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Abstract

Large Language Models (LLMs) have demonstrated exceptional performance in
natural language processing, sparking extensive discussion within the field of
psychology regarding whether they possess human-like cognitive abilities. This
study systematically reviews 101 empirical papers evaluating LLMs across five
classic cognitive domains: creative thinking, memory monitoring and metacog-
nition, reasoning, problem-solving and executive control, and Theory of Mind.
Building upon this, the study utilizes the latest GPT-5.4 model to conduct repli-
cation tests and minor perturbation tests on 14 representative studies to deeply
assess the robustness of their cognitive abilities. The research results indicate
that while mainstream LLMs often achieve scores approaching or even exceeding
human baselines in standardized, static classic psychological tasks, they exhibit
a high degree of framing effects. Their performance undergoes severe degrada-
tion when faced with changes in task format, minor semantic perturbations, or
complex scenarios requiring dynamic information updates. This study suggests
that the cognitive abilities currently demonstrated by large language models
lean more toward explicit behavioral simulation based on linguistic represen-
tations and have not yet formed a stable, human-like cognitive system with
endogenous mechanisms.
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Abstract: The exceptional performance of Large Language Models (LLMs) in
natural language processing has sparked extensive debate within the field of
psychology regarding whether these models possess human-like cognitive abili-
ties. This study systematically reviews 101 empirical papers evaluating LLMs
across five classical cognitive domains: creative thinking, memory monitoring
and metacognition, reasoning, problem-solving and executive control, and The-
ory of Mind (ToM). Building upon this review, the study utilizes the latest
GPT-4 model to conduct replication tests and minor perturbation analyses on
14 representative studies to deeply evaluate the robustness of these cognitive
abilities. The results indicate that while mainstream LLMs often achieve scores
approaching or even exceeding human baselines in standardized, static classical
psychological tasks, they exhibit significant framing effects. Their performance
declines sharply when faced with changes in task format, minor semantic per-
turbations, or complex scenarios requiring dynamic information updates. This
research suggests that the cognitive abilities currently demonstrated by LLMs
are more likely explicit behavioral simulations based on linguistic representa-
tions, rather than the formation of a stable, human-like cognitive system with
endogenous mechanisms.

135

In recent years, the rapid development of large language models (LLMs) has
demonstrated unprecedented capabilities in tasks such as language understand-
ing, text generation, question answering, and reasoning. Consequently, LLMs
have become a significant research theme at the intersection of psychology, cog-
nitive science, and artificial intelligence. Language has long served as a core
material in psychological research; because LLMs learn and generate language
at an unprecedented scale, they may serve both as new objects of psychological
inquiry and as novel platforms for testing cognitive theories (Binz & Schulz,
2023; Hagendorff, Dasgupta, et al., 2023;

R. Xu et al., 2024).

According to Marr’ s (2010) levels of analysis, complex information-processing
systems can be studied simultaneously across multiple levels. Within this frame-
work, the systematic measurement of behavioral performance holds substantial
theoretical value for understanding complex intelligent systems (Marr, 2010).
Accordingly, psychological research on these models focuses on whether their
performance across classic cognitive constructs is stable and interpretable, and
whether such performance can provide insights into the operational mechanisms
of human cognitive systems. Existing research has already found that LLMs
exhibit compelling performance across several psychological tasks. Binz and
Schulz (2023) were among the first to use classic experimental tasks from cogni-
tive psychology to examine GPT-3, finding that it performed similarly to, and
in some cases better than, humans in decision-making, information searching,
and certain reasoning tasks (Binz & Schulz, 2023). Hagendorff et al. (2023)
further discovered that larger language models exhibit human-like intuitive bi-
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ases during these tasks (Hagendorff, Fabi, et al., 2023). Research in the field of
creativity has also shown that GPT-4

demonstrates high levels of fluency, flexibility, and originality on the Torrance
Tests of Creative Thinking (Guzik et al., 2023). In the domain of social cognition,
research centered on false-belief tasks suggests that newer models may now be
able to pass classic Theory of Mind (ToM) tasks to a certain extent (Marchetti
et al., 2023). These results indicate that the performance of LLMs in certain
classic psychological tasks warrants empirical investigation.

However, inconsistencies in early evidence have led to ongoing controversy re-
garding whether LLMs truly possess the corresponding cognitive abilities. For
instance, through minor perturbation experiments, Ullman (2023) pointed out
that the success of LLMs in Theory of Mind tasks may be highly sensitive to
surface forms; minor rewording that preserves the core logic can significantly
alter the results (Ullman, 2023).

Furthermore, although the literature in this field is growing rapidly, it remains
generally fragmented, with a lack of systematic integration across different do-
mains and paradigms. Existing systematic reviews still primarily focus on single
domains, and there is a notable absence of cross-domain integrated research that
covers multiple cognitive areas using classic psychological paradigms as a pri-
mary framework (Du, 2025).

Based on this context, the present study focuses on five domains: Theory of
Mind, creative thinking, reasoning, problem-solving and executive control, and
memory monitoring and metacognition. It aims to systematically review the
literature from the past two years concerning psychological testing of LLMs.
Building on this foundation, this study further adopts a meta-analytic approach
to re-evaluate previous research through replication verification and minor per-
turbation testing. We attempt to answer two core questions: first, which cog-
nitive results remain relatively stable across different models and measurement
conditions; and second, what patterns emerge regarding the boundaries and
instabilities of LLM capabilities, and what insights these patterns provide for
psychological theory and future human-computer collaboration.

2.1 B2FEH

This study employs a meta-analytical approach to conduct a systematic review
following the PRISMA guidelines. The primary objective is to systematically or-
ganize the performance of current Large Language Models (LLMs) across classic
psychological cognitive paradigms. Based on this synthesis, we aim to identify
representative studies suitable for further retesting and micro-perturbation anal-
ysis.

Unlike evaluation methodologies centered on model scores or comprehensive
benchmark rankings, this research focuses on whether LLMs exhibit measurable
capabilities within cognitive constructs that are psychologically well-defined, the-
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oretically grounded, and characterized by stable task boundaries. Consequently,
the target literature for this study generally follows a trajectory of “cognitive
domain—psychological construct—classic psychological paradigm/task—measure-
ment study transferred to LLMs,” rather than engineering-focused research that
prioritizes “model—benchmark—score” metrics.

2.2 REHRRER

Before commencing the retrieval process, we defined the scope of our research.
This study focuses on the cognitive capabilities exhibited by existing, widely-
used large language models (LLMs) during practical tasks. We specifically
exclude performance enhancements achieved through task-specific fine-tuning,
complex prompting frameworks, external tool integration, or multi-agent col-
laboration. Our objective is to address the question: “Do the large language
models accessible to the general public demonstrate measurable cognitive abil-
ities in their native state?” Consequently, this research prioritizes the direct
measurement of official model performance and does not consider engineering-
based enhancement solutions as core evidence.

In addition, this study excludes purely theoretical articles and research lacking
empirical test data. However, review articles that possess significant academic
value and provide comprehensive summaries of existing methodologies are in-
cluded within the scope of this analysis.

[Figure 1: see original paper]

2 Methodology
2.1 Data Collection and Selection Criteria

To ensure the rigor and representativeness of the literature sample, we estab-
lished a multi-stage screening process. First, we conducted a systematic search
across major academic databases, including IEEE Xplore, Web of Science, and
arXiv, using keywords related to machine learning and deep learning applica-
tions in the field.

The initial search yielded a broad set of results, which were then subjected to the
following inclusion and exclusion criteria: - Inclusion Criteria: Peer-reviewed
journal articles and conference papers; studies providing clear experimental se-
tups; and research utilizing standardized datasets for performance evaluation.
- Exclusion Criteria: Non-English publications; short abstracts or posters;
and studies where the methodology was insufficiently detailed to allow for re-
producibility.

2.2 Mathematical Framework

The core of our comparative analysis relies on a unified mathematical repre-
sentation of the optimization problems discussed in the literature. For a given
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objective function f(x), we consider the general optimization problem:

min  f(x)

zeR™

st. g;(x) <0, i=1,..,m

In the context of deep learning, the objective function f(x) typically represents
a loss function £(6), where 6 denotes the model parameters. The optimization
process aims to find the optimal parameter set 8* that minimizes the empirical
risk over the training data. As noted in [?], the gradient descent update rule
can be expressed as:

9t+1 =0, — Wﬁ((%)

where 7 represents the learning rate. We further analyze variations of this
approach, such as Adam and RMSProp, which incorporate momentum and
adaptive learning rates to improve convergence stability in high-dimensional
parameter spaces.

2.3 Performance Metrics

Literature that clarifies theoretical backgrounds and methodologies was retained.
Furthermore, this study does not include dynamic video tasks or research fo-
cused solely on Visual Language Models (VLMs) as core subjects. The exclu-
sion of these studies is based on the fact that they typically introduce additional
factors, such as perceptual interaction and the use of external tools, which signif-
icantly increase task heterogeneity. Such complexity makes it difficult to trace
research results back to a single psychological construct. In contrast, pure text
tasks and a limited number of static image tasks with clear structures and no
external tool integration are more aligned with the objectives of this research.

Finally, following the initial round of experimental retrieval, we decided to incor-
porate complex, large-scale comprehensive benchmarks primarily as peripheral
evidence rather than as core evidence for constructing our primary conclusions.
This decision stems from the fact that comprehensive benchmarks often involve
extensive rewriting and expansion of classical tasks, adaptations of original scor-
ing rules, and the introduction of additional engineering control variables. These
modifications tend to weaken the direct correspondence between the benchmarks
and the original psychological paradigms. Furthermore, large-scale comprehen-
sive benchmarks frequently aggregate subtasks from multiple distinct constructs
into a single total score. While this approach facilitates horizontal comparisons
of performance across different models, the resulting constructs are often overly
heterogeneous, leading to insufficiently clear interpretative boundaries from a
psychological perspective.
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2.3 XEMEER

This study conducted two rounds of literature retrieval. The first round, an ex-
ploratory search conducted between September and October 2024, aimed to map
the overall distribution of literature in the field and refine the search strategy
accordingly. During this initial phase, the research team had not yet systemat-
ically incorporated keywords related to psychological paradigms, nor had they
excluded studies focused on fine-tuning or prompt engineering enhancements.

Following a preliminary screening, the team observed that the relevant litera-
ture was both voluminous and highly heterogeneous. A significant portion of
these studies focused on fine-tuning techniques, prompt engineering, complex
multi-agent collaboration, or the use of novel tasks designed by the researchers
themselves. Although many of these papers claimed to evaluate capabilities
such as reasoning and creative thinking, they often lacked a clear foundation in
established psychological constructs. Furthermore, these custom-designed tasks
proved difficult to utilize for cross-study comparisons. Based on these findings,
the research team shifted the focus of the search terms toward the application
of classical psychological paradigms, prioritizing the inclusion of studies that
explicitly adapted established tasks associated with specific psychological con-
structs.

Research has shifted toward Large Language Models (LLMs) to enhance both
the interpretability of literature integration and the operability of subsequent
replication tests. Based on this philosophy, we conducted a formal second search.
This search was organized around five primary domains and their correspond-
ing secondary domains. For each secondary domain under a primary domain,
we constructed search terms related to its constructs and classic experimental
paradigms. Furthermore, drawing on experience from the pilot search phase, we
incorporated relevant exclusion terms to improve the specificity of the search
results. Given the rapid, day-to-day evolution of the LLM field, we maintained
dynamic updates for new literature alongside the main search; consequently, the
search period spanned from April 2025 to March 2026.

We have also applied temporal constraints to the target literature. During the
experimental retrieval phase, we initially focused on the early period of 2023,
when large-scale models were first released.

The starting point for this study was set following the release of GPT-4. During
the formal retrieval phase, the research team primarily narrowed the search
timeframe to literature published after January 1,

2024. This decision was made because large language models iterate extremely
rapidly, and early conclusions can quickly lose their relevance. However,
several foundational studies identified during the initial search were re-
tained due to their enduring significance to the field.

The formal search was primarily conducted across four databases: PsycINFO,
Web of Science Core Collection, Scopus, and arXiv. The disciplinary scope was
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restricted to psychology, cognitive science, neuroscience, and computer science.
From these databases, we initially retrieved 261 papers on Theory of Mind, 365
on creative thinking, 639 on reasoning, 913 on problem-solving and executive
control, and 533 on memory monitoring and metacognition. After removing
duplicates, the final counts for these categories were 234, 339, 621, 889, and 516
papers, respectively.

2.4 xiEkimiE

The literature screening process was conducted in two stages following the
PRISMA framework. The first stage involved screening titles and abstracts, as-
sisted by ASReview Lab, and was performed independently by two researchers.
Prior to the formal screening, the two researchers conducted a consistency check
on a sample of 1,200 articles. The resulting Cohen’ s kappa coefficient was 0.866,
indicating a high level of agreement in their inclusion and exclusion judgments.

The objective of this stage was to identify studies directly related to classical
psychological cognitive paradigms that warranted further full-text review from
the large-scale search results, based on established inclusion and exclusion cri-
teria. Following the first round of screening, the number of documents retained
in each primary domain was as follows: 22 for Theory of Mind, 32 for Creative
Thinking, 41 for Reasoning, 27 for Problem Solving and Executive Control, and
15 for Memory and Metacognition.

The second stage of screening was conducted at the full-text level. The research
team read the full text of the documents retained from the first round to fur-
ther determine whether they met the core criteria of this study. These criteria
included: whether the measurement targets were clearly defined psychological
constructs or paradigms, whether the task design had a sufficiently clear orienta-
tion toward specific abilities, and whether the results could support subsequent
systematic review and integration.

Furthermore, the team assessed whether the materials, prompts, and scoring
rules were accessible. After the second round of full-text screening, a total of
101 documents were ultimately included for the subsequent stages of coding,
classification, and comprehensive analysis.

2.5 BIERI SR

For studies that passed the full-text screening, this research established a com-
prehensive data extraction framework to create a long-form database, system-
atically coding each literature source following meta-analytical principles. The
extracted information includes the authors, publication year, primary and sec-
ondary research fields, core research content, names and number of test tasks,
task conditions, the specific abilities measured and their underlying psychologi-
cal paradigms, descriptions of task formats, whether benchmarks were utilized,
the testing language, the models involved, item types, scoring methods and met-
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rics, the total number of test items, the number of repeated trials, quantitative
test results, and the textual interpretation of these findings.

and conclusions. This systematic data collection provides a rigorous foundation
for subsequent cross-study comparisons and future replicability verification.

2.6 #HEEE MR SR

Building upon the systematic review, this study further selected two categories
of candidate literature for subsequent replicability testing and minor perturba-
tion testing. The replicability testing primarily focuses on studies concluding
that models lack a specific capability, possess poor or unstable capabilities, or
perform significantly worse than humans. The objective is to examine whether
these conclusions remain valid when applied to the latest mainstream models.
In this selection process, we prioritized studies featuring simple and direct tasks
with clear capability indicators, as well as those whose original test materials,
prompts, and scoring rubrics demonstrate high reproducibility.

The minor perturbation testing is primarily directed toward studies claiming
that models have already acquired a certain capability and perform well or rel-
atively stably on classical paradigms. These tests aim to maintain the original
logic of the questions while introducing slight perturbations—such as replac-
ing character names, paraphrasing descriptions, adjusting sequences, adding or
removing irrelevant information, or changing option formats—to evaluate the
model’ s robustness (Ullman, 2023). For this category, we favored tasks that
do not rely on complex prompting frameworks and are well-suited for minor
perturbations.

Based on these criteria, we ultimately selected 10 articles for replicability testing
and 4 articles for minor perturbation testing.

3.1 HAFREERE

In psychology, originality and utility are regarded as the minimum criteria for
creative output. That is, a product must both deviate from convention and be
meaningful and useful within a specific task, context, or goal (Runco & Jaeger,
2012).

Based on this conceptual framework, several psychological paradigms have been
developed to assess creative thinking. Divergent thinking tasks emphasize the
generation of multiple, diverse, and relatively novel responses to open-ended
prompts (Guilford, 1967; Runco & Jaeger, 2012). Conversely, convergent think-
ing tasks focus on the integrative ability to appropriately link multiple distant
concepts (Mednick, 1962). Beyond these standard psychological paradigms,
practical research methods such as creative writing, idea generation, and literary
text evaluation also exist. Although these methods possess high ecological valid-
ity, their outcomes are influenced by a mixture of linguistic expression, domain
knowledge, aesthetic judgment, and rater preference. Consequently, they are
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included only as peripheral specialized sections rather than as core evidence for
whether Large Language Models (LLMs) possess psychological creative think-
ing.

The primary paradigms for measuring divergent thinking in psychology include
the Alternative Uses Task (AUT) and the verbal components of the Torrance
Tests of Creative Thinking (TTCT). The AUT requires participants to propose
as many unconventional uses as possible for common objects; traditional scoring
typically includes fluency, flexibility, originality, and elaboration. The verbal
tasks within the TTCT encompass open-ended item types such as the Conse-
quences Task (CT) and the Divergent Association Task (DAT) (Guilford, 1967;
Torrance, 1974).

The primary paradigm for measuring convergent thinking in psychology is the
Remote Associates Test (RAT), found within the TTCT verbal tasks, along
with related associative integration tasks. The RAT requires participants to
identify a common word that can simultaneously link three seemingly unrelated
cue words. It is therefore widely regarded as a critical tool for measuring the
ability to integrate distant concepts and achieve convergent creativity (Mednick,
1962). Building upon this foundation, subsequent research has developed various
insight problems and word association tasks to examine an individual’ s ability
to move beyond surface representations and achieve integration within a distant
semantic space (Bowden & Beeman, 2003).

3.2 ZRE5HEFHR

Before proceeding to the empirical study, we first examine several recent reviews
and methodological evaluations in the field. A systematic review and meta-
analysis by Holzner et al. (2025) reveals an uneven distribution of evidence in
current research on generative Al and creativity. While work closely aligned
with classical psychological traditions focuses primarily on divergent thinking
tasks such as the Alternative Uses Task (AUT), Consequences Test (CT), and
Divergent Association Task (DAT), a significant body of subsequent research
has shifted toward creative writing and business idea generation. Consequently,
the conceptualization of creative thinking across different studies has become
conflated with multi-dimensional evaluative factors (Holzner et al., 2025). Sim-
ilarly,

R. Li et al. (2025), Lu et al. (2026), and Anca et al. (2025) further elucidate
the boundaries of current testing from the perspectives of automated scoring
methods, evaluation metrics, and test design, respectively.

R. Li et al. (2025) demonstrate that the validity of using Large Language Mod-
els (LLMSs) for automated creativity assessment depends largely on the reference
standards and scoring rubrics provided by researchers. Furthermore, Anca et
al. (2025) and Lu et al. (2026) caution that many existing creativity assessments
have drifted away from classical psychological paradigms, evolving instead into
measures of textual representation—such as linguistic novelty or structural com-
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plexity—rather than the creative process itself (Anca et al., 2025; Lu et al.,
2026).

Collectively, these studies point toward a critical trajectory: the operational def-
inition of creative thinking is undergoing a shift from measuring cognitive pro-
cesses to evaluating textual outputs. While this transition imbues assessment
tasks with greater real-world relevance, it also risks simplifying the psychologi-
cal core of creativity into mere textual pattern matching. When the validity of
automated scoring is highly constrained by the a priori settings of scoring rules,
we are essentially evaluating the degree to which a model aligns with specific
rhetorical logics. This current state of measurement—targeting representation
rather than essence—underscores the urgent need to re-anchor classical psycho-
logical paradigms within the context of artificial intelligence.

3.3 REBLE

Direct Transfer Studies of Classical Divergent Thinking
Paradigms

In early research, Gilhooly (2024) conducted a comprehensive review of studies
centered on the Alternate Uses Task (AUT). The findings indicated that large
language models, such as GPT-3, GPT-4, and ChatGPT, often achieve perfor-
mance levels in these tasks that are comparable to, or even exceed, the average
human performance.

Notably, these models stand out in metrics such as originality, utility, and out-
put fluency. Some findings further indicate that LLM outputs may exhibit
behavioral patterns similar to those observed in human Alternative Uses Tasks
(AUT); for instance, responses generated later in a sequence tend to be more
novel, and a certain trade-off exists between originality and utility [?, ?]. How-
ever, Gilhooly [?] also emphasizes that such similar patterns do not directly
imply that the models undergo the same processes of episodic memory retrieval,
object property processing, strategy switching, and executive control as humans.

Hubert et al. (2024) compared the performance of GPT-4 against 151 human
participants across three types of tasks: the Alternative Uses Task (AUT), the
Consequences Task (CT), and the Divergent Association Task (DAT). Their
results demonstrated that GPT-4 achieved higher scores in originality and elab-
oration for the AUT and CT, and exhibited greater semantic distance in the
DAT. Notably, this study quantified the specific advantages of the model in
divergent thinking tasks through the measurement of semantic distance.

The results indicate that content generated by the model exhibits higher het-
erogeneity, novelty, and a greater degree of semantic expansion within the scor-
ing system [?]. Arora et al. [?] compared the performance of ChatGPT-4o,
DeepSeek-V3, and Gemini 2.0 against students on the Alternative Uses Task
(AUT) and the Remote Associates Test (RAT). Their findings revealed that all
three Generative Al (GenAlI) models surpassed the student samples in terms of
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both average idea originality and top-tier idea originality on the AUT [?]. Sim-
ilarly, Latif et al. [?] directly measured the performance of OpenAl ol-preview
on AUT and RAT tasks within the framework of Higher-Order Thinking Skills
(HOTS) in education. By comparing the model’ s output to human subject per-
formance data extracted from previous studies, the researchers found that the
model achieved higher originality scores on the AUT than university students
and also exceeded human benchmarks on the RAT [?].

However, the limitations of Large Language Models (LLMSs) in creative thinking
remain significant. Koivisto and Grassini (2025) reviewed the performance of
ChatGPT-3.5, ChatGPT-4, and CopyAi compared to humans in the Alternative
Uses Task (AUT). Their findings indicated that while Al outperformed humans
in terms of average scores and certain maximum value metrics, the highest scores
for peak originality were still achieved by humans [?, ?].

Haase and Hanel (2025) also found that the average performance of several Large
Language Models (LLMs) on the Alternative Uses Task (AUT) exceeded the
human average. However, they further noted that out of 1,061 model responses,
only three reached the top 10% of human creativity levels. Furthermore, they
observed significant variance in performance across repeated sampling of the
same model [?, ?].

Research utilizing the Divergent Association Task (DAT) has further highlighted
these performance disparities. Using large-scale human DAT data as a bench-
mark, Bellemare-Pepin et al. (2024) found that GPT-4’ s average DAT score
was significantly higher than the overall human average, while Gemini Pro per-
formed near the human mean. However, when the reference group was shifted to
highly creative individuals, the models remained below the performance levels
of the top 50%, top 25%, and top 10% of human participants [?, ?]. This pat-
tern is consistently observed across various adapted paradigms discussed later
in this paper. For instance, results from the PACE task conducted by Qiu
and Hu (2025) also demonstrate that while high-level Large Language Models
(LLMs) achieve associative distances comparable to those of average humans,
professional human experts remain significantly superior. Furthermore, the out-
puts generated by these models tend to exhibit a higher degree of homogeneity
compared to their human counterparts.

Runco et al. (2025) revealed similar limitations by examining the scoring mech-
anisms of these classical paradigms. They quantified the responses of Bard,
GPT-3.5, and GPT-4.0 across various divergent thinking tasks using two spe-
cific metrics:

The first is Idea Density, which refers to the number of distinct, identifiable
ideas contained within a single response; the second is--

The concept of Semantic Distance is primarily used to evaluate the gap between
a model’ s innovative responses and conventional answers. Results indicate
that prompting a model to be “as original as possible” significantly increases
the “idea density” of its output—a phenomenon that appears consistently across
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various models. However, metrics for semantic distance are not always stable.
In other words, an increase in the quantity of a model’ s responses does not
necessarily mean that the number of truly independent, creative ideas increases
proportionally [?].

We might speculate that the high scores achieved by models in certain divergent
thinking tasks likely stem from their ability to produce denser, more exhaustive
enumerations. This makes them more likely to be recognized by scoring systems
as being “idea-rich,” without necessarily implying a stronger breakthrough in
genuine creativity. Collectively, these studies suggest that when provided with
open-ended prompts and explicit scoring criteria, mainstream Large Language
Models (LLMs) can perform well on classic developmental assessments.

In divergent thinking tasks, these systems can generate a sufficient quantity
of responses that appear novel on the surface and are frequently rated as cre-
ative by scoring systems. Furthermore, they consistently achieve above-average
performance when compared to human benchmarks. However, the interpreta-
tion of these results requires caution. First, tasks such as the Alternate Uses
Task (AUT) and the Torrance Tests of Creative Thinking (TTCT) are widely
circulated, posing a significant risk of training data contamination. Second,
common scoring dimensions—specifically fluency and elaboration—inherently fa-
vor systems capable of continuous text generation. We also observe that many
studies in this field rely on automated machine scoring or self-evaluation (LLM-
as-a-Judge); as discussed in subsequent sections, there are substantial concerns
regarding the validity and robustness of these scoring methodologies.

Furthermore, through comparative analysis, it becomes evident that break-
throughs and high-level originality in model responses remain rare. Conse-
quently, while current mainstream Large Language Models (LLMs) have demon-
strated strong performance in classical divergent association tasks, we contend
that this success fundamentally relies on their statistical advantage in exhaus-
tively traversing permutations within a semantic space. This mechanism re-
mains distinct from the genuine originality characteristic of high-order human
creativity.

(2) Research Adapting and Expanding Classical Divergent Thinking
Paradigms

Dinu and Florescu (2024) developed an automated scoring measurement frame-
work based on classical paradigms such as the Alternative Uses Task (AUT),
Divergent Association Task (DAT), and Consequences Task. Within this frame-
work, they conducted a comparative study between 10 Large Language Models
(LLMs) and 10 human participants. The models tested in their default states
included Llama-3-70B, Mixtral-8x7B, Cohere command-r-plus, Yichat-34B, Fal-
con, Copilot (Balanced), Gemini (free), Jais-30B, You.com (Smart mode), and
Character Al

The results indicated that human participants scored higher than the LLMs only
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on the Divergent Association Task. In the other four categories of tasks, the
average performance of the models exceeded that of the humans [?, ?]. However,
several methodological adjustments—such as the researchers creating new test
items, imposing word count limits, manually correcting model formatting, and
employing reverse scoring for certain tasks—suggest that the validity of this mea-
surement framework may deviate significantly from that of the original classical
paradigms.

Zhao et al. (2025) adapted seven types of tasks based on the Torrance Tests of
Creative Thinking (TTCT) verbal tasks. Using GPT-4 as an evaluator, they
assessed the performance of several mainstream Large Language Models (LLMs)
across four classic dimensions: fluency, flexibility, originality, and elaboration.

The evaluated models include GPT-3.5-turbo-0613, LLaMA-2-13b-chat,
LLaMA-2-70b-chat, Vicuna-7b-v1.5, Vicuna-13b-v1.5, and Qwen-7b-chat.
Significant performance variations were observed across these different models,
with GPT-3.5 generally achieving the highest overall creativity scores. Among
the four evaluated dimensions, the models scored highest in elaboration and
lowest in originality [?]. This finding is consistent with previously mentioned
conclusions, suggesting that Large Language Models (LLMs) still face limi-
tations when tasked with generating truly rare or unconventional ideas that
deviate significantly from established norms.

The CreativityPrism framework, proposed by Hou et al. (2026), integrates clas-
sical divergent thinking tasks with creative writing and logical problem-solving
into a unified evaluation system. This framework was used to assess 17 Large
Language Models (LLMs), including Qwen2.5-72B, GPT-4.1, Gemini 2.0-Flash,
Claude 3, DeepSeek-R1, and DeepSeek-V3. Furthermore, the authors devel-
oped their assessment criteria based on established classical creativity evaluation
frameworks.

Creativity can be decomposed into three distinct evaluative dimensions: Qual-
ity, Novelty, and Diversity [?, ?]. A primary contribution of this research is the
discovery that multiple metrics obtained by Large Language Models (LLMs)
within the same task tend to exhibit high correlations, particularly in Torrance
Tests of Creative Thinking (TTCT) type tasks. However, the generalization of
these models across different domains and dimensions remains unstable. The au-
thors specifically emphasize that the correlation between the Novelty dimension
and other dimensions is weak and may even be negative [?, ?]. This suggests
that a model’ s superior performance under one specific definition of novelty
does not necessarily imply that it will perform well on other novelty-related
tasks.

Overall, research in this phase has primarily focused on expanding task types, re-
organizing scoring dimensions, and strengthening automated evaluation within
the classical divergent thinking framework. While these approaches are generally
more effective at differentiating between models, they often introduce various
cross-domain capabilities, thereby confounding measurement validity. Never-
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theless, these comprehensive adapted tests have yielded conclusions consistent
with previous research: Large Language Models (LLMs) demonstrate strong per-
formance in elaboration and certain novel automated metrics, yet they remain
limited in terms of genuine, stable, and transferable originality.

3. Practical Tasks Based on the Classical Divergent Thinking
Paradigm Framework

Divergent thinking is a core component of creativity, typically characterized by
the ability to generate multiple unique solutions to an open-ended problem. To
evaluate and cultivate this ability within an academic or computational context,
practical tasks are designed based on the classical psychometric paradigms of
fluency, flexibility, and originality.

These tasks often utilize the “Alternative Uses Task” (AUT) or “Associative
Thinking” models. In a practical application, participants (or models) are pre-
sented with a common object—such as a brick or a paperclip—and tasked with
generating as many non-traditional uses as possible. This process requires break-
ing functional fixedness and exploring distant semantic spaces.

The framework for these practical tasks generally follows a three-stage process:

1. Problem Definition and Stimulus Presentation: A target stimulus
is provided within a specific constraint environment. The goal is to trigger
a broad search across the individual’ s or system’ s knowledge base.

2. Idea Generation and Expansion: This stage emphasizes the quantity
and variety of responses. In machine learning contexts, this may involve
adjusting temperature parameters or utilizing stochastic sampling to en-
sure the output covers diverse conceptual domains.

3. Evaluation and Scoring: Responses are quantified based on established
metrics:

e Fluency: The total number of relevant ideas generated.

e Flexibility: The number of different categories or conceptual shifts
represented in the responses.

e Originality: The statistical rarity or uniqueness of the ideas com-
pared to a normative database.

By implementing these tasks, researchers can systematically measure the capac-
ity for divergent search and identify the cognitive or algorithmic mechanisms
that facilitate creative breakthroughs. This paradigm serves as a foundational
benchmark for assessing both human cognitive potential and the generative ca-
pabilities of artificial intelligence systems.

In this section, researchers have developed various practice-oriented tasks based
on classical theories of divergent thinking. This body of research exhibits an
increase in qualitative analysis and a corresponding decrease in quantitative
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metrics, allowing for a more multi-dimensional and comprehensive perspective
on Large Language Models (LLMs).

Vinchon et al. (2024) adapted the psychological narrative tasks from the Evalua-
tion of Potential Creativity (EPoC) framework. Originally proposed by Barbot
et al. (2016) for use with children and adolescents, this framework includes
both divergent tasks—which require the generation of multiple story beginnings
or endings—and integrative convergent tasks, which require synthesizing a com-
plete story around a given title or specific characters. Upon testing GPT-3.5
and GPT-4, the researchers observed that some stories generated by the mod-
els clearly reorganized elements from existing literary works, such as Alice in
Wonderland, The Chronicles of Narnia, and The Silver Key. Furthermore, char-
acter naming exhibited high levels of repetition, with certain names appearing
frequently across multiple independent generation cycles [?, ?].

To some extent, this reflects the fact that model outputs still tend to exhibit
fixed templates even after multiple iterations. Furthermore, researchers tasked
ChatGPT with--

When acting as a rater to evaluate the creativity of stories, results indicate that
model scores show almost no correlation with human ratings and exhibit poor
internal consistency [?, ?7]. This suggests that, at least for the evaluation of
longer and more complex narrative creative products, models cannot reliably
replace human judgment of creativity.

Chakrabarty et al. (2024) adapted the four-dimensional creative structure of the
Torrance Tests of Creative Thinking (TