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Free-Energy-Driven LLM Agent for Modeling Information Exploration
in Web Media

Yosuke Fukuchi (fukuchi@tmu.ac.jp)1
1Faculty of Systems Design, Tokyo Metropolitan University

Abstract

Modeling cognitive dynamics in web media exploration can
contribute to healthier information environments, for example
by enabling inference of users’ false beliefs and estimating how
media designs may affect belief formation. We propose Free-
Energy-driven Web Explorer (F-Explorer), a cognitive LLM
agent that instantiates active inference for web exploration. In
contrast to data-driven LLM approaches that learn behavior
end-to-end, F-Explorer takes a theory-driven approach: it em-
beds an LLM as the belief module within a cognitive model
grounded in the Free-Energy Principle (FEP), extending prior
work that models human web exploration under FEP. We evalu-
ate F-Explorer on a virtual SNS exploration dataset from a previ-
ous study and compare it with a reproduction of WEB-FEP with
aligned initial-belief distributions. Using maximum likelihood
estimation over 840 candidate settings per model (initial belief
× learning rate), F-Explorer achieves higher action-sequence
log-likelihood and improved top-𝑘 choice accuracy. Moreover,
a proxy belief measure shows larger correspondence with par-
ticipants’ self-reported initial opinion scores, while correspon-
dence with final opinion scores remains comparable. These
results suggest that integrating LLM-based belief representa-
tions can improve FE–based models of web exploration while
preserving interpretability through explicit latent-state and pa-
rameter inference.

Keywords: Web Exploration; Cognitive LLM Agent; Free-
energy Principle; Active Inference; Bayesian Modeling; Con-
firmation Bias

Introduction
Web media have become a major source of information in ev-
eryday life, but they also amplify a range of societal problems
including misuse, the spread of false beliefs, misinforma-
tion and fake news. Prior work has examined and proposed
alternative platform designs such as fact-checking interven-
tions (Tanaka et al., 2023) and mechanisms related to self-
censorship (Howe et al., 2023). However, the broader prob-
lems surrounding web media have remained despite these
efforts.

This paper shifts the focus from platform design to users’
cognitive dynamics. A computational model that captures the
cognitive processes underlying human web exploration has
potential for a wide range of applications: predicting user
behavior, inferring their latent cognitive states, and evaluating
how design choices support (or undermine) healthy media
use. Ultimately, such a modeling approach can contribute to
building healthier online information environments.

Fukuchi (2025) proposed WEB-FEP, a computational

model of human cognition in web exploration grounded in
active inference under the Free-Energy Principle (FEP). In
WEB-FEP, an agent selects actions by trading off two sources
of value: epistemic value (information gain from new observa-
tions) and pragmatic value (confirmatory satisfaction obtained
when observations align with existing beliefs). A key find-
ing is that, when the agent’s learning rate representing how
strongly beliefs are updated by observations is small, prag-
matic value exerts a stronger influence relative to epistemic
value, leading the agent to exhibit confirmation bias. In par-
allel, large language models (LLMs) have rapidly become a
major approach to cognitive modeling. For example, Binz et
al. (2025) showed that Centaur, an LLM fine-tuned on a large
corpus of psychological experiment data, can imitate human
behavior with high accuracy.

Despite this progress, important challenges remain to model
user cognitions in web media exploration. WEB-FEP repre-
sents a person’s belief as a Gaussian distribution on a two-
dimensional plane obtained by compressing a text-embedding
space, leaving open how faithfully the model captures linguis-
tic meaning. Moreover, the study primarily discussed qual-
itative behavioral differences of the model across different
parameter settings and lacks a quantitative assessment of how
well such FEP-based model explains actual human behaviors.
Conversely, a key limitation of data-driven LLM approaches is
controllability and black-boxness: although techniques such
as persona prompting have been explored, it still remains un-
clear how to reliably reflect individual differences in model
behavior (Binz et al., 2025). More broadly, how to leverage
LLMs for modeling web exploration, where cognition evolves
through interaction dynamics rather than in tightly controlled
laboratory tasks, remains an open question. Additionally, the
black-boxness makes it challenging to reveal the cognitive
mechanisms behind human behaviors.

