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ABSTRACT

In high-stakes environments, where errors have severe consequences,
designing adaptive systems that adjust in real-time to a user’s cog-
nitive state is valuable but challenging due to the non-observable
nature of these states. This study explores a partially observable
Markov decision process (POMDP) framework to infer hidden cog-
nitive states and dynamically manage cognitive load, minimizing
the risk of cognitive overload. We tested two models: one based
on established literature and another fine-tuned with user data
using the Bayesian Particle Marginal Metropolis-Hastings (PMMH)
method. Both models were evaluated against a performance-adaptive
baseline in a user study. Our findings show that POMDP-based
agents significantly reduce errors, improve task performance over
time, and provide a more balanced perceived task difficulty. These
results suggest that while POMDP-based adaptive systems can
improve human performance, future work on cognitive adaptive
systems should focus on refining model estimation techniques to
better capture individual cognitive states.
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1 INTRODUCTION

Human-agent collaboration has gained increasing attention, driven
by research into how Al models can complement human capabili-
ties [2, 7, 31, 32]. This synergy is promising, particularly because
humans face cognitive limitations. For instance, in high-stakes tasks
such as emergency responses, Al-supported decision systems can
assist operators by presenting task-relevant information in stress-
ful environments, thereby reducing workload during time-critical
procedures [36]. Yet, if the Al delivers excessive or overly complex
information, the human operator risks cognitive overload, poten-
tially leading to fatal errors.

Cognitive load, the mental effort required to process and retain
information, is closely linked to the capacity of working memory
[53], which serves as a temporary storage system managing infor-
mation relevant to the task at hand. However, working memory
has a limited capacity that constrains the amount of information
that can be actively maintained at any given time [42]. When cog-
nitive load surpasses this momentary capacity, task performance
diminishes, resulting in errors and reduced efficiency [53]. This
is particularly problematic in high-stakes environments, where
maintaining situational awareness without overwhelming cogni-
tive resources is essential [25, 49]. Therefore, the development of
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cognitive adaptive systems could enhance performance by accu-
rately assessing and responding to the user’s current cognitive
capabilities, thereby preventing overload and enhancing overall
effectiveness [22, 41].

Significant progress has been made toward developing cognitive
adaptive systems, with recent studies predicting cognitive load as-
sociated with specific tasks [12, 38]. However, real-time systems
that can estimate an individual’s cognitive load and adapt accord-
ingly remain challenging to implement. This difficulty stems from
the fact that internal cognitive states are not directly observable
and vary based on individual and contextual factors [23]. For in-
stance, cognitive load is influenced not only by task complexity but
also by emotional states like affect, as well as fatigue, stress, and
task familiarity [11, 13, 23, 29]. While previous attempts to model
these cognitive states exist [17, 20, 27, 39], conventional methods
that adapt by increasing task complexity until failure often fail to
capture the nuances of individual cognitive capacity.

In this paper, we explore an adaptive framework where an Al
agent adjusts working memory task difficulty based on the user’s
cognitive capacity. The framework is tested in a simulated high-
stress environment with varying stress levels to assess its robust-
ness. The Al dynamically adjusts task difficulty to maintain optimal
cognitive load and performance. Since cognitive states are not di-
rectly observable, we use a partially observable Markov decision
process (POMDP) to infer hidden cognitive states based on user
actions and feedback. The POMDP’s ability to gather information
over time refines cognitive load estimates, enhancing task adap-
tation. Through reinforcement learning, the agent determines an
optimal policy to manage cognitive load and minimize overload
risk.

We implement two models: one based on established cogni-
tive capacity theories and a second fine-tuned using task-specific
data through the Bayesian Particle Marginal Metropolis-Hastings
(PMMH) method, proven effective in hidden Markov models (HMMs)
[46]. The effectiveness of these models is evaluated through a user
study comparing them to a standard adaptive algorithm, measur-
ing both objective performance and participants’ perceived task
difficulty. This comparison demonstrates the benefits of dynamic
cognitive load management. Our hypotheses include:

e H1 The POMDP framework reduces user errors compared
to the standard adaptive method, while maintaining task
difficulty.

e H2 Users perceive tasks as more balanced in difficulty when
using the POMDP framework compared to the traditional
method.

e H3 The POMDP framework achieves results in less error
over time in comparison to the traditional method.



e H4 The fine-tuned model leads to better performance out-
comes and a more positive user experience compared to the
theory-based model.

