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Abstract

Understanding how humans revise their beliefs in light of new
information is crucial for developing AI agents which can ef-
fectively model, and thus align with, human reasoning and
decision-making. Motivated by empirical evidence from cog-
nitive psychology, in this paper we first present three com-
prehensive human-subject studies showing that people con-
sistently prefer explanation-based revisions, i.e., those which
are guided by explanations, that result in changes to their be-
lief agents that are more extensive than necessary. Our ex-
periments systematically investigate how people revise their
beliefs with explanations for inconsistencies, whether they
are provided with them or left to formulate them themselves,
demonstrating a robust preference for what may seem non-
minimal revisions across different types of scenarios. More-
over, we evaluate to what extent large language models can
simulate human belief revision patterns by testing state-of-
the-art models on parallel tasks, analyzing their revision
choices and alignment with human preferences. These find-
ings have implications for AI agents designed to model and
interact with humans, suggesting that such agents should ac-
commodate explanation-based, potentially non-minimal be-
lief revision operators to better align with human cognitive
processes.

Introduction
For AI agents to collaborate effectively and safely with peo-
ple, they must be human-aware, that is, capable of reasoning
about the mental states of their human partners (Kambham-
pati 2020). A cornerstone of this paradigm is the AI agent’s
ability to build and maintain an approximate human model
that captures its understanding of the user’s beliefs, goals,
and knowledge about a shared task. Such models are critical
for enabling fluid, predictable, and successful interactions,
whether in decision-support agents, collaborative robotics,
or personalized tutoring agents.

Formally, the human-aware AI framework represents this
through a multi-model setting M = ⟨MR,MH⟩, where
MR denotes the AI agent’s own model of the world and
MH represents the human model that the agent maintains
(Sreedharan 2023).1 This framework has been extensively

Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

1These models typically encode knowledge pertaining to a spe-
cific task, such as a planning problem (Chakraborti et al. 2017).

developed to support various forms of human-AI interaction,
such as the model reconciliation problem (Chakraborti et al.
2017; Vasileiou et al. 2022), where the goal is to align the
models of the AI agent and the human with explanations.

A fundamental challenge in human-aware AI, however, is
that these human models are incomplete and will inevitably
face inconsistencies. An AI agent will frequently observe a
user taking an action or stating a fact that contradicts the
model’s current representation of their beliefs. This triggers
the problem of belief revision: the AI agent must update its
model of the user to accommodate this new, conflicting in-
formation. But what principles should govern how an AI
agent updates its beliefs about a human?

The predominant approach in human-aware AI litera-
ture has been to adopt the principle of minimalism (or in-
formation economy) from classical belief revision theory,
which advocates making the smallest possible change to re-
store logical consistency (James 1907; Makinson 1997; Rott
2000; Fermé et al. 2024). This principle manifests in various
algorithmic contributions that seek to minimize the number
of changes to the human model MH when reconciling in-
consistencies (Sreedharan, Chakraborti, and Kambhampati
2021; Vasileiou, Previti, and Yeoh 2021; Son et al. 2021).
The underlying assumption is that minimal changes preserve
as much of the original model as possible, thereby maintain-
ing computational efficiency as well as theoretical elegance.

However, this minimalist approach may not align with
the actual cognitive processes of the human being modeled.
Cognitive science research indicates that when people them-
selves encounter inconsistencies, they do not simply make
minimal adjustments; instead, they seek to understand the
conflict by generating explanations (Walsh and Johnson-
Laird 2009; Khemlani and Johnson-Laird 2013). This search
for explanatory understanding often leads to broader, seem-
ingly non-minimal revisions, such as modifying relevant
general rules rather than specific facts.

To illustrate this distinction, consider an AI agent with a
human model consisting of the rule “If people are worried,
then they find it difficult to concentrate” and the fact “Alice
was worried”. If the AI agent then observes new, conflicting
information that “In fact, Alice did not find it difficult to
concentrate”, a minimalist revision might simply discard the
initial fact, “Alice was worried,” as this is the most localized
change to restore logical consistency. However, humans are



more likely to ask why the conflict occurred and generate
an explanation, such as, “Perhaps Alice has effective coping
strategies”. This explanation then guides a broader revision
to accommodate this new understanding.

