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Abstract

Large Language Models (LLMs) excel in tasks from transla-
tion to complex reasoning. For AI systems to help effectively,
understanding and predicting human behavior and biases
is essential. However, it remains an open question whether
LLMs can achieve this goal. This paper addresses this gap by
leveraging the reasoning and generative capabilities of LLMs
to predict human behavior in two sequential decision-making
tasks. These tasks involve balancing between exploratory and
exploitative actions and handling delayed feedback, which
is essential for simulating real-life decision processes. We
compare the performance of LLMs with a cognitive instance-
based learning (IBL) model, which imitates human experien-
tial decision-making. Our findings indicate that LLMs excel
at rapidly incorporating feedback to enhance prediction ac-
curacy. In contrast, the IBL model better accounts for human
exploratory behaviors and effectively captures loss aversion
bias — the tendency to choose a sub-optimal goal with fewer
step-cost penalties rather than exploring to find the optimal
choice, even with limited experience. The results highlight
the benefits of integrating LLMs with cognitive architectures,
suggesting that this synergy could enhance the modeling and
understanding of complex human decision-making patterns.

Introduction
Understanding and predicting human behavior in decision-
making settings is crucial for developing AI systems that
can effectively collaborate with people and help them make
informed decisions and avoid cognitive biases and limita-
tions (Hoffman, Bhattacharjee, and Nikolaidis 2023; Bansal
et al. 2019; Zhang et al. 2021; Rastogi et al. 2023). One
common approach to predicting individual behavior is using
machine learning techniques to model their decision-making
processes based on past behaviors. These techniques include
imitation learning (e.g., behavior cloning (Torabi, Warnell,
and Stone 2018)) and machine theory of mind (ToM) (i.e.,
ability to reason about the mental states of others, includ-
ing) (Abbeel and Ng 2004), Bayesian ToM (Baker et al.
2017), or neural networks (Rabinowitz et al. 2018)). How-
ever, these methods often require extensive training datasets
and struggle to model human decision-making accurately
with limited samples.
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The recent rise of large language models (LLMs) such
as ChatGPT (Ouyang et al. 2022), PaLM (Chowdhery et al.
2023), and LLaMA (Touvron et al. 2023) has demonstrated
their remarkable capabilities in semantic understanding and
intent reasoning (Brown et al. 2020; Zhang et al. 2023) by
encoding a wide range of human behaviors from their train-
ing data. These advancements offer new opportunities for
employing LLMs as work assistants, particularly in creat-
ing LLM-powered decision support systems (Allen, He, and
Gadiraju 2023; Chiang et al. 2024; Wang et al. 2024).

A growing body of research has shown that these LLMs
can perform at human levels, or even above, in many ex-
periments (Binz and Schulz 2023b; Dasgupta et al. 2022;
Shiffrin and Mitchell 2023) and tasks designed to test dif-
ferent aspects of reasoning (Mahowald et al. 2024). How-
ever, empirical findings on their ability to account for ToM
are mixed. While some studies show promising results (Stra-
chan et al. 2024), others highlight limitations in accurately
reasoning about the mental states of others in different ToM
tasks (Ullman 2023). From an empirical standpoint, little is
currently understood about whether these models can pre-
dict and capture human-like behavioral characteristics, espe-
cially human cognitive biases (Mitchell and Krakauer 2023).
For instance, an experiment in sequential decision-making
that required a trade-off between exploration and exploita-
tion showed that GPT-3 outperformed human subjects by
relying heavily on exploitative strategies (Binz and Schulz
2023b). In contrast, people tended to apply a combination of
elaborate exploration strategies (Wilson et al. 2014).

Prior research has shown that humans rely on various
cognitive mechanisms when making decisions (Gonzalez,
Lerch, and Lebiere 2003a; Erev et al. 2010; Lebiere et al.
2013). These cognitive models have been instrumental in
understanding the strengths and limitations of human perfor-
mance and machine learning algorithms (Thomson, Lebiere,
and Bennati 2014; Mitsopoulos et al. 2022). With the rise of
LLMs, it is unclear how these cognitive models compare to
LLMs in predicting human decision-making strategies. Ad-
dressing this gap is crucial for gaining deeper insights into
LLMs’ potential, providing a cognitive grounding between
human users and these models, and guiding the development
of LLM systems that can effectively interact with people.

In this work, we investigate the capabilities of LLMs to
predict human action strategies in two sequential decision-
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making tasks, and compare their performance with a cogni-
tive instance-based learning (IBL) model (Gonzalez, Lerch,
and Lebiere 2003a). Based on the theory of experience-
based decisions, IBL models simulate human decision-
making by incorporating the ACT-R memory mecha-
nisms (Anderson and Lebiere 2014). These models have
proven effective in emulating human decisions in vari-
ous tasks, including gambling choices (Gonzalez and Dutt
2011; Hertwig 2015), complex dynamic resource alloca-
tion (Somers, Oltramari, and Lebiere 2020), cybersecu-
rity (Gonzalez et al. 2020), and predicting the actions of
other RL agents (Nguyen and Gonzalez 2022).

Our goal is to understand whether LLMs and the cognitive
IBL model can predict human action strategies and capture
human biases, such as loss aversion, characterized by the
tendency to choose sub-optimal goals with fewer step-cost
penalties rather than exploring optimal choices. We focus on
multi-step, goal-directed decision-making tasks in interac-
tive environments that require balancing exploitative and ex-
ploratory actions and handling delayed feedback—essential
components of real-life decision processes.

To achieve this, we analyze the discrepancies between the
model strategy predictions and real human strategies, which
enabled us to uncover the ability of these models to cap-
ture the nuances of human behavior in balancing risk and
reward during decision-making. We used schema-based and
demonstration-based prompts to provide task instructions
and users’ action trajectory history from previous trials, al-
lowing pre-trained LLMs to use this in-context information
to predict the next action plans in subsequent trials. We em-
ployed two open-source LLMs for our experiments: Mistral
7B (Jiang et al. 2023) and Llama-3 70B (the largest of Meta
AI’s Llama-3 models with 8B and 70B parameters) (Tou-
vron et al. 2023; Meta 2024). We chose these state-of-the-
art open-source LLMs over a closed-source commercial ser-
vice like GPT-4 (Achiam et al. 2023) as they provide trans-
parency and public access, thus promoting reproducibility
and responsible LLM use by giving researchers full access
to the network architecture and its pre-trained weights.

Our results show that the lightweight Mistral-7B model
outperforms Llama-3 70B and the cognitive IBL model
in predicting human strategies. The LLMs quickly im-
proved with more data, though predicting human behav-
ior remained challenging in complex environments. Impor-
tantly, we observed that the IBL model better captured
human exploratory behavior with limited information and
aligned closely with human exploratory strategies under lim-
ited information, which reflects the tendency towards risk-
averse or “satisficing” behavior (Simon 1956). These find-
ings suggest that integrating LLMs with cognitive archi-
tectures could enhance the modeling and understanding of
complex human decision-making patterns.

Related Work
LLMs for Agent Behavior Modeling. Generative agents
use LLMs to drive their behavior by leveraging the extensive
data on human behavior encoded in these models (Brown
et al. 2020). Research often relies on templates with few-
shot prompts (Gao, Fisch, and Chen 2020) or chain-of-

thought prompts (Wei et al. 2022) to effectively gener-
ate behavior based on the agent’s environment. These tem-
plates have proven to be effective in control and decision-
making tasks. Recent work has shown that LLMs can pro-
duce human-like interactions in multi-player games involv-
ing natural language communication (Park et al. 2023).

In addition, LLMs have been used to enhance agent mod-
eling with reinforcement learning (RL) agents. Research has
shown that integrating feedback into RL models through
LLMs provides a learning experience similar to RL with
human feedback, without requiring human judgments (Wu
et al. 2023b,a; McDonald et al. 2023). LLMs have also im-
proved offline RL, reducing the need for computationally in-
tensive online learning (Shi et al. 2023).

We argue that LLMs offer an opportunity to leverage gen-
erative models to understand and predict human behavior.
Unlike much existing work that models optimal AI agents,
we focus on capturing human behavior.

LLMs in Theory of Mind Reasoning. A growing body
of research has explored LLMs’ ToM capabilities by test-
ing them with various ToM tasks (Kosinski 2023; Strachan
et al. 2024). Results show that leading LLMs can solve 90%
of false-belief tasks, sometimes performing at or above hu-
man levels, indicating ToM-like abilities. However, Ullman
(2023); Shapira et al. (2023) found that LLMs’ performance
deteriorates with slight modifications to task structure, high-
lighting mixed results in this area.

From a modeling perspective, ToM has been used to im-
prove the performance of AI agents in different contexts. Re-
cent studies have applied ToM with LLMs to improve col-
laboration in multi-agent reinforcement learning (Li et al.
2023; Sun, Huang, and Pompili 2024). We distinguish our
work by evaluating the ToM abilities of LLMs to understand
human action strategies and biases across various decision-
making complexities rather than focusing on learning to in-
fer the intentions of other RL agents.