Our findings show that the POMDP model offers significant
advantages over traditional methods in memory tasks, reducing
user errors while balancing actual and perceived task difficulty.
Although the fine-tuned model outperformed traditional methods, it
did not significantly surpass the theory-based model. These results
highlight the POMDP framework’s potential, but further research
is needed to enhance its effectiveness with real user data.

This paper contributes the following:

(1) Adaptive Model Design: A novel working memory model that
predicts an individual’s capacity and enables real-time dynamic
adjustments. (2) Bayesian Fine-Tuning: A sophisticated Bayesian
method to fine-tune the POMDP model with user-specific data,
potentially improving cognitive load predictions. (3) Evaluation
Against Traditional Methods: A user study comparing the POMDP
agent to conventional methods, showing potential to reduce errors
and balance task difficulty, with areas for further improvement.

2 BACKGROUND AND RELATED WORK

This section reviews cognitive adaptive systems and POMDPs in
Human-Computer Interaction (HCI), with a focus on how cog-
nitive load management and adaptive mechanisms improve task
performance and user experience. The first part examines cognitive
adaptation strategies, while the second explores the application of
POMDPs in modeling complex human behaviors under uncertainty.

2.1 Cognitive Adaptive Systems

Early applications of cognitive adaptive systems appeared in high-
stakes environments [22, 25, 26], focusing on optimizing dynamic
interactions between human operators and machine interfaces un-
der critical conditions. These systems typically followed a gener-
alized, one-size-fits-all approach, adapting to operators’ mental
workload, environmental factors, and mission criteria due to the
lack of reliable methods to measure individual cognitive differ-
ences [47]. While these early systems established key principles for
adaptive interface design, they often lacked the sophistication and
personalization needed to account for cognitive variability.

Subsequent research has made significant progress in modeling
and detecting cognitive load on an individual basis [5, 8, 35, 44, 47].
Furthermore, studies across various domains demonstrate the bene-
fits of integrating cognitive load assessments into adaptive systems.
For instance, Chan et al. [15] developed a cognitive context-aware
system that improved user receptivity to memory tasks under low
cognitive load, while Lindlbauer et al. [41] adapted mixed reality
designs based on users’ cognitive states. Predictive models, such as
Kelleher and Hnin [38], enhance adaptive learning tools by forecast-
ing cognitive load, and Barral et al. [8] demonstrated the feasibility
of real-time user modeling.

Despite these advancements, a gap remains in research that both
develops user models and implements corresponding interventions
[58]. Many systems focus on detecting user states and predicting
challenges but fall short in dynamically adjusting the task environ-
ment or workload. While the groundwork for cognitive adaptive

systems is in place, the challenge of inferring hidden cognitive
states and adapting to them in real time remains unresolved.

2.2 POMDP models in HCI

POMDPs are particularly well-suited for capturing complex human
behaviors, such as those influenced by mental states or intentions,
due to their ability to model latent states [16, 30, 52, 54, 55]. As a
result, they provide a natural solution for inferring hidden cognitive
states. Moreover, their ability to manage uncertainty and adapt
dynamically to human interactions has led to widespread use in HCI
[34] and human-robot collaboration (HRC) [40], particularly for
modeling complex decision-making under uncertain conditions. A
key advantage of POMDPs is their capacity for active data gathering,
enabling the model to make informed decisions based on current
observations while considering actions that could enhance future
outcomes. This ability to gather and process information in real
time makes POMDPs an intriguing tool for designing adaptive, user-
centered systems that can respond to evolving cognitive states.

Despite the benefits of the POMDP framework, applying it to
real-world problems remains challenging due to the complexity of
estimating latent model parameters from literature and the difficulty
of deriving the true POMDP model from data [56]. Traditional
methods, such as the Baum-Welch algorithm, rely on maximum
likelihood estimation, which often fails to adequately account for
parameter uncertainty [19].