This creates a potential disconnect: an AI agent that ad-
heres to minimalism may develop a brittle and inaccurate
model that diverges from the human’s expectations, under-
mining the very goal of human-aware interaction and po-
tentially leading to eroded trust or unsafe suggestions based
on a flawed understanding of the human’s beliefs. This mis-
match presents a challenge in developing human-aware AI
agents.

Therefore, our goal in this paper is to empirically ex-
plore how people revise their beliefs to inform the de-
sign of more “cognitively-aligned” revision mechanisms for
human-aware AI agents. We argue that for an AI agent to
maintain a robust and useful model of its human user, its
model-revision process should reflect the explanatory, non-
minimal patterns observed in human cognition. Our results
from three comprehensive user studies reveal a strong and
consistent preference for revisions guided by explanations,
namely explanation-based revisions. Furthermore, we eval-
uate to what extent state-of-the-art large language models
(LLMs) can simulate these human belief revision patterns,
providing a baseline for their current alignment with human
cognitive processes. These findings can help to better un-
derstand how to design AI agents that can more accurately
model their human users.

Related Work
The problem of belief revision, that is how an agent should
update its knowledge in the face of new, contradictory infor-
mation, is a cornerstone of AI. A dominant principle for for-
malizing this process has been the principle of minimalism
(James 1907), which posits that a rational agent should make
the smallest possible change to their beliefs to restore consis-
tency after encountering a contradiction. However, a stream
of research in cognitive science has consistently challenged
the descriptive accuracy of minimalism, arguing that human
reasoning is better described by an explanatory hypothesis.

This view holds that the primary goal for humans is
not minimal change, but achieving explanatory understand-
ing. Foundational studies by cognitive scientists have pro-
vided qualitative evidence that people prefer non-minimal,
explanation-based revisions, often by modifying general
rules to account for “disabling conditions” that explain a
conflict (Elio and Pelletier 1997; Walsh and Johnson-Laird
2009; Khemlani and Johnson-Laird 2013). Our work builds
directly on this foundation by providing more evidence for
this human preference across a range of scenarios and, cru-
cially, is the first to directly contrast this pattern with the
revision strategies employed by state-of-the-art AI models.

Within the human-aware AI paradigm (Sreedharan 2023),
a central challenge is for an AI agent to build and maintain
an accurate model of its human partner, denoted MH . Much
of the work in that space has focused on the model reconcil-
iation problem, where the AI agent generates an explana-
tion to align the human’s model MH with its own model

(MR), thereby making the AI agent’s behavior understand-
able. This research has been vital for creating more inter-
active, user-centered agents. Our work, however, addresses
the inverse but equally critical problem: how an AI should
approach revising its model of the human in response to
an observation that contradicts that model. While prior ap-
proaches have often implicitly adopted minimalist updates
for this task (Chakraborti et al. 2017; Vasileiou, Previti, and
Yeoh 2021; Vasileiou et al. 2022), we provide an empiri-
cal demonstration of how this assumption might fail to align
with actual human cognitive processes.

Finally, the evaluation of LLMs on tasks requiring human-
like cognition is a flourishing field of research (Sartori and
Orrù 2023). A key area of focus is Theory of Mind (ToM),
i.e., the ability to reason about others’ mental states (Kosin-
ski 2024). Recent work has proposed a critical distinction
between two forms of ToM: literal ToM, which is the abil-
ity to predict another agent’s behavior or beliefs; and func-
tional ToM, which is the ability to use those predictions to
rationally adapt one’s own behavior in an interactive con-
text (Riemer et al. 2025). Our work is, to our knowledge,
one of the first to apply this literal vs. functional distinction
to the problem of belief revision in the context of human-
aware AI. We demonstrate that while LLMs may show signs
of literal competence by generating plausible explanations
that resolve a contradiction, they may fail at using these ex-
planations to guide a global, non-minimal revision of their
human models.