Cognitive Modeling and Human Behavior. Cognitive
architectures like ACT-R have demonstrated success in
achieving human-level reasoning with limited training in-
stances and in capturing cognitive biases in various decision-
making tasks (Anderson and Lebiere 2014; Gonzalez, Lerch,
and Lebiere 2003a; Erev et al. 2010; Thomson et al. 2015).
Lebiere et al. (2013) showed that the cognitive IBL model
predicts whether a person will be risky or risk-averse based
on previous trial feedback. Prior research has also indicated
that IBL models align with human judgment in predicting
RL agents’ goals (Nguyen and Gonzalez 2022) and often
serve as a baseline for human behavior (Malloy et al. 2023).

Building on research showing that behavioral traces pre-
dict performance (Gadiraju et al. 2019), we explore how
cognitive models, particularly the IBL model, compare to
LLMs in predicting human action strategies based on pre-
vious observations. These processes involve balancing ex-
ploitative and exploratory actions with delayed feedback.
By comparing the predictive performance of cognitive and
LLM-based models, our aim is to establish a baseline for
understanding their differences and potential synergies.
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Preliminaries
Task Scenario. We studied goal-seeking task environ-
ments (Rabinowitz et al. 2018; Nguyen, McDonald, and
Gonzalez 2023) that were set in 10 × 10 gridworld mazes
containing obstacles and four terminal targets. Each target
had a different value, and only one target had the highest
value. The reward function for the four terminal objects was
drawn randomly from a Dirichlet distribution with a concen-
tration parameter of 0.01. During each episode, the player
navigated the grid, making a series of decisions using the
common action space (up, down, left, or right) to locate the
target with the highest value. The player could consume the
targets by moving on top of them. Episodes ended when a
target was collected or when the time horizon was reached
(Tmax = 31). The player received points for reaching the
target but was also penalized for each movement (-0.01) and
for walking into an obstacle (-0.05).

Task Formulation. The task is modeled as a partially ob-
servable Markov Decision Process (POMDP), represented
by the tuple ⟨S,A,O, T ,R,Ω, γ⟩. Here, S denotes the state
space, with each square in the grid called a state s ∈ S; A is
the action space; O is the observation space; T : S×A → S
is the transition function; R : S×A → R is the reward func-
tion; Ω : S → O is the observation function; and γ ∈ [0, 1)
is the discount factor controlling the player’s emphasis on
future rewards compared to immediate rewards.

At every step t ∈ 0, ..., Tmax, a player is required to take
an action a ∈ A after observing ot ∈ O. The player receives
a reward rt ∈ R after taking the action as the environment
transitions to a new state. Each player follows their policy
πi (i.e., strategy) to decide how to act. y executing its policy
πi in the gridworld M following episode j, the player Pi

generates a trajectory denoted by T ij = (st, at)
Tmax
t=0 .

Prediction Models
We describe a general approach that adapts LLMs to pre-
dict human decisions in sequential goal-directed decision-
making tasks. We compare our LLM-based prediction mod-
els with the cognitive IBL model. The general framework of
our approach is illustrated in Fig. 1a.

LLM-based Prediction Models
We use LLMs to predict human behaviors in the described
task, using both instruction-following and demonstration-
based paradigms. Building on prior successes in using LLMs
for control settings (Wu et al. 2023a,b; Park et al. 2023),
we prompt the LLM to generate a trajectory that human
players would take to succeed in the task. Unlike previous
research (Wu et al. 2023a; McDonald et al. 2023), which
focused on LLMs deciding the provision or value of a re-
ward for optimal performance, we ask the LLM to predict
the sequence of actions a human player would take. Specifi-
cally, we frame our query to predict the trajectory in the next
episode, aiming to match the human strategy.

For each user, we construct a prompt consisting of two
main parts: task instructions and sequential interaction his-
tories. The interaction histories include the starting position,

the trajectory taken in previous episodes, and information
about any consumed targets and their associated values.

Prompt Design

Instructions:
In a gridworld with obstacles represented by
black blocks, a person navigates to find a goal
with the highest score among four goals: blue,
green, orange, and purple. Movement is re-
stricted to up, down, left, and right directions
within the grid. Each episode allows a maxi-
mum of 31 steps, with a total of 40 episodes
permitted. The score is determined by reach-
ing a target, with a penalty of 0.01 points for
each step taken and 0.05 points for colliding
with an obstacle. The objective is to locate the
highest value target within the grid.
Given the current position at (x, y), moving
up will result in the new position (x, y + 1),
moving down will result in the new position
(x, y - 1), moving right will result in the new
position (x + 1, y), and moving left will result
in the new position (x - 1, y).