In response, Bayesian methods have gained traction, offering a
probabilistic framework that handles uncertainty in model param-
eters and incorporates prior knowledge. This makes them partic-
ularly useful in complex scenarios, providing a more robust and
accurate alternative for POMDP model estimation. Recent research
has demonstrated the potential of Bayesian methods in the esti-
mation of cognitive models [37], highlighting their potential in re-
lated areas. Among these techniques, Particle Marginal Metropolis-
Hastings (PMMH) [4] has emerged as a powerful method for param-
eter estimation in Hidden Markov Models (HMMs) [19]. PMMH,
a Bayesian Markov Chain Monte Carlo (MCMC) algorithm, com-
bines the strengths of particle filtering with MCMC'’s robustness,
allowing efficient sampling from the posterior distribution of model
parameters.

Given the success of PMMH in HMMs, it is reasonable to hy-
pothesize that this method could also be effective for POMDPs.
HMMs are similar to POMDPs in that both involve latent states and
uncertainty in observations, but HMMs lack the action component
present in POMDPs. This similarity suggests that PMMH could
provide a more robust and scalable alternative to the traditional
Baum-Welch approach for POMDPs. By leveraging the probabilistic
nature of Bayesian inference, PMMH can explore the parameter
space more thoroughly and provide more accurate estimates, es-
pecially in scenarios where model complexity or large data sets
present significant challenges.

3 METHODS

In this section, we describe the development, implementation, and
evaluation of two POMDP models for managing cognitive load in
high-stakes tasks, compared against a baseline in a user study (see
Figure 1 for an overview of the models).
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Figure 1: The setup of the agent conditions in the study. We
define a baseline and theory-based POMDP model. The fine-
tuned model is based on the user data from both the baseline
condition and the theory based model.

This study centers around a wire-cutting task, inspired by collab-
orative problem-solving in bomb defusing scenarios and the game
Keep Talking and Nobody Explodes [28]. A visual representation of
the task is shown in Figure 2. In the task, an Al agent communicates
a sequence of wires to the participant, who then has to remember
the sequence and solve a puzzle by cutting the correct wires. Par-
ticipants are then tested for their recollection of the wires. This
process was repeated twelve times within a 30-minute timeframe
to measure cognitive fatigue without overburdening participants
[1]. To simulate varying levels of stress, the task becomes more
demanding midway through the trials.

At each time step, the agent determines how much information
to relay, balancing the risk of cognitive overload with the need
for sufficient information. The models were evaluated on their
ability to manage this balance, ensuring participants could process
the information effectively without becoming overwhelmed. The
following sections detail the development of agent conditions and
the design of the user study.

3.1 Baseline

In the baseline condition, the agent was equipped with a performance-
adaptive algorithm for working memory, as described by Woods
et al. [60]. This algorithm dynamically adjusts task difficulty based
on the participant’s performance to better match their working
memory capacity. When the participant responds correctly, the
difficulty increases, and the agent adds one more wire to remember.
If the participant fails twice in a row, the agent reduces the number
of wires by one.

3.2 Theory-based POMDP

To establish a robust model for predicting human performance
in our wire-cutting task, we developed a theory-driven POMDP
model based on established research in cognitive psychology and
human factors. Specifically, the model incorporates key factors that
influence cognitive load, including task familiarity, fatigue, and
stress.

Task Familiarity. Research shows that as individuals become
more familiar with a task, their cognitive load decreases because
routine processes become more automated, allowing them to handle
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Figure 2: The wire cutting task. At the top half we see an agent
that correctly estimates the users current working memory
capacity. At the bottom half, the agent overestimates the
users working memory capacity and relays too many wires.

more complex aspects without overloading working memory [29,
51, 57]. In our model, we assume that participants’ working memory
capacity increases as they progress through the task, reflecting their
growing familiarity with its demands.

Fatigue. Mental fatigue affects cognitive load management over
time, reducing the mental resources available for processing in-
formation and learning [11, 48]. Our model accounts for this by
simulating a gradual decline in working memory capacity as a
function of time, reflecting the accumulation of cognitive fatigue
participants may experience during prolonged tasks.

Stress. Stress can indirectly increase cognitive load by impairing
focus and narrowing attention [14], making individuals more sus-
ceptible to distractions, which often leads to poorer performance
[10]. Additionally, cognitive resources may be diverted to managing
emotional responses rather than concentrating on the task [13, 23].
Our model reflects this by making a decline in working memory ca-
pacity more likely under stressful conditions, simulating the impact
of stress on cognitive performance.

