performance of the first modeling approach
provides insights into human task completion strategies,
suggesting that participants did not rely heavily on mem-
orizing the entire recipe before starting. Instead, they
appeared to adopt a step-by-step execution approach.
This behavior aligns with the improved performance of
the second model, which prioritized immediate task ex-
ecution with minimal retrieval demands.

Additionally, the model’s interaction with robot sug-
gestions closely aligns with human data when dealing
with realistic robot suggestions. The model also demon-
strated a sensitivity to suggestion quality aligning with
the initially collected participant data. However, this
was not reflected in the evaluation participants. This fur-
ther supports its validity in simulating human decision-
making in interruption scenarios.

However, differences emerged in interactions with the
random robot. The model displayed a stronger tendency
to ignore irrelevant suggestions for a prolonged period
compared to human participants. This discrepancy sug-
gests that the utility parameter for ignoring the robot’s
suggestions may require adjustment to better align the
model’s behavior with human responses. Refining this
parameter could enhance the model’s responsiveness and
further improve its similarity to human decision-making.

Limitations and Challenges

One limitation is the lack of a detailed error analysis.
Due to the study design, it was difficult to analyze the
exact types of errors that were made. However, it might
be interesting to have a closer look if the errors made
by the model are comparable to the type and amount
of errors made by the human participants. Also, the
evaluation phase always began with realistic robot sug-
gestions, potentially introducing order effects that influ-
enced participant performance. While the model suc-
cessfully approximated human behavior, a closer look
at the difference of relevance of the interruptions and
the cognitive processes and decision times would give
a more comprehensive understanding of the theoretical
concept behind the results. This study relied on the
Memory for Goals theory (Altmann & Trafton, 2002),
which provided a strong and interpretable framework for
task resumption. However, Memory for Problem States
(Borst et al., 2015) may offer a more detailed explanation
of cognitive processes during interruptions, especially in
complex multitasking scenarios. Future research should
explore this alternative framework to assess its potential
for even more precise human behavior predictions.

Outlook
Expanding Cognitive Model Applications The
findings of this study suggest that cognitive models can
simulate human behavior in an interruption context with
sufficient accuracy to provide alternative training data,
reducing reliance on direct human testing. Addition-
ally, a well fitted cognitive model could provide in-
sight into underlying processes such as memory retrieval
times in different stages of task execution and therefore
help to improve human-robot interactions by more ac-
curately anticipating the human’s behavior. However,
some trade-offs in accuracy remain.

While cognitive models cannot fully replace human
data collection, they can significantly reduce data acqui-
sition costs while maintaining reasonable fidelity. This
is particularly valuable for human-centered AI systems,
where understanding and predicting user behavior is cru-
cial for designing adaptive, interactive AI assistants.

Enhancing Model Variability To improve the use-
fulness of model-generated data, future studies should
focus on increasing model variability. A promising ap-
proach is to run the model with different cognitive pa-
rameters, simulating variations in human behavior due
to factors such as age, cognitive flexibility, or experi-
ence levels. This would enhance the dataset’s richness,
making it more applicable for training robust machine
learning models.

Validating ACT-R as a Quantitative Data Source
This study provides further validation of ACT-R as
a framework for simulating human cognition in task-
switching environments. While ACT-R has long been
used for theoretical cognitive modeling, its potential as
a quantitative data generator remains an emerging area
of research. The results support the feasibility of using
ACT-R for structured data collection, but further cross-
validation with real-world experiments is necessary to
establish its reliability for AI development.

Conclusion This paper shows that cognitive models
can feasibly predict behavior in interruption-prone tasks
and serve as alternative AI training data. However, task
specificity and small sample size limit generalizability.

Looking ahead, integrating more diverse cognitive pa-
rameters, exploring alternative theoretical models, and
conducting larger-scale controlled studies will be critical
steps in refining cognitive models as scalable tools for
human-centered AI research. As AI technology contin-
ues to evolve, leveraging cognitive models in this way
could significantly advance AI’s ability to interact intel-
ligently and seamlessly with human users.
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