Demonstration:
The (x,y)-coordinate of the starting position is
⟨starting position⟩.
The trajectory of episode j: ⟨trajectory j⟩.
The player collected goal ⟨consumed goal j⟩
with a score of ⟨consumed value j⟩.

Template:
What is the trajectory the player would take
in episode ⟨j+1⟩? Please provide only the tra-
jectory in the format of coordinate pairs [x,y].
Do not explain the reason or include any other
words.

Output: ⟨predicted trajectory⟩

In the prompt, we use in-context learning (ICL), a
prominent prompting approach for LLMs to solve various
tasks (Zhao et al. 2023). This involves incorporating
demonstration examples by augmenting the input inter-
action sequence. Specifically, we pair the prefix of the
input interaction sequence with its corresponding suc-
cessor as examples. For instance, “The trajectory
of episode 1: [(3, 2), (3, 3), (3, 4), (3, 5)]. The
player collected goal blue with a score
of 0.66”. To predict the next actions, we ask, “What
is the trajectory the player would take
in episode 2?”. This approach enables the LLMs to
understand the instructions and output human behavior
based on their sequential historical interactions provided.

POMDP Formulation. The LLM-based prediction model
can be formalized as follows: For each player Pi, we aggre-
gate their historical trajectories T =

⋃
j T ij = (st, at)

Tmax

t=0 ,
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(a) The IBL model used the demonstrated behaviors (past trajectories) to predict future behavior, specifically the next-episode
trajectory. The LLMs used both the demonstrated behaviors and task descriptions to make such predictions.

(b) An example of the demonstrated trajectory in episode 1 (on the left-most plot), the models’ predicted trajectories in the next
episode, and the true human player trajectory in that episode (in red). Here, the orange target has the highest value.

Figure 1: An overview of the experiment design.

generated after executing a sequence of actions at each time
step t across j episodes.

Algorithm 1: Trajectory Prediction Using LLM

1: Initialize result storage as a dictionary result = {}
2: for each player Pi do
3: Initialize the context C with task instructions and

starting position
4: for each episode j do
5: Aggregate historical trajectories Tij and corre-

sponding consumed targets Gj and values Vj

6: Update the context C with Tij , Gj , and Vj

7: Query the LLM model M with context C to predict
the next episode’s trajectory Ti(j+1)

8: Store the predicted trajectory Ti(j+1) in result
9: end for

10: end for

The context C is defined by the combination of task in-
structions and historical interactions T , paired with the con-
sumed targets G = {g1, . . . , gj} corresponding to the tra-
jectory of each episode j, and the values V = {v1, . . . , vj}
associated with obtaining these targets. The LLM model M
uses this context C as input to predict the trajectory for the
next episode Ti(j+1). Essentially, given the context C span-
ning from the first to the j-th episode, the LLM-based model
predicts the trajectory for episode j + 1. The details of the

algorithm are provided in Algorithm 1.
We note that the output from LLMs may still contain nat-

ural language text. We address this by employing text pro-
cessing methods to parse and ground the generated results in
the specified environment. Additionally, we have occasion-
ally observed instances where LLMs produce coordinates
that are invalid within the given environment scope. In such
cases, we reprocess these illegal outputs to ensure compli-
ance with environmental constraints.

Instance-Based Learning (IBL) for Prediction
The IBL model used to compare and predict human behavior
is based on Instance-Based Learning Theory (IBLT) (Gon-
zalez, Lerch, and Lebiere 2003b) for dynamic decision-
making, which is connected to the ACT-R cognitive archi-
tecture through the activation function, which is used to
predict the estimated utility of performing an action in a
state based on the utility of similar past experiences held in
declarative memory (Thomson et al. 2015).

In IBLT, declarative memory consists of instances k =
(o, a, x) represented by the observation that describes the
state of the environment o, the action performed by the agent
a, and the utility of that action x. This instance structure can
be related to the POMDP environment formulation by taking
the state s as the observation of the agent o, and the utility x
to be the observed reward r.