User Studies on Belief Revision in Humans
To empirically investigate how humans resolve inconsis-
tencies, we conducted three user study experiments de-
signed to systematically probe the process of belief revi-
sion. Our methodology is grounded in established paradigms
from cognitive psychology, which purposefully use struc-
tured, interpretable scenarios to isolate the cognitive mech-
anisms at play (Politzer and Carles 2001; Byrne and Walsh
2002; Khemlani and Johnson-Laird 2013). While the state-
ments are intentionally simplified, this approach is a stan-
dard and necessary practice that allows for controlled ex-
perimentation with humans. To ensure our findings were not
domain-specific, the scenarios were drawn from a variety
of common, everyday contexts, including intuitive psychol-
ogy, physics, and economics, and were designed to be highly
plausible. The studies were conducted on the crowdsourcing
platform Prolific (Palan and Schitter 2018), and participants
were explicitly instructed that there were no right or wrong
answers to encourage them to follow their natural thoughts.2

Our user studies examine how people reason when pre-
sented with information that contradicts their beliefs, resolv-
ing these inconsistencies into a new set of consistent beliefs.
In particular, we conducted three experiments:
• Experiment 1 explores how people generate explanations

when encountering inconsistencies, asking participants to
explain why the new information conflicts with their ex-
isting beliefs;

2Ethics approval was obtained from our institution.



Figure 1: Experimental design for the three problem types, with examples of the human’s knowledge base, comprising facts
(turquoise boxes) and rules (blue boxes), and the epistemic input (red boxes), along with the explanations (green boxes) provided
in Experiments 2 and 3.

• Experiment 2 examines how people revise their beliefs
when provided with explanations (those generated in Ex-
periment 1), testing whether explanation-based revision
patterns persist when explanations are given rather than
self-generated; and

• Experiment 3 investigates whether these revision patterns
hold when beliefs are instantiated as specific cases rather
than general rules, using grounded versions of the same
scenarios with multiple concrete instances.

Design Overview: To carry out our investigation, we se-
lected three types of problems, as shown in Figure 1. These
problems present increasingly complex scenarios where new
information (the epistemic input) conflicts with existing be-
liefs (the human’s knowledge base), allowing a systematic
study on how people handle such inconsistencies. More de-
tails for all experiments can be found in the supplement.

The first type (Type I) presents participants with a sim-
ple scenario containing a conditional (generalization) state-
ment R1 and a (categorical) fact F1 about a specific case,
which together compose the human’s knowledge base, and
the epistemic input φ1 that conflicts with what the knowl-
edge base implies. The second type (Type II) increases com-
plexity by introducing an additional conditional statement
R2, creating a scenario where the epistemic input φ1 con-
flicts with the consequences of one of the conditional state-
ments and the fact. Finally, the third type (Type III) of in-
consistency presents the most complex case, where the more
complex epistemic input φ2 conflicts with the consequences
of both conditional statements and the fact.

To analyze participant responses against the principles
discussed in the introduction, we define two key concepts.
First, we identify explanation-based revision, motivated by
cognitive science research. Due to humans’ propensity to
envisage “disabling conditions”, i.e., contextual factors that
prevent a cause from producing its usual effect, their expla-
nations are more likely to invoke such conditions than to
imply that a categorical statement is wrong. For instance,
an explanation for the conflict in Figure 1 is that “Alice has
effective coping strategies.” This explanation targets the uni-

versal applicability of the rule R1. We refer to this process
as an explanation-based revision: a process where the revi-
sion is guided by a generated explanation, which naturally
leads to a change broad modifications (such as modifying
the general rule) to achieve explanatory understanding.

Second, to measure the outcome of this cognitive process,
we define non-minimality in terms of informational loss,
i.e., one that leads to larger informational loss than what is
strictly necessary to restore consistency. For example, dis-
carding the rule R1 implies rejecting all of its groundings,
which means you can no longer infer that people find it dif-
ficult to concentrate if they are worried, for any instantiation
of this rule. In contrast, discarding the categorical fact F1

leads to minimal information loss as it is a localized change
that preserves the general rule.

Experiment 1

Participants and Design: We recruited 62 participants
from Prolific across diverse demographics, with the only fil-
ter being that they are fluent in English. The participants car-
ried out three different problems of each of the three types
(Type I, Type II, and Type III), for a total of nine prob-
lems. The participants’ main task was to explain the incon-
sistencies presented to them in their own words, specifically
addressing why the new information (the epistemic input)
could be true in light of the conflicting initial statements.
After providing their explanations for every problem, each
participant was asked how they approached explaining what
was presented to them and if they followed any strategies
when doing so.

Results: All participants easily came up with reasons to ex-
plain the inconsistencies they encountered. To analyze these
free-text responses, we first examined their semantic con-
tent to infer which piece of the original information (e.g.,
categorical facts or conditional rules) the participant’s ex-
planation implicitly blamed for the conflict. Based on this
inference, we employed a coding scheme that classified the
implied revisions as either minimal or non-minimal based on
our definitions in the previous section. For example, expla-
nations implying non-minimal revisions included those that



Problem Non-Minimal Minimal Wilcoxon Test Effect Size
Type Revision Revision (p-value) (Cohen’s d)

Experiment 1

Type I 132 (81.99%) 29 (18.01%) 4.76 × 10−16 1.28
Type II 140 (86.96%) 21 (13.04%) 6.69 × 10−21 1.48
Type III 144 (81.36%) 33 (18.64%) 7.23 × 10−17 1.25
Aggregate 416 (83.37%) 83 (16.63%) 2.96 × 10−50 1.33

Experiment 2

Type I 131 (79.39%) 34 (20.61%) 4.30 × 10−14 1.25
Type II 148 (91.36%) 14 (8.64%) 6.42 × 10−26 2.27
Type III 134 (85.90%) 22 (14.10%) 3.04 × 10−19 1.68
Aggregate 413 (85.51%) 70 (14.49%) 6.52 × 10−55 1.64

Experiment 3

Type I 113 (71.97%) 44 (28.03%) 2.68 × 10−24 2.10
Type II 100 (65.36%) 53 (34.64%) 1.50 × 10−25 1.79
Type III 104 (64.20%) 58 (35.80%) 4.61 × 10−16 1.52
Aggregate 317 (67.16%) 155 (32.84%) 1.44 × 10−52 1.45

Table 1: Results from all three experiments, with Aggregate representing combined data from all problem types.

introduced disabling conditions or directly negated a condi-
tional rule (e.g., “It is not the case that if X then Y”). Expla-
nations implying minimal revisions were those that negated
the categorical fact (e.g., “Perhaps not X”). This scheme suc-
cessfully classified 89% of all responses. The remaining re-
sponses either affirmed or denied the new information, i.e.,
the epistemic input, or were too vague to classify.

Table 1 displays the distribution of explanations imply-
ing either non-minimal or minimal revisions. The data re-
veal a compelling trend: a significant majority of explana-
tions across all questions leaned towards revisions that im-
ply removing or changing conditional rules. A Wilcoxon test
performed on the aggregated data yielded a p-value signif-
icantly smaller than 0.05 (p ≈ 2.96 × 10−50), providing
robust evidence that the observed proportions are far from
what would be expected by random chance. Moreover, effect
size measurements (Cohen’s d) were conducted to quantify
the magnitude of these differences, where it was consistently
high across all instances.

These results demonstrate that when faced with inconsis-
tencies, participants predominantly created explanations that
yield them to discard or modify conditional rules over cat-
egorical facts. This suggests that individuals engage deeply
in resolving inconsistencies, often opting for more compre-
hensive explanatory frameworks that modify their existing
beliefs to a greater extent than simply choosing an arbitrary
minimal set of beliefs to remove.

Experiment 2

Participants and Design: In the second experiment, we
recruited 60 new participants from Prolific with the same re-
quirements as in Experiment 1. The goal of the study was
to test whether the observed preference for non-minimal re-
visions persists when an explanation is provided to partici-
pants, rather than having them generate it themselves. Par-
ticipants were presented with the same inconsistency prob-
lems, but this time they were also given one of the most plau-
sible explanations (a disabling condition) generated by par-
ticipants in Experiment 1. Participants were then asked to
describe how they would revise their beliefs in light of this

explanation.

Results: We employed a specific coding scheme to analyze
how participants chose to revise their beliefs. In accordance
with this scheme, participants indicated whether they would
keep, discard, or alter the beliefs. When choosing to alter a
belief, participants were asked to provide details about how
they would go about it. As before, we have two categories of
revision: non-minimal revisions that discard or alter either a
conditional or a combination of more than two statements;
and minimal revisions that discard or alter the categorical
facts. This coding scheme classified 89% of the responses,
while the remaining responses either yielded inconsistent re-
visions (e.g., not revising anything) or were too vague to be
classified.

Table 1 and Figure 2 provide an overview of the results.
The data reveal a clear trend: a significant majority of re-
visions were non-minimal across all problem types. Partici-
pants showed a strong preference for modifying or discard-
ing conditional rules rather than categorical facts, with this
pattern being particularly pronounced in Type II problems
where over 90% of participants performed non-minimal
revisions. The aggregate analysis across all 413 valid re-
sponses showed that 85.51% were non-minimal revisions.
A Wilcoxon test performed on the aggregated data yielded
a p-value of p ≈ 6.52 × 10−55, providing strong statistical
evidence that this preference was not due to chance.

These findings corroborate those of Experiment 1 and
provide evidence that people predominantly opt for non-
minimal revisions when presented with explanations. Even
when given the explanations, participants maintained their
tendency to make broader changes to their belief agents, sug-
gesting that this preference for explanation-based revision
may be a fundamental aspect of how people process incon-
sistencies.

Experiment 3

Participants and Design: Our final experiment recruited
60 new participants from Prolific (same requirements as be-
fore) and was designed to test the generality of our findings.



Figure 2: Distribution of average number of belief changes across problem types in Experiment 2 and Experiment 3.

We investigated whether the preference for non-minimal,
explanation-based revisions would hold when the beliefs
were not abstract statements but were instantiated as a set
of specific, concrete cases. Particularly, for Type I scenarios
(containing one generalization and one fact, we created four
ground conditional statements, and added an additional cat-
egorical fact. For Types II and III scenarios (containing two
generalizations and one fact), we created eight ground con-
ditional statements (four for each rule), as well as added an
additional fact for a total of two.

Results: Similarly to Experiment 2, we asked the partici-
pants to indicate whether they would keep, discard, or alter
the beliefs in light of the explanation. However, given the
instantiated nature of the beliefs, we established the follow-
ing additional criteria for measuring minimal versus non-
minimal revisions. For Type I and II scenarios, consistency
could be restored with a single revision, i.e., either modify-
ing one conditional rule or one fact. Therefore, any revision
involving more than one belief change was considered non-
minimal. For Type III scenarios, where the inconsistency af-
fected two conditional statements, consistency required at
most two revisions. Here, changes to more than two state-
ments were considered non-minimal. To ensure consistent
analysis, we counted both discarded and altered statements
as changes in our measurement of belief revision. Using this
coding scheme, we classified 87% of the responses, while
the remaining responses yielded inconsistent revisions (e.g.,
keeping all beliefs).

As can be seen in Table 1 and Figure 2, our analysis re-
vealed that participants consistently made more extensive
changes than the minimum required for consistency. Type I
scenarios showed a strong preference for non-minimal re-
visions, with 71.97% of participants opting for broader
changes (p ≈ 2.68×10−24). While these scenarios required
only one revision for consistency, participants made an av-
erage of 2.21 changes to their beliefs, indicating a clear ten-
dency to revise multiple statements rather than making min-

imal changes. The gap between minimally required to gain
consistency and actual revisions became more pronounced
in the subsequent scenarios. In Type II problems, which also
required only one revision, 65.36% of revisions were non-
minimal (p < 10−25), with participants making an aver-
age of 3.08 changes. Type III scenarios, which required at
most two revisions, showed 64.20% non-minimal revisions
(p < 10−16), with participants making an average of 3.94
changes—nearly twice the minimum required. This system-
atic increase in the average number of changes—from 2.21
in Type I to 3.94 in Type III—suggests that as scenarios be-
come more complex, people make more revisions beyond
what is minimally necessary to regain consistency.

These results provide more evidence that people’s prefer-
ence for non-minimal revisions persists even when dealing
with concrete, grounded scenarios. These findings align with
and extend the results from Experiments 1 and 2, demon-
strating that whether working with general rules or specific
instances, people consider and revise multiple related beliefs
rather than making minimal, localized, or arbitrary changes.

How Do LLMs Revise Human Models?
Having established a pattern of explanation-based revision
in humans, we now examine whether today’s advanced
AI agents exhibit similar reasoning patterns when revising
(given) models of human users. This investigation is aimed
at understanding whether current LLMs, which are increas-
ingly deployed in human-AI interaction settings, naturally
align with humans’ cognitive processes.

Recall from the introduction that, in the human-aware AI
framework, an AI agent maintains both its world model MR

and a model of its human user MH , which, when faced
with inconsistent information, has to be updated. Our central
question is: do LLMs, acting as human-aware AI agents, per-
form this revision following an explanation-based revision
process? This is important because, if there is a mismatch
between how LLMs revise the human models and what hu-



Problem Task Minimally Human Avg. LLM Avg. Changes
Type Required Changes GPT o4-mini Claude 4 Opus Gemini 2.5 Pro

Type I General 1 1.18 1.00 1.00 1.00
Instantiated 1 2.21 1.00 1.00 1.00

Type II General 1 1.63 1.00 1.00 1.00
Instantiated 1 3.08 1.00 1.00 1.00

Type III General 2 2.01 2.00 1.33 1.67
Instantiated 2 3.94 2.00 2.00 2.67

Table 2: The average number of belief changes made by the human participants and each of the LLMs.

(a) General Task (b) Instantiated Task

Figure 3: Distribution of average number of belief changes for (average) human and (average) LLM across problem types.

mans expect, then this could lead to model divergence (i.e.,
MH progressively deviates from the human’s actual be-
liefs), collaborative errors (i.e., incorrect predictions about
human behavior), as well as hindering trust between the AI
agent and the human user.

Experimental Setup: We selected three LLMs, OpenAI’s
GPT o4-mini, Anthropic’s Claude 4 Opus, and Google’s
Gemini 2.5 Pro,3 and presented them with the general sce-
narios (similar to Experiments 1 and 2) and instantiated sce-
narios (similar to Experiment 3) from the user studies. To
answer our question, we evaluated if LLMs, when prompted
to reason about a conflict, naturally generate their own ex-
planations and revise the (given) human models in a manner
that aligns with the explanation-based revision process ob-
served in humans. Specifically, we followed recent work on
LLM evaluation in cognitive tasks and employed a role-play
framing by tasking the LLMs as human-aware AI agents
needing to revise the human models in light of inconsistent
information (Shanahan, McDonell, and Reynolds 2023).4

Note that to elicit a “thinking mode” in LLMs and log
their reasoning process, we employed Chain-of-Thought

3At the time of writing this paper, these models are, arguably,
the three of the best performing (reasoning) models.

4According to Shanahan et al., framing LLM behavior in terms
of role play and simulation can allow us to draw on folk psycho-
logical terms observed in humans.

prompting, explicitly asking the models to “think step-by-
step” before providing a final revision decision, with deter-
ministic output (temperature = 0) to ensure reproducibility.
More details can be found in the supplement.

Results and Analysis: Table 2 summarizes the average
number of belief changes made by humans and the LLMs,
while Figure 3 visualizes the distribution of these changes.5

In the general task, the LLMs’ behavior appears, at first
glance, to align with human patterns. For Type I and Type II
problems, both humans and LLMs averaged approximately
one revision to resolve the conflict. An analysis of the mod-
els’ reasoning reveals this single change was consistently a
non-minimal one: they revised the general rule (R1) rather
than the fact (F1), mirroring the human preferences we ob-
served in our user studies. In the Type III general scenarios,
which require two revisions to resolve the two-part contra-
diction, the results were more mixed. While GPT made the
two required changes, Claude and Gemini made, on average,
fewer (1.33 and 1.67, respectively), implying they some-
times failed to resolve the full inconsistency.

A different story emerges from the instantiated task. As il-
lustrated in Figure 3(b), the LLMs’ revisions are tightly clus-
tered at the minimum required, while human revisions are

5To ensure robustness, each question instance was presented to
each LLM 10 times, and the results were averaged.



broadly distributed and consistently higher. Humans make
significantly more changes than minimally required, with
the average number of revisions increasing with complex-
ity from 2.21 to 3.94. In contrast, the LLMs followed a
minimalist strategy. Interestingly, their reasoning traces fre-
quently revealed this explicitly by stating that “Humans
make the smallest change necessary to resolve contradic-
tions.” Moreover, in an instantiated scenario involving two
entities (Alice and John), upon learning that “Alice did
not lose concentration during her presentation,” the LLMs
would only revise the single rule pertaining to Alice and fail
to generalize to the belief involving John.

Overall, the findings from this experiment suggest that
while LLMs can simulate human-like explanation-based re-
vision in simple contexts, their strategy might degrade to a
minimalist approach as the scenario complexity increases.
This indicates that their alignment with the human process
of achieving explanatory understanding is not fully realized.

Discussion & Conclusion
Our empirical investigation reveals a mismatch between the
principles of minimalism that have long guided AI and the
psychological processes that govern human belief revision.
Across three comprehensive user studies, we found robust
and consistent evidence that people’s revisions are driven by
a search for explanatory understanding. This fundamental
drive to understand why a conflict occurred leads individu-
als to make broad, non-minimal changes to their beliefs, sys-
tematically referring to modify general rules over isolated,
specific facts. This pattern holds true whether people gener-
ate their own explanations (Experiment 1) or are provided
with them (Experiment 2), and persists across both abstract,
rule-based scenarios and more complex, instantiated ones
(Experiment 3). This further highlights the fact that belief
revision is not an isolated process, but an integral component
of humans’ broader quest for explanatory understanding.

Our evaluation of state-of-the-art LLMs reveals a poten-
tial misalignment with the cognitive process of explanation-
based belief revision. While the LLMs demonstrated an abil-
ity to mimic explanation-based revision in simple, abstract
scenarios, in the instantiated scenarios, they consistently re-
verted to making the minimum number of changes required
to restore consistency.

Implications for AI Alignment: Our work may have im-
plications for the safety and efficacy of human-aware AI
agents, touching upon several core challenges in AI align-
ment. First, our findings expose a mistaken assumption in
the human-aware AI paradigm. An AI agent that continu-
ously updates its model of a human user using a minimalist
operator is building its understanding on potentially faulty
ground. As the human user makes explanation-based up-
dates to their own beliefs, the AI agent’s updates will fail
to capture the scope and nature of these changes. This will
lead to a compounding model divergence over time, where
the agent’s model of the human becomes progressively inac-
curate, and unreliable.

Second, this divergence represents a vulnerability for
scalable oversight (Ji et al. 2023). The goal of scalable over-

sight is to enable humans to supervise AI agents that may ex-
ceed their own capabilities, often by having AI agents learn
from or interpret human feedback. Our results indicate that if
the AI agent overseer operates on a flawed cognitive model
of its human supervisor it may systematically misinterpret
the very feedback it is designed to learn from. When a hu-
man provides feedback reflecting a broad, explanation-based
change in their beliefs, a minimalist AI will likely attribute
this to noise, irrationality, or a simple rejection of a single
fact. It may misunderstand the intent behind the feedback,
leading it to learn the wrong values or an incorrect model of
the task, undermining the entire chain of supervision.

Third, our work shows the importance of “functional”
cognitive alignment. An AI agent that can merely state
a plausible explanation for a conflict (literal ToM) is not
aligned if it fails to update its internal models and subse-
quent behavior in a manner consistent with that explanation
(functional ToM). In general, as AI agents become more au-
tonomous, their internal models of how humans think, de-
cide, and react will become a critical determinant of their
behavior. A misaligned cognitive model is a root cause of
value misalignment. Before an AI agent can reliably learn
what we want, it must possess an accurate model of how we
think. Our research suggests that “Cognitive Model Align-
ment” must become a primary objective alongside “Value
Alignment” in the broader research agenda.

Limitations & Future Work: We have to, of course, ac-
knowledge the limitations of our study, which also point
toward promising avenues for future research. Our experi-
ments employed controlled, simplified scenarios, a standard
and necessary methodology in cognitive psychology for iso-
lating cognitive mechanisms. Future work should investigate
whether these explanation-based patterns persist in more
complex, naturalistic, and open-ended domains where be-
liefs are less structured and information is often ambiguous.
Furthermore, our evaluation of LLMs represents a snapshot
of a rapidly evolving technology; future model architectures
may exhibit different patterns. The prompts used, though
carefully designed, could also influence model behavior. Fi-
nally, it is crucial to remember that our experiments simu-
late belief revision in LLMs, which lack genuine, persistent
mental states in the human sense.

A critical next step is to move from these empirical
findings to a new class of formal, computational models.
We plan to develop an explanation-based belief revision
framework that provides a concrete, implementable oper-
ator for AI agents. Such a framework could be integrated
into human-aware AI agents to enable more robust and ac-
curate human modeling, connecting our work to research
on logic-based formalisms for interactive XAI (Rago and
Martinez 2024; Vasileiou et al. 2024). Moreover, we plan
to explore methods for fine-tuning LLMs on datasets that
explicitly demonstrate human cognitive patterns (such as
those presented here). Finally, we plan to extend this work
to dynamic, multi-turn interactions between humans and AI
agents. This would allow us to study the compounding ef-
fects of model divergence over time and to test whether an
AI agent equipped with an explanation-based revision oper-



ator can maintain better alignment with a human user.
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