This paper proposes Free-Energy-driven Web Explorer (F-
Explorer), a cognitive LLM agent that integrates WEB-FEP
with an LLM. F-Explorer is an LLM agent driven not by
human behavioral data but by an explicit theoretical model
(FEP). By directly controlling the model’s parameters, F-
Explorer can exhibit diverse and systematically varying behav-
iors without requiring human action data for training. In ad-
dition, given an individual’s action sequence, F-Explorer en-
ables maximum likelihood estimation (MLE) of user-specific
latent belief states and model parameters, offering a more in-
terpretable account of the cognition underlying behavior than
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purely data-driven approaches, where latent mechanisms can
remain a black box.

F-Explorer treats the LLM as the agent’s belief: the likeli-
hood distribution over generated opinions is taken as a proxy
for which opinions are considered plausible versus implausi-
ble. The LLM’s likelihood distribution is updated via fine-
tuning. Importantly, this fine-tuning is not used to learn
human actions, but instead serves as a belief-updating pro-
cess analogous to how humans revise beliefs upon encoun-
tering new information. The design allows belief updating to
be implemented directly in the LLM’s rich representational
space. Based on the LLM-induced likelihood distribution, F-
Explorer evaluates the expected free energy (EFE) of candi-
date future actions combining epistemic and pragmatic value
and actively explores web information to minimize EFE.

We evaluate F-Explorer with the user-study dataset of
Fukuchi (2025), comparing with a reproduction of WEB-FEP.
Aligning the initial belief distribution between F-Explorer and
WEB-FEP, we run multiple simulations with 840 different ini-
tial parameters and perform MLE of the parameters that best
explain each user’s action sequence. The resulting simula-
tions suggest that F-Explorer can better fit user behaviors than
WEB-FEP, indicating that F-Explorer better leverages the lin-
guistic meaning present in observations and can reproduce
key aspects of human cognitive dynamics in web exploration.

Background
LLM-based Cognitive Modeling
LLMs have rapidly emerged as a foundation for cognitive
modeling. Because they encode rich linguistic and world
knowledge and can be queried in flexible ways, LLMs have
been used to simulate a wide range of human behaviors includ-
ing decision making, reasoning, and language-mediated judg-
ments. A prominent example is Centaur (Binz et al., 2025),
which is an LLM fine-tuned on large-scale human decisions
data collected across many psychological tasks, demonstrat-
ing that an LLM can reproduce human choice patterns with
high fidelity in controlled experimental settings.

The methodology of LLM-based cognitive modeling is di-
verse. Iida et al. (2024) introduced a conceptual taxonomy that
differentiates Cognitive model Embedded in LLM (CEL) ap-
proaches and LLM Embedded in Cognitive model (LEC) ap-
proaches. In CEL, cognitive structure is primarily expressed
through the LLM itself via prompting or in-context learn-
ing. CEL approaches can achieve strong predictive perfor-
mance when abundant behavioral data are available, but the
underlying cognitive mechanisms can remain implicit in the
model’s internal representations, complicating interpretation
and mechanistic inference. In contrast, LEC approaches place
the LLM as a component within an explicit cognitive model.
The cognitive model specifies latent states, update rules, and
decision objectives. That is, the factors governing behavior are
externalized as model parameters, improving controllability
and interpretability. The inference can be framed as estimat-
ing user-specific latent states and parameters from observed

actions, rather than relying purely on end-to-end behavioral
training. F-Explorer is an LEC model that integrates an LLM
into the belief module of WEB-FEP and receives the advan-
tages of LEC. It provides an explicit computational account
of cognitive dynamics (e.g., belief updating and exploration–
exploitation trade-offs) while still leveraging the expressive
representational capacity of LLMs.