Agent actions are determined by maximizing the value
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Vk,t of an available action a in an instance k performed at
time-step t, calculated using the “blending” function (Gon-
zalez, Lerch, and Lebiere 2003b):

Vk,t =

nk,t∑
i=1

pi,k,txi,k,t (1)

where nk,t are the previously generated instances held in
procedural memory, xi,k,t are the outcomes of those in-
stances, and pi,k,t is the probability of retrieving an instance
in memory, calculated by Equation 2.

pi,k,t =
exp(Λi,k,t/τ)∑nk,t

j=1 exp(Λj,k,t/τ)
(2)

Further, Λi,k,t is given by Equation 3.

Λi,k,t = ln

 ∑
t′∈Ti,k,t

(t− t′)−d

+ σ ln
1− ξi,k,t
ξi,k,t

, (3)

where d and σ are decay and noise parameters, and Ti,k,t ⊂
{0, ..., t− 1} is the set of previous timesteps where instance
k was stored in memory. The ξi,k,t term is used to capture
noise in individual differences in memory recall. Due to the
relationship between noise σ and temperature τ in IBLT, the
temperature parameter τ is typically set to σ

√
2. In our ex-

periments, we use all default parameters of d = 0.25 and
σ = 0.5. We also set the default utility to 1.0 to encourage
exploration through an optimistic prior.

A key aspect of applying IBLT to decision-making is de-
termining the utility of actions. Prior research on tempo-
ral credit assignment in IBL models has shown that mod-
els assigning equal credit to all decisions closely match hu-
man performance (Nguyen, McDonald, and Gonzalez 2023,
2024), which we have consequently chosen to adopt this ap-
proach. Formally, if a target is reached in step T , the tar-
get’s value RT is assigned to each instance in the trajectory
T = (st, at)

T
t=0, i.e., xt = RT for all (st, at). Step-level

costs are assigned to each instance if no target is reached.
The IBL prediction model, functioning as an observer,

learns by observing past decisions made by human agents.
This past experience is incorporated into the model’s mem-
ory through pre-populated instances, a mechanism that
demonstrates how the IBL model can dynamically represent
the development of ToM by observing actions of other learn-
ing agents in a gridworld task (Nguyen and Gonzalez 2022).
Specifically, for each player Pi, the trajectory Tij produced
by the player, following its policy π in the gridworld M af-
ter episode j, is stored in the model memory.

Methods
Our research aims to determine whether LLMs and the cog-
nitive IBL model can accurately predict human strategic
planning in uncertain decision-making environments, for-
mulated as POMDPs, given past interaction histories. These
environments require balancing potential high rewards with
the risks or losses associated with high-value objects.

We utilized data from two experiments using browser-
based interactive gridworld applications that incorporate two

levels of decision complexity. Moreover, we explored how
the models predict human strategies under different levels
of environment presentation: full grid information in Exper-
iment 1 and restricted grid information in Experiment 2. Our
primary research questions are:
• RQ1: How accurately can LLMs and the cognitive

IBL model predict human action in uncertain decision-
making environments based on past interaction histories?

• RQ2: To what extent do LLMs and the cognitive IBL
model capture human decision biases, such as loss aver-
sion, across different levels of decision complexity?

• RQ3: How do different levels of environment presenta-
tion (full grid information vs. restricted grid information)
affect the accuracy of LLMs and the cognitive IBL model
in predicting human decision strategies?

Experimental Design and Procedure
The two experiments used the same gridworlds, but the in-
formation provided to participants varied. Human subjects
were presented with gridworlds randomly chosen from a set
of 100 grids, with the selection based on the decision com-
plexity level assigned to each participant’s condition.

Participants were recruited from Amazon Mechanical
Turk and provided informed consent before completing each
session. After receiving instructions, participants completed
40 episodes in the same gridworld environment, with each
session lasting 15-30 minutes. They received a base pay-
ment of $1.50 and could earn up to $3.00 in bonuses based
on their accumulated scores. The studies, approved by our
institution’s IRB, employed a between-subjects design and
were preregistered with the Open Science Framework for
Experiment 11 and Experiment 22.

Decision Complexity. The experiments manipulate the
level of decision complexity defined by the trade-offs be-
tween the highest-value target and the nearest distractor
relative to the agent’s initial spawn location in the grid-
world (Nguyen and Gonzalez 2020). This complexity is
quantified by ∆d = d − d′, where d is the distance to the
highest value target, and d′ is the distance to the nearest
distractor. Higher ∆d values represent greater complexity,
posing a strategic dilemma for agents: pursue a distant high-
reward target or opt for a closer, less valuable one. Fig. 2
illustrates simple and complex decision scenarios.