We formally define our working memory POMDP as follows:

Definition 3.1 (Working Memory POMDP). The Working Memory
(WM) POMDP is tuple (S, A, Q,T,O,R,y), where:

o S is the set of states s: < WMC, tr >. There are 8 working
memory capacities WMC = 3,...,10and 12 trials tr = 1, ..., 12.
The WMC represents the number of items the user can re-
member, starting with 3 items, as defined in the working
memory performance adaptive algorithm [60]. The maxi-
mum number of items is 10, which was the highest working
memory capacity reached in a pilot study (n=31). The 12



trials represent the total number of trials the user must com-
plete. At each step, the environment is in a state s € S.

e Ais the set of actions {3, ..., 10}. There are 8 different actions,
each corresponding to one of the 8 WMC states. These ac-
tions, taken by the agent, represent the number of items the
agent assigns for the user to remember.

o Q is the set of observations {incorrect, correct}. These rep-
resent the agent’s possible observations after assigning a
number of items to the user. The user’s response is either
correct or incorrect.

e T is the transition matrix |S| X |A| X |S|, where T[s’, a,s] =
p(s’|a, s), which is the probability of transitioning to state
s, given that the agent takes action a in state s. Transition
probabilities were modeled using a Gaussian distribution
to simulate progression over time steps. The initial state
distribution by is assumed to be uniform.

e O is the observation matrix |Q| X |A| X |S|, where O[o, a, s| =
p(ola, s), thus the probability of observation o, given action
a in state s. There was a fixed 10% probability of receiving
an incorrect observation.

e Ris the reward function for the state-action pair |S|x|A|. The
agent receives a reward of +100 when its assigned number
of items matches the user’s working memory capacity. If
the agent assigns more items than the user can handle, it
receives a penalty of -50, whereas assigning fewer items
incurs a smaller penalty of -10. Rewards are provided at each
transition and accumulated over the course of an episode.

e y is discount factor of 0.95. The discount factor determines
how future rewards are weighted relative to immediate re-
wards.

In the 12 trials, we simulated the effects of task familiarity, stress,
and fatigue by skewing the transition distribution. During time
steps 1-5, working memory capacity was more likely to expand
as the user became familiar with the task, so the transition dis-
tributions skewed toward higher capacity states. At time step 6,
a stressor reduced cognitive resources, leading to a decrease in
working memory capacity. Similarly, at time steps 9-12, working
memory capacity was more likely to decline due to fatigue, with
the transitions skewed toward lower capacity states.

The agent’s policy was designed to maximize user performance
by dynamically adjusting task difficulty in response to inferred
cognitive load, ensuring the task remained challenging but not
overwhelming. The inferred cognitive load, or the agent’s belief,
was represented as a probability distribution over possible working
memory capacity states, as shown in Figure 3.

3.3 Fine-tuned POMDP

To fine-tune our model, we used data from both the baseline and
working memory POMDP conditions. Model parameters were esti-
mated using the PMMH algorithm with Adaptive Metropolis covari-
ance adaptation, as outlined by [59]. The priors for the parameters
were based on our theory-based model, with a standard deviation
of 0.2, prioritizing estimates that deviated by less than 20% prior
model to aid model conversion.
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Figure 3: (Partial) Working Memory POMDP policy. In the
gray matrices, we see the belief of the agents represented by
the possible working memory capacity states, and accompa-
nying probabilities. The nodes represent the actions that the
agent takes (the number of wires the agent assigns to the
user). The user can either respond correct (check) or incor-
rect (cross). Given this response, the agent updates its belief
for the next step.

3.4 User Evaluation

We conducted a user study on Prolific to evaluate our model. A total
of 120 participants were recruited, with 40 participants assigned to
each condition: (1) the baseline, (2) the theory-based POMDP, and
(3) the fine-tuned POMDP. The sample was balanced by gender (50%
male, 50% female), covered a wide age range (18-50), and included
individuals from diverse cultural backgrounds while ensuring ad-
equate English proficiency. The study followed ethical guidelines
and was approved by our institutional Research Ethics Board.

3.5 Evaluation Metrics

The following metrics were used to evaluate task performance, cog-
nitive load, and user experience across the experimental conditions.
A summary of the variables is provided in Table 1.