FEP-based Modeling of Web Exploration
WEB-FEP models web exploration as active inference under
the FEP, a theoretical framework for perception, inference,
and decision making under uncertainty (Friston, 2010). In
FEP, an agent selects an action 𝑎 to minimize expected free
energy, which can be written as:

𝑎 = arg min
𝑎
𝐺 (𝑎), (1)

𝐺 (𝑎) = −(𝑉epist (𝑎) +𝑉prag (𝑎)), (2)

where 𝑉epist (𝑎) and 𝑉prag (𝑎) are epistemic and pragmatic val-
ues, respectively.

Epistemic value captures the expected information gain ob-
tained by selecting action 𝑎:

𝑉epist (𝑎) = E𝑄 (𝑠′ ,𝑜′ |𝑎) [𝐷KL [𝑄(𝑠′ |𝑜′)∥𝑄(𝑠′)]] , (3)

where 𝑄(𝑠′, 𝑜′ |𝑎) is the agent’s predictive belief about fu-
ture states and observations under action 𝑎, 𝑄(𝑠′ |𝑜′) is the
posterior belief after observing 𝑜′, and 𝑄(𝑠′) is the prior
belief before observing 𝑜′. Intuitively, 𝑉epist (𝑎) encourages
exploratory actions that are expected to change beliefs.

Pragmatic value quantifies the expected alignment between
future observations and the agent’s objective 𝐶:

𝑉prag (𝑎) = E𝑄 (𝑜′ |𝑎) [ln 𝑃(𝑜′ |𝐶)], (4)

where𝑄(𝑜′ |𝑎) is the predictive distribution over future obser-
vations under action 𝑎, and 𝑃(𝑜′ |𝐶) encodes how satisfying
different observations are expected to be for the agent, where
𝐶 denotes a preference variable over possible observations.
In WEB-FEP, observations that confirm the agent’s current
belief are expected to yield greater subjective satisfaction, so
actions expected to produce such observations have higher
𝑉prag (𝑎), favoring exploitative or confirmatory behavior.

WEB exploration as sequential link selection. To instan-
tiate this framework for modeling web media exploration,
Fukuchi (2025) simplified the exploration into repeated link
selection and post texts observation. Participants first read a
news regarding a controversial topic and then actively explored
posts about the topic. An action 𝑎 corresponds to selecting a
link (a hashtag in a social media interface), and an observation
𝑜 corresponds to the text content shown after selecting that
link (posts associated with the hashtag). Let 𝑡 ∈ {1, . . . , 𝑇}
denote the iteration index.

Belief representation and belief updating. WEB-FEP rep-
resented a user’s belief 𝑞(𝑥) as a probability distribution over a
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semantic space, where 𝑥 denotes a proposition or opinion (e.g.,
supportive vs. opposing claims) represented in a sentence em-
bedding space. Observations are mapped into the same space,
enabling belief updating as density increase around observed
content. Concretely, WEB-FEP approximates 𝑞(𝑥) with a
multivariate normal distribution whose parameters are up-
dated online. Given 𝑜, the belief is updated by minimizing
a cross-entropy objective −E[ln 𝑞(𝑜)] that encourages high
probability on the observed content. The update is imple-
mented via stochastic gradient descent; the learning rate 𝛼
governs how strongly beliefs change in response to new in-
formation and plays a central role as an individual-difference
parameter.

Operationalizing epistemic and pragmatic values. WEB-
FEP further introduces a practical approximation for comput-
ing values for candidate links. Let 𝑜𝑎 denote a semantic rep-
resentation associated with action 𝑎 (e.g., the representation
of the link itself, or a summary representation of the content
expected under that link). Pragmatic value is operationalized
as the log density of 𝑜𝑎 under the current belief:

𝑉prag (𝑎) = ln 𝑞(𝑜𝑎), (5)

which favors actions expected to yield belief-consistent con-
tent. 𝑜𝑎 denotes the content associated with 𝑎. In WEB-FEP,
𝑜𝑎 is instantiated by the set of posts linked to 𝑎, and pragmatic
value is computed as the mean of the log densities assigned
to the posts under the current belief.