Experiment 1: Full Grid Information. Participants
viewed the full grid interface (Fig.1a), with their current po-
sition indicated by a black dot. After each move, the new lo-
cation content (empty cell, obstacle, or target) was revealed.

Participants. A total of 206 participants: 102 in the Sim-
ple condition (age: 36.5 ± 10.3; 34 female) and 104 in the
Complex condition (age: 37.9 ± 10.8; 37 female).

Experiment 2: Restricted Grid Information. Partici-
pants received limited information, viewing only one cell at
a time (Fig. 1a). They were informed of their current (x, y)
position, the steps taken, and the immediate cost or reward

1Experiment 1: https://osf.io/2ycm6
2Experiment 2: https://osf.io/hxfyq
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(a) Simple grid (b) Complex grid

Figure 2: Example grids for simple and complex condi-
tions:(a) “green” is the highest value target with “orange”
as the distractor (∆d = 1); (b) “orange” is the target, “blue”
is the distractor (∆d = 4).

of the previous step. All other information about the shape
and size of the grid were concealed.

Participants. A total of 194 participants: 99 in the Sim-
ple condition (age: 37.7 ± 11.8; 40 female) and 95 in the
Complex condition (age: 38.2 ± 11.3; 30 female).

Model Implementation. We implemented the cognitive
IBL model using the SpeedyIBL library (Nguyen, Phan,
and Gonzalez 2023b) with default parameters. The LLM-
based models were accessed through the Ollama REST API.
See:https://github.com/ollama/ollama.

Objective Measures
Trajectory Divergence: We used Kullback-Leibler (KL) di-
vergence to measure the difference between the trajectory
distribution of human subjects and that predicted by the
model. Each trajectory is converted into a probability dis-
tribution over the grid cells, normalized to sum to 1. The
KL divergence from Q (predicted trajectory) to P (human
trajectory) is defined as:

DKL(P∥Q) =
∑
i

P (i) log
P (i)

Q(i)
(4)

where i indexes each possible state in the trajectory grid.
Low KL divergence indicates that the model closely matches
human behavior.
Prediction Accuracy: This measures the percentage of
episodes where the predicted target, derived from the last co-
ordinate of the predicted trajectory, matches the target con-
sumed by human players.
Exploration Entropy Difference: This metric measures the
difference in entropy of the distribution over how often each
target is explored by humans (human goal entropy) and by
the model (predicted goal entropy) in the first 10 episodes.
The entropy difference is determined by subtracting the hu-
man goal entropy from the predicted goal entropy. Lower
entropy difference suggests that the model’s exploration be-
havior closely aligns with human behavior, indicating simi-
lar patterns in exploring targets.

Analysis
We compared the LLM-based models Llama-3 70B (Meta
2024) and Mistral 7B (Jiang et al. 2023) with the cognitive
IBL model across a 2 × 2 study design in two experiments,
each with simple and complex decision complexities.

Trajectory Divergence. Table 1 shows that in both exper-
iments, the Mistral model with 7B consistently achieved the
lowest KL divergence in simple and complex conditions, in-
dicating better alignment with human trajectories compared
to Llama-3 with 70B and the cognitive IBL model. When
comparing simple and complex decision settings, predicting
human strategies is more challenging in complex environ-
ments, as evidenced by the increased KL divergence.

When comparing Experiments 1 and 2, we observe that
both Llama-3 and Mistral show better alignment with hu-
man trajectories under restricted information, as indicated
by the decreased KL divergence in Experiment 2, while this
is not the case for the IBL model. This improved align-
ment for the LLMs can be attributed to their pre-training on
vast datasets and the incorporation of instructions, which en-
hance their contextual understanding. When human partici-
pants receive restricted grid information, as in Experiment 2,
they may adopt more predictable strategies that LLM models
can more easily capture. In contrast, the IBL model shows
poorer alignment with human trajectories under restricted
information as it struggles to distinguish the differences that
human players encountered in the two different conditions.

Experiment Condition Model Mean KL ± SE

Experiment 1

Simple
Llama-3 6.189 ± 0.128
Mistral 4.895 ± 0.117
IBL 5.244 ± 0.122

Complex
Llama-3 8.385 ± 0.126
Mistral 6.524 ± 0.118
IBL 7.216 ± 0.119

Experiment 2

Simple
Llama-3 5.901 ± 0.127
Mistral 4.641 ± 0.114
IBL 6.061 ± 0.128

Complex
Llama-3 7.416 ± 0.129
Mistral 5.910 ± 0.120
IBL 8.853 ± 0.123

Table 1: Average KL Divergence for each model under dif-
ferent conditions in Experiment 1 and Experiment 2.