Task Performance. Task performance was measured by the accu-
racy with which participants recalled the wires. Accuracy for each
trial was recorded as 0 for incorrect recollection and 1 for correct
recollection.



Variable Description

Agent Condition The agent: baseline, theory-based POMDP, or fine-tuned POMDP.
Trial Number The specific trial number (1-12) in the experiment.
Stress Condition Two phases: lower stress in trials 1-6 and higher stress trials 7-12.
Task Performance Accuracy of wire recall (0 = incorrect, 1 = correct).
Task Difficulty Number of wires assigned; more wires indicate greater difficulty.
Perceived Difficulty  Subjective rating of difficulty: "Easy," "Moderate," or "Difficult."
Stress-Level Ratings  Stress rated per stress condition on a 0-10 visual analog scale (VAS).

Table 1: Summary of Evaluation Metrics and Variables

Task Difficulty. Objective task difficulty was determined by the
number of wires assigned to the participant, with more wires indi-
cating higher difficulty. The agent tailored this difficulty to match
the user’s working memory capacity.

Perceived Difficulty. Participants rated the difficulty of remember-
ing the wires on a 3-point scale: "Easy," "Moderate," and "Difficult."

Stress-Level Ratings. Stress levels were measured using a visual
analog scale (VAS), with 0 indicating "no stress" and 10 representing
"the highest imaginable level of stress" This method, adapted from
Barre et al. [9], has been validated for measuring emotional states,
including stress.

3.6 Study Procedure

After providing informed consent, participants began the experi-
ment by completing a brief trial to familiarize themselves with the
wire-cutting task. After which they completed the first block of six
trials, where the agent communicated information for participants
to decide which wire to cut. After each trial, neutral feedback was
provided ("Correct" or "Incorrect”).

Following the first block, pressure was introduced using a modi-
fied design from Sattizahn et al. [50]. Participants were informed
that they had been paired with another participant and could win
$3 if they both completed the next block faster while maintaining
accuracy. The pressure was further increased in the second block of
six trials by displaying a red timer during each trial and providing
more intense feedback ("OK" for correct and "WRONG" in red for
incorrect), following the method of Almazrouei et al. [3].

After each block, participants’ perceived stress was measured
using a Visual Analog Scale (VAS). After each trial perceived task
difficulty was measured.

3.7 Analysis Procedure

Overall Difficulty and Performance. The overall objective perfor-
mance and objective difficulty across the three agent conditions
were compared. Since the data were not normally distributed, group
means were compared using the Kruskal-Wallis test. This analysis
addresses the first and partially the fourth research question.

Perceived Difficulty. The overall perceived difficulty across all
agent groups was compared using the Chi-squared (y?) test. This
analysis contributes to answering the second research question and
partially addresses the fourth research question.

Performance Over Time. To explore the effect of the agent on
performance over time, we will visually inspect agent trajectories
and conduct a logistic regression analysis. Additionally, we will
examine how stress responses over time might be mitigated by the
agents using a repeated measures ANOVA. These analyses help
answer the third research question and contribute to the partial
answer of the fourth research question.

4 RESULTS

Overall performance. Figure 4 shows the overall performance,
i.e,, the sum of correct answers per participant. A Kruskal-Wallis
test revealed a significant difference between the agent groups
(p < 0.05). Post hoc pairwise comparisons, conducted using Dunn’s
test with Bonferroni correction, indicated that both the theory-
based model and the fine-tuned model resulted in significantly
higher accuracy compared to the Baseline (p < 0.05 for both theory-
based Model vs. Baseline and fine-tuned Model vs. Baseline). No
significant difference in accuracy was found between the theory-
based Model and the fine-tuned Model.

Additionally, no significant differences were found in the mean
number of wires provided by the agents i.e. overall difficulty across
the agent groups, indicating that the POMDP agents did not consis-
tently assign easier or more difficult tasks compared to the Baseline
condition. The mean number of wires per participant for each group
are shown in Figure 5.
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Figure 4: The sum of correct responses of each participant
per agent condition.
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Figure 5: The mean difficulty i.e. the mean number of wires
over all trials for each participant per agent condition.

Perceived difficulty. A Chi-square test of independence was con-
ducted to examine the distribution of perceived difficulty levels
(Difficult, Moderate, Easy) across the agent groups, revealing a sig-
nificant difference, y?(4, N = 3) = 16.76, p < 0.05. The contingency
table is shown in Table 2. Post-hoc pairwise comparisons with Bon-
ferroni correction indicated a significant difference between the
Baseline and theory-based POMDP conditions (p < 0.05). No signif-
icant differences were found between the Baseline and fine-tuned
POMDP conditions (p = 0.742) or between the theory-based and
fine-tuned conditions (p = 0.160).

Difficulty Baseline Theory-Based Fine-Tuned Total

Difficult 319 282 308 909
Moderate 133 185 152 470
Easy 28 13 20 61

Total 480 480 480 1440

Table 2: Comparison of Difficulty Levels Across the three
agent conditions

Agent trajectories. The mean number of items provided by the
agent per trial, along with the summed correct responses per trial, is
shown in Figure 6. The logistic regression analysis revealed several
significant findings, detailed in Table 3. Trial was found to have a
significant negative effect on the performance (p < .05), indicating
that as the trial number increases, the log-odds of correct responses
decreases. Both POMDP conditions also showed a significant reduc-
tion in the log-odds of correct responses compared to the baseline
(p < .05). However, the interaction between trial and both POMDP
agents had a significant positive effect (p < .05), suggesting that ini-
tially, the POMDP agents had lower log-odds of correct responses
than the baseline. Over time, as the trial number increased, the log-
odds of correct responses for the POMDP conditions also increased,
indicating a higher probability of correct responses as participants
progressed through the task.

Parameter Log-Odds SE 95% CI p

(Intercept) 1.26 0.21 [0.85,1.68] <.001
trial -0.16  0.03 [-0.21,-0.10] <.001
Agent [POMDP] -1.80 029 [-2.39,-1.23] <.001
Agent [POMDPf] -1.03 029 [-1.61,-0.46] <.001
trialx Agent [POMDP] 0.34 0.04 [0.26,0.42] <.001

trialx Agent [POMDP] 0.21 0.04 [0.13,0.29] <.001

Table 3: Logistic Regression Results

Effect DFn DFd F ) n? (gen)
Agent 2 117 0.4973  0.6095 0.006975
StressCondition 1 117 45.3828 <.001 0.063094
Agent:StressCondition 2 117 11.8928 <.001 0.034092

Table 4: ANOVA Results

Stress. A repeated measures ANOVA examined the effects of
Agent, StressCondition, and their interaction (Agent:StressCondition)
on Stress. The ANOVA table can found in Table 4. The main effect
of Agent was not statistically significant. In contrast, a significant
main effect of StressCondition was found (p < .05). Furthermore, the
interaction between Agent and StressCondition was also statistically
significant (p < .05). This suggests that while the type of Agent
alone did not significantly influence the outcome, however, that the
impact of StressCondition varied depending on the level of Agent.
This interaction effect can be seen in Figure 7.

5 DISCUSSION

In this study, we explored the design and evaluation of an Al agent
that adapts task difficulty based on the user’s working memory
capacity. We employed a Partially Observable Markov Decision
Process (POMDP) framework to model the dynamic interaction
between the agent and the user, with the goal of minimizing cogni-
tive overload and improving task performance. The effectiveness
of the POMDP agents, both theory-based and fine-tuned, was eval-
uated by comparing their performance against a baseline adaptive
algorithm in a user study.

The POMDP-based agent was specifically designed to operate
within the user’s cognitive limits, dynamically adjusting task diffi-
culty to balance cognitive load. Our results show that participants
made significantly fewer errors overall when interacting with a
POMDP-based agent compared to the baseline algorithm. Notably,
the objective difficulty levels assigned by the POMDP agents were
not significantly different from those assigned by the baseline. This
supports our first hypothesis (H1) and indicates that the agents
did not rely on simplistic strategies to reduce errors but instead
effectively managed cognitive load to optimize task performance.
In addition to objective performance metrics, we examined partici-
pants’ perceptions of task difficulty and stress. In the theory-based
POMDP condition, users rated the task difficulty as significantly
different from the baseline, with more trials rated as "moderate dif-
ficulty" rather than "difficult” or "easy," suggesting better alignment
with their working memory capacity. This supports hypothesis
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H2, indicating that the theory-based POMDP agent achieved a
more balanced difficulty level. Furthermore, the users’ perception
of balanced difficulty suggests that the theory-based agent not only
optimized task difficulty in measurable terms but also created a sub-
jective experience that felt appropriately challenging. This aligns
with studies on adaptive learning systems, which emphasize the
importance of aligning system behavior with user states to improve
satisfaction and outcomes [18].