Epistemic value is operationalized as the KL divergence
between the updated belief and the current belief, reflecting
how much the belief would change if the agent were to observe
content under action 𝑎:

𝑉epist (𝑎) = 𝐷KL (𝑞new ∥ 𝑞), (6)

where 𝑞new is obtained by a virtual belief update using the
content associated with 𝑎. This construction links exploration
directly to belief change, and makes explicit how epistemic
value depends on 𝛼: when 𝛼 is small, updates are weak,
epistemic value diminishes, and choices become increasingly
driven by pragmatic value, yielding confirmation-biased ex-
ploration (Fukuchi, 2025).

Action selection. Given the total value 𝑉 (𝑎) = 𝑉epist (𝑎) +
𝑉prag (𝑎), the agent selects among candidate actions. Overall,
WEB-FEP provides a compact, interpretable account of web
exploration dynamics as an online trade-off between belief-
confirming and information-seeking behavior.

F-Explorer
Overview
F-Explorer is a cognitive agent in the LEC paradigm that
couples (i) a theory of information exploration formalized as
active inference in WEB-FEP with (ii) an LLM-based be-
lief representation and update mechanism that operates di-
rectly in a meaning-sensitive space. F-Explorer uses LoRA,

a parameter-efficient fine-tuning method for LLMs (Hu et al.,
2022), not to learn human action policies, but to implement
belief updating that is analogous to how humans revise beliefs
when encountering new information.

As in WEB-FEP, F-Explorer induces diverse exploration
dynamics by controlling (i) an initial belief state and (ii) a
learning-rate hyperparameter corresponding to 𝛼 in WEB-
FEP. In addition, given an individual’s action sequence, F-
Explorer supports MLE of user-specific latent belief states
and model parameters, yielding an interpretable account of
the cognition underlying behavior by explicitly identifying
the parameters that govern belief updating and the resulting
exploration dynamics.

Belief as an LLM-Induced Likelihood Distribution
A central departure from WEB-FEP is that F-Explorer repre-
sents belief directly through an LLM. Intuitively, if an LLM
assigns high likelihood to texts expressing certain opinions,
those opinions are treated as more plausible under the agent’s
current belief.

Let 𝜃𝑡 denote the parameters of the LLM at time 𝑡. In
F-Explorer, 𝜃𝑡 corresponds to a frozen base model plus a
LoRA adapter that is updated online. Given a prompt 𝑝 and
a candidate text 𝑥, the LLM defines a conditional likelihood
𝑃𝜃𝑡 (𝑥 | 𝑝):

ℓ𝜃𝑡 (𝑥) = log 𝑃𝜃𝑡 (𝑥 | 𝑝). (7)
To obtain a tractable belief distribution, F-Explorer relies on

a fixed evaluation set X = {𝑥𝑖}𝑁𝑖=1. A discrete proxy belief𝑄𝑡
overX is defined as {𝑄𝑡 (𝑖)}𝑁𝑖=1, where𝑄𝑡 (𝑖) ∝ exp(ℓ𝜃𝑡 (𝑥𝑖)).

Belief Update via LoRA Fine-Tuning
After selecting an action 𝑎𝑡 , the agent observes a set of posts
𝑜𝑡+1 = {𝑥𝑎𝑡

𝑗
}𝐾
𝑗=1 associated with the chosen link. F-Explorer

updates the LoRA parameters by maximizing the likelihood
of the newly observed texts (i.e., minimizing the negative log-
likelihood). Let 𝜃LoRA

𝑡 denote the LoRA parameters at time 𝑡
(with the base model held fixed). We define the observation
negative log-likelihood objective as

L𝑡+1 (𝜃LoRA) = − 1
𝐾

𝐾∑︁
𝑗=1
ℓ𝜃𝑡 (𝑥

𝑎𝑡
𝑗
). (8)

The belief update is implemented by stochastic gradient de-
scent on L𝑡+1.

In practice, LoRA training involves multiple hyperparam-
eters that affect the effective magnitude of belief change
per observation (e.g., optimizer settings, LoRA scaling, and
the number of optimization steps). To stabilize updates, F-
Explorer fixes the optimizer learning rate and controls the
update strength primarily via the number of gradient steps per
observation, 𝑛step:

𝜃LoRA
𝑡+1 = SGD 𝑛step

(
𝜃LoRA
𝑡 ; L𝑡+1

)
. (9)

Increasing the likelihood around the observed evidence is thus
treated as a computational analogue of evidence accumulation.
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Pragmatic and Epistemic Values from LLM
Likelihoods
Given a candidate action 𝑎 at time 𝑡, let 𝑜 (𝑡 ,𝑎) = {𝑥 (𝑡 ,𝑎)

𝑗
}𝐾
𝑗=1

denote the posts that would be observed if the agent selected
𝑎. In a strict application of FEP, the agent would additionally
require a generative process to predict future observations 𝑜′
under each candidate action. Following WEB-FEP, we adopt
a simplifying assumption suitable for the present web-media
setting: the content associated with a link (e.g., a hashtag) is
treated as a sufficiently informative proxy for the posts that
will be encountered, so 𝑜 (𝑡 ,𝑎) is treated as known when com-
puting values. This simplification cannot capture phenomena
such as clickbait (where link cues systematically misrepresent
content), and addressing such cases remains an avenue for
refinement.
𝑉prag is defined as the expected log-likelihood of the future

observations under the current belief/model:

𝑉prag (𝑎) = E𝑥∼𝑜 (𝑡,𝑎) [ℓ𝜃𝑡 (𝑥)] ≈ 1
𝐾

𝐾∑︁
𝑗=1
ℓ𝜃𝑡

(
𝑥
(𝑡 ,𝑎)
𝑗

)
. (10)

This mirrors the objective of belief update (maximizing like-
lihood of observed evidence), but is used prospectively to
quantify how well a candidate action aligns with the agent’s
current belief.
𝑉epist quantifies how much the belief would change if the

agent were to observe 𝑜 (𝑡 ,𝑎) . Let 𝑄 (𝑎)
𝑡+1 denote the proxy

belief after a virtual update conditioned on 𝑜 (𝑡 ,𝑎) (using the
same update rule as in Eq. 9, but applied hypothetically). We
approximate epistemic value using KL divergence:

𝑉epist (𝑎) = 𝐷KL

(
𝑄

(𝑎)
𝑡+1 ∥𝑄𝑡

)
=

𝑁∑︁
𝑖=1

𝑄
(𝑎)
𝑡+1 (𝑖)

(
log𝑄 (𝑎)

𝑡+1 (𝑖) − log𝑄𝑡 (𝑖)
)
. (11)

Operationally, this corresponds to computing the KL diver-
gence between the two proxy belief distributions induced by
the LLM likelihood vectors before and after the (virtual) up-
date. Related likelihood-based divergences have also been
used to quantify distances between language models (Oyama
et al., 2025).

Action Selection Policy
F-Explorer combines pragmatic and epistemic values as in
WEB-FEP:

𝑉 (𝑎) = 𝑉prag (𝑎) + 𝜆𝑉epist (𝑎). (12)
Note that 𝜆 is a constant shared across participants; it is not in-
tended to encode individual-specific exploration–exploitation
preferences. Instead, individual differences in the effective
balance between the two terms arise through the belief-update
strength controlled by 𝑛step: when updates are weak, epistemic
value becomes smaller, and behavior becomes increasingly
driven by pragmatic value.

Actions are selected according to a softmax policy:

𝜋𝑡 (𝑎) = 𝑃(𝑎𝑡 = 𝑎 | 𝜃𝑡 ) =
exp(𝑉 (𝑎))∑

𝑎′∈A exp(𝑉 (𝑎′)) . (13)

Likelihood of Action Sequences and MLE
F-Explorer specifies a forward generative process in which
actions are produced sequentially from an initial belief state
and a given information environment. To infer user-specific
parameters from observed human actions, we evaluate how
well different parameter settings explain an individual’s action
sequence.

Given an observed action sequence 𝑎1:𝑇 , the model log-
likelihood is

log 𝑃(𝑎1:𝑇 | Θ) =

𝑇∑︁
𝑡=1

log 𝜋𝑡 (𝑎𝑡 ), (14)

where Θ denotes user-specific parameters (𝑛step and the initial
belief state). Inference can be framed as maximizing the
action-sequence likelihood:

Θ∗ = arg max
Θ

{log 𝑃(𝑎1:𝑇 | Θ)} . (15)

This MLE formulation yields an interpretable account of indi-
vidual behavior by explicitly identifying the parameters gov-
erning belief updating and the resulting exploration dynamics,
rather than relying on end-to-end behavioral training.

Opinion Score
In the WEB-FEP user study, participants reported their stance
on the focal topic before and after exploration using an opinion
score on a 0–100 scale (0 = strongly against, 100 = strongly
in favor). To enable an interpretable comparison between
self-reported stances and the latent belief state inferred by F-
Explorer, we define a simple scalar measure from the LLM-
induced proxy belief 𝑄𝑡 .

Let Xpos ⊂ X be the subset of texts expressing the support-
ing stance. We define the opinion score proxy as the fraction
of belief mass assigned to Xpos:

Opinion(𝑄𝑡 ) = 100 ×
∑
𝑖∈Xpos 𝑄𝑡 (𝑖)∑𝑁
𝑖=1𝑄𝑡 (𝑖)

. (16)

Note that, in our evaluation set construction, Xpos and its com-
plement (opposing texts) are matched in size, so the measure
is not driven by class imbalance.

Evaluation
Objectives
Our evaluation has two objectives. First, we quantitatively
test how well the FE-based active exploration framework can
account for real users’ web exploration behavior, using action-
sequence model fitness. While Fukuchi (2025) primarily dis-
cussed qualitative behavioral differences across parameter set-
tings, a systematic evaluation of model fit to observed human
action sequences remained unexplored.

Second, we test whether integrating an LLM as the be-
lief representation and update mechanism improves both (i)
action-sequence explanatory power and (ii) belief-state infer-
ence performance, relative to WEB-FEP’s two-dimensional
Gaussian belief representation. The focus of this comparison
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is the two models grounded in the same exploration theory
(FEP/active inference) differ in explanatory power when the
belief representation is made more meaning-sensitive using
an LLM.

Task and Dataset
We use the user-study dataset collected by Fukuchi (2025)
(𝑁 = 94). Participants interacted with a controlled virtual
SNS environment. Across 𝑇 = 10 iterations, participants
repeatedly selected one link (a hashtag) from six candidates
and then observed eight post texts associated with the selected
hashtag. Participants also self-reported their attitude toward
the focal issue (an opinion score on a 0–100 scale) both before
and after the exploration session. We treat this self-reported
opinion score as an external validity signal to compare the
interpretability of the models’ belief measures. X consists of
240 posts for each supportive and opposing contents.

Procedure
LLM and LoRA details llm-jp-3-3.7b-instruct (LLM-jp et
al., 2024) was used for F-Explorer’s LLM. Because latent rep-
resentations of an LLM tend to shift from surface-level fea-
tures to syntactic structure, semantic information, and broader
contextual integration as layers become deeper (Jawahar et al.,
2019). We only applied LoRA to 17-20th layers, whose 2-
D principal component analysis (PCA) results most clearly
separated the polarity of comments. The 17th layer’s rep-
resentations were also used for WEB-FEP’s text-embedding
space by reducing the dimension with PCA.

Initial belief distribution. For F-Explorer, we constructed
168 initial beliefs by sampling 200 posts from X with dif-
ferent balance settings, and initializing the LoRA adapter ac-
cordingly. Because WEB-FEP represents belief as a Gaussian
distribution in a two-dimensional semantic space, we fit a 2D
Gaussian to the distribution induced by each F-Explorer ini-
tial LoRA belief (i.e., a likelihood-based belief over X) and
used the fitted Gaussian as the corresponding WEB-FEP ini-
tial belief. This procedure aligns the distribution of initial
beliefs between the two models as closely as possible while
respecting their different belief parameterizations.

Search space of learning rate and MLE. For both F-
Explorer and WEB-FEP, we considered five levels of learning
rate. In F-Explorer, update strength is controlled by the num-
ber of gradient steps per observation 𝑛step ∈ {1, 3, 5, 7, 10}. In
WEB-FEP, update strength is controlled by the learning rate
parameter, 𝛼 ∈ {0.1, 0.2, 0.3, 0.5, 0.7}. Combining 168 ini-
tial beliefs with five learning-rate levels yields 168 × 5 = 840
candidate parameter configurations per model.

For each participant and each configuration, we ran the for-
ward model and computed the log-likelihood of the observed
action sequence using Eq. 14. We then performed MLE by se-
lecting, for each participant, the configuration that maximized
Eq. 15.

18 16 14 12 10
Log-Likelihood

0.00

0.05

0.10

0.15

0.20

0.25

0.30

De
ns

ity

Distribution of MLE Log-Likelihood per User
Model
F-Explorer
WEB-FEP

Figure 1: Distribution of best log-likelihoods selected by max-
imum likelihood estimation for each user

Tuning of 𝜆. We tuned the shared coefficient 𝜆 by a
parameter sweeping, selecting the value that maximized
model fitness aggregated across participants. For F-
Explorer, we performed a sweep over 𝜆F−Explorer ∈ {0} ∪{
0.01 · 1.1𝑖 | 𝑖 = 0, . . . , 199

}
, then refined around the best

region with a step size of 0.05, resulting in 𝜆F−Explorer =

40.85. We similarly performed a sweep for WEB-FEP over
𝜆WEB−FEP ∈ {0} ∪

{
0.001 · 1.1𝑖 | 𝑖 = 0, . . . , 199

}
, then re-

fined with a step size of 0.005, resulting in 𝜆 = 0.270. The
large difference of 𝜆F−Explorer scale is mainly due to its sample-
wise value calculations.

Results
Table 1 summarizes action-sequence fitness and related met-
rics for each model, evaluated at each participant’s maximum-
likelihood configuration. “Corr” reports the correlation
between the model’s opinion-score measure and the self-
reported opinion score.

Action-sequence likelihood. F-Explorer achieved higher
log-likelihood than WEB-FEP. A paired 𝑡-test across par-
ticipants showed a significant improvement, 𝑡 (93) = 3.98,
𝑝 = 0.000136, with a mean difference of 0.744 (SE = 0.187).
Figure 1 shows the distributions. F-Explorer overall improved
the distribution, and the number of the samples that better ex-
plain user behavior increased.

Top-𝑘 accuracy. We also evaluated whether the observed
action at each trial falls within the top-𝑘 most probable actions
under the model’s predicted policy 𝜋𝑡 , where the number of
action candidates are six. Figure 2 illustrates the top-1 result.
F-Explorer outperformed WEB-FEP for 𝑘 = 1, 2, 3. This
improvement reflects better relative probability assignment
across six alternatives, not merely predicting the single most
frequent choice.
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Table 1: Model fitness and metrics based on each participant’s maximum-likelihood configuration (mean ± SE). Corr denotes
correlation with self-reported opinion scores.

log 𝑃(𝑎1:𝑇 | Θ∗) Top-1 Acc. Top-2 Acc. Top-3 Acc. Corr (Init) Corr (Final)
F-Explorer -14.265 ± 0.183 .431 ± .014 .668 ± .013 .781 ± .013 .331 (p=.001) .424 (p <.001)
WEB-FEP -15.010 ± 0.167 .334 ± .015 .534 ± .016 .711 ± .017 .260 (p=.011) .449 (p <.001)
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Figure 2: Distribution of top-1 scores selected by maximum
likelihood estimation for each user

Opinion-score correlation. For the initial opinion score,
F-Explorer achieved a higher correlation with self-reports,
suggesting that the LLM-based belief representation may bet-
ter capture individual differences in the initial belief state.
For the final opinion score, we could not find an improvement
from WEB-FEP.

Discussion
Overall, F-Explorer showed better fitting with user data. This
indicates that replacing the 2D Gaussian belief with an LLM-
induced likelihood belief can improve how well the same
exploration theory accounts for observed action sequences.

The top-𝑘 accuracies of both F-Explorer and WEB-FEP
are well above chance levels (𝑘/6 for 𝑘 ∈ {1, 2, 3}). Given
the size of the action-sequence space (𝑁 = 610), these re-
sults indicate non-trivial predictive performance even under a
discrete maximum-likelihood search over only 840 candidate
parameter settings.

That said, the top-𝑘 scores still leave substantial room for
improvement, suggesting that the current parameter grid (840
configurations) may be insufficient to capture the full diversity
of user behaviors. At the same time, even within a single topic,
the number of candidate configurations grows rapidly as we
enrich the initial-belief family and update-strength variations,
making naive grid expansion computationally impractical for
future applications. Future work should therefore explore
more efficient inference strategies, such as: (i) narrowing pri-
ors using participant traits or behavioral markers (e.g., confir-
matory selection count), (ii) coarse-to-fine inference schemes
analogous to our 𝜆 tuning, and (iii) sequential Monte Carlo or
other adaptive search methods to more efficiently explore the
space of initial beliefs and update parameters.

We also need to note that, although we aligned initial
belief distributions between models, WEB-FEP’s 𝛼 and F-
Explorer’s 𝑛step are not the same construct, and their search
spaces may not be perfectly comparable. This mismatch could
disadvantage one model by making the explored parameter

grid less well matched to its effective update magnitude. Al-
though our another trial in which the number of 𝛼 was in-
creased (𝛼 ∈ {0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7}) for WEB-FEP
did not show a great improvement but slight degradations
for the correlation measures, a more principled calibration
between 𝛼 and 𝑛step is an important direction for follow-up
evaluation.

Both F-Explorer and WEB-FEP update belief via
likelihood-based evidence accumulation: content that is ob-
served becomes more likely under the model. However,
self-reported final opinions may reflect additional cognitive
and affective processes beyond accumulation of textual evi-
dence, such as reliability assessment, reactance, consistency
checking against prior beliefs, and emotional responses. Be-
cause F-Explorer does not explicitly model selective accep-
tance/rejection of information after observation, the model
may explain link choices more directly than subjective post-
exploration evaluations. Incorporating mechanisms such as
trustability estimation and selective attention/weighting into
the belief update could improve alignment particularly with
final self-reports.

Conclusion
This paper proposed F-Explorer, a cognitive LLM agent
driven by FEP for modeling web media exploration. F-
Explorer employs an LLM not in a data-driven way but as
a belief module within a theory-grounded cognitive model.
Because behavior is governed by explicit parameters, we can
systematically generate diverse exploration dynamics without
end-to-end behavioral training. In addition, based on explicit
latent belief states and value terms, we can infer user-specific
cognitive states and parameters from action sequences via
MLE and explain choices mechanistically rather than treating
them as a black-box. Our evaluation suggests that integrat-
ing LLM-based belief representations can improve FE–based
models of web exploration while preserving interpretability
through explicit latent-state and parameter inference.
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