Fig. 3 shows the average KL divergence per episode. As
expected, in both experiments and conditions, all three mod-
els show a decreasing KL divergence trend, indicating better
alignment with human trajectories as episodes and demon-
strated samples increase. Notably, in the simple condition,
the IBL model performs comparably to Mistral and even
outperforms Llama-3 in the first 10 episodes, suggesting ef-
fective capturing of human actions with few-shot examples.

Prediction Accuracy. The results of Table 2 indicate that
the cognitive IBL model is the most accurate in predicting
human target consumption under simple conditions in Ex-
periment 1, achieving the highest prediction accuracy (0.688
± 0.007) compared to Llama-3 and Mistral.
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(a) Experiment 1 - Full Grid Information

(b) Experiment 2 - Restricted Grid Information

Figure 3: Average KL divergence per episode for all models
in both conditions of Experiments 1 and 2, with shaded areas
indicating standard error at 95% confidence intervals. Lower
KL divergence suggests better alignment.

In both experiments, all models exhibit lower prediction
accuracy in complex settings compared to simple settings. In
Experiment 2, while Llama-3 and Mistral maintain similar
accuracies to those in Experiment 1, the IBL model shows a
decrease in prediction accuracy, especially in complex con-
ditions. This suggests that the IBL model may struggle to
capture the high variability of human decisions when partic-
ipants are provided with limited information.

Experiment Condition Model Accuracy ± SE

Experiment 1

Simple
Llama-3 0.651 ± 0.007
Mistral 0.658 ± 0.007
IBL 0.688 ± 0.007

Complex
Llama-3 0.523 ± 0.008
Mistral 0.594 ± 0.008
IBL 0.560 ± 0.008

Experiment 2

Simple
Llama-3 0.652 ± 0.008
Mistral 0.655 ± 0.008
IBL 0.608 ± 0.008

Complex
Llama-3 0.542 ± 0.008
Mistral 0.602 ± 0.008
IBL 0.382 ± 0.008

Table 2: Average Prediction Accuracy for each model under
different conditions in Experiment 1 and Experiment 2.

Notably, in the first 10 episodes, the IBL model shows
high prediction accuracy, surpassing both Llama-3 and Mis-
tral in both simple and complex conditions, as shown in
Fig. 4. This suggests that the IBL model effectively captures
the initial exploration strategies of human players, learning
quickly and adapting well with a few samples. However, as
more episodes are added, the LLMs increase and quickly
improve their prediction accuracy, eventually matching or
exceeding the performance of the IBL model.

This finding indicates that while the IBL model aligns
closely with human decisions during initial exploration,
LLMs can leverage larger amounts of data to refine their pre-
dictions and better capture human actions over time.

(a) Experiment 1 - Full Grid Information

(b) Experiment 2 - Restricted Grid Information

Figure 4: Average prediction accuracy per episode for all
models in both conditions of Experiments 1 and 2. Shaded
areas indicate the standard error. Higher prediction accuracy
suggests better alignment with human target consumption.

Exploration Entropy Difference. Fig. 5 shows the differ-
ences in the early exploratory behavior between each model
and humans within the first 10 episodes. In Experiment 1,
IBL shows a negative entropy difference in both simple and
complex conditions, suggesting that it explores less than hu-
mans. On the other hand, Llama-3 and Mistral exhibit en-
tropy differences close to zero or slightly positive, with Mis-
tral aligning most closely with human exploration behavior.

In Experiment 2, IBL again shows negative or near-zero
entropy differences, particularly under simple conditions, in-
dicating conservative exploration. This aligns with human
behavior, suggesting that with restricted information, people
adopt risk-averse strategies well captured by the IBL model.

The results indicate that the IBL model, with default pa-
rameters, naturally exhibits a conservative exploration strat-
egy, aligning with prior findings regarding its risk-aversion
tendency compared to winner-take-all instances, which is
the optimal strategy overall (Lebiere et al. 2013). This char-
acteristic effectively captures human exploration behavior
when information is restricted. In such settings, people are
limited in their exploration and often settle on the closest
sub-optimal target rather than seeking the highest-value tar-
get, reflecting a human bias towards risk aversion. In con-
trast, Mistral consistently demonstrates exploratory patterns
that are more aligned with those of humans.