In addition to overall performance metrics, we examined the
effect of the adaptive POMDP agents over time. A reduction in
errors observed across both POMDP conditions supports our third
hypothesis (H3), demonstrating how the POMDP framework ac-
tively estimated and adjusted to users’ working memory capacity

in real-time. This reduction in errors, driven by effective cognitive
load management, aligns with cognitive load theory [53] and under-
scores the advantages of cognitive adaptive automation in complex
tasks [21]. Moreover, participants in the theory-based POMDP con-
dition appeared less affected by stressful situations, suggesting that
the agent’s adaptive adjustments helped mitigate the impact of
stress. This reduction in stress, which may have allowed partici-
pants to allocate more cognitive resources to the task, potentially
boosted performance [13, 23]. These findings align with research
showing that well-designed adaptive systems can reduce perceived
stress and cognitive load [29, 45].

These findings have important implications for the development
of adaptive systems, particularly in areas where managing cognitive
load is critical. In addition to high-stakes scenarios, such systems
could be valuable in educational technologies, user interfaces, and
conversational agents. The ability of POMDP-based systems to dy-
namically adjust task difficulty based on real-time assessments of
working memory capacity suggests that similar approaches could
enhance the design of conversational agents. For example, conversa-
tional agents could adjust the complexity or amount of information
presented to optimize user engagement and comprehension with-
out overwhelming the user [24, 33]. This is especially relevant in
educational and assistive technologies, where balancing informa-
tion delivery with user capacity is crucial for maintaining both
effectiveness and user satisfaction [6, 18, 43].

Interestingly, we did not observe significant performance differ-
ences between the POMDP agent and the agent fitted with user-
specific data. Therefore we cannot accept our final hypothesis (H4).
This lack of difference could be attributed to several factors. First,
the theory-based agent may have been broad enough to accommo-
date the variation between participants, making further fine-tuning



unnecessary for this task. Additionally, the fine-tuned agent may
not have been optimally fitted or might have been overfitted, result-
ing in a model that failed to fully capture the nuances of individual
cognitive states in new users. These challenges highlight the dif-
ficulties in translating advanced algorithms from simulations to
real-world applications. In simulation environments, it is both fea-
sible and often recommended to restart the model-fitting process
to refine the models [19], as parameters can be iteratively adjusted
and validated against simulated outcomes. However, in real-world
settings, this iterative validation process is much more challenging.
Since the critical variables in these models are often hidden, there
is no straightforward way to predict in advance whether a fitted
model will perform well in practice. This underscores the need for
more robust and thoroughly tested model-fitting methods that can
better generalize to real-world conditions.

Despite these challenges, both the theory-based POMDP agent
and the fine-tuned POMDP agent significantly outperformed the
baseline adaptive algorithm. This suggests that even a basic model
within the POMDP framework can offer substantial benefits in
managing cognitive load and enhancing user performance, aligning
with research that Al systems can augment human performance
[2]. The success of the POMDP approach highlights its potential
for developing adaptive systems in real-world applications. Future
research could explore integrating these models into conversational
agents, enabling such systems to not only respond to user inputs but
also dynamically anticipate and manage cognitive load, improving
both user satisfaction and system effectiveness.

6 CONCLUSION

In this study, we explored the design and implementation of a
POMDP framework for adapting to cognitive load through a user
study. Participants working with a POMDP-equipped agent demon-
strated better accuracy and improved performance over time in
a working memory task. Additionally, the theory-based POMDP
agent mitigated the effects of stress and provided a more balanced
perceived difficulty. However, the fine-tuned POMDP agent, which
was adjusted using user-specific data, did not yield additional ben-
efits, suggesting that the fine-tuning process did not significantly
improve performance.

These findings highlight the advantages of the POMDP frame-
work in managing cognitive load and enhancing task performance,
while also underscoring the challenges of model estimation in real-
world applications. Future research should focus on developing
robust estimation techniques to better handle the complexities of
real-world data.
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