Discussions
Our results show that Mistral-7B outperforms both Llama-
3 70B and the cognitive IBL model in predicting human
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(a) Experiment 1 - Full Grid Information

(b) Experiment 2 - Restricted Grid Information

Figure 5: Average entropy difference for all models in both
conditions of Experiment 1 and 2. Positive values indicate
more exploration than humans; negative values indicate less
and near-zero values show alignment with human behavior.

strategies. We also found that predicting human behavior be-
comes more challenging in complex decision environments
with high tension between costs and rewards. Moreover,
the cognitive IBL model effectively captures initial human
exploratory behavior with minimal demonstration samples.
However, as more samples are provided, LLMs quickly im-
prove their prediction accuracy by leveraging their extensive
pre-training on vast datasets and instructions that enhance
their contextual understanding. Importantly, our findings in-
dicate that the IBL model, with its inherent risk aversion ten-
dency, is closely aligned with human exploration strategies
under limited information conditions. It effectively captures
the human tendency toward risk-aversion, “satisficing” be-
havior (Simon 1956), where people often choose an option
that is satisfactory rather than optimal.

Implications for Trust and Synergy in AI-assisted
Systems with LLMs and Cognitive Models
One of our findings is that the lightweight LLM Mistral-
7B outperforms the widely recognized Llama-3 70B and the
cognitive IBL model in predicting human action strategies in
various decision-making settings. This highlights the poten-
tial of using lightweight open source LLMs to develop reli-
able AI systems. Although much research on human inter-
action powered by LLM focuses on black-box models such
as ChatGPT, our study emphasizes the capabilities of open-
source pre-trained LLMs, which allow fine-tuning and pro-
vide access to network architecture and weights, facilitating

cognitive-plausible understanding and integration (Binz and
Schulz 2023a; Malloy and Gonzalez 2024). Previous work
shows that humans initially underestimate AI and then over-
trust it with more experience, highlighting the need for ex-
plicit calibration of AI competencies (Rechkemmer and Yin
2022; Buçinca, Malaya, and Gajos 2021). Leveraging open-
source models can create trustworthy, accurate, explainable,
and aligned LLM-powered systems, enhancing their accep-
tance and effectiveness in real-world applications.

Our experiments with POMDPs, focused on simplicity
and ease of control, have the potential to be generalized to
richer domains where decisions involve uncertainty and in-
complete information. This approach can be applied to ap-
plications such as robotics, autonomous systems, and finan-
cial decision-making, where adaptive strategies are neces-
sary to handle unpredictability and dynamic environments.

In the context of AI-assisted human decision-making, our
findings highlight the utility of the cognitive IBL model in
capturing initial human exploratory behavior and the ten-
dency toward loss aversion in high cost-reward tension sce-
narios without requiring large amounts of training data. Con-
versely, LLMs can quickly learn and predict human strate-
gies as more data becomes available, indicating a synergy
between these models. For instance, LLMs can support cog-
nitive models by synthesizing large amounts of information
and serving as knowledge repositories to construct repre-
sentations of the environment (Wu et al. 2023a; Binz and
Schulz 2023a). Cognitive IBL models, which can predict
human strategies with few-shot learning, have proven ben-
eficial when integrated with multi-agent deep reinforcement
learning techniques to enhance coordination in multi-agent
systems with stochastic rewards (Nguyen, Phan, and Gon-
zalez 2023a). Thus, cognitive models can help LLMs adapt
early on and further personalize their responses to human
users (Malloy and Gonzalez 2024; Thomson and Bastian
2023). This synergy would benefit effective human-AI team-
ing, where AI evolves alongside human learning and adap-
tation to support human decision-making.

Limitations and Future Work
Our experiments were simple and aimed to shed light on
the capabilities of open-source LLMs and cognitive archi-
tectures in predicting human behavior. There is considerable
room for further investigation. First, our study focused on
purely open-source LLMs, so caution should be exercised
when extrapolating our findings to closed-source commer-
cial services like ChatGPT, which may exhibit different per-
formance levels. Second, we used the vanilla versions of
these models without fine-tuning them to human data, partic-
ularly in cognitive IBL models, where an equal credit assign-
ment mechanism leads to conservative exploratory strate-
gies. Future research could enhance these models to better
match human behavior and uncover new behavioral struc-
tures. Finally, while our study highlights the strengths of
different models, it does not fully explore the integration of
LLMs and cognitive models in a cohesive framework, which
we consider as future work. Future research would also ben-
efit from investigating the potential of these models in inter-
active systems to predict human decisions in real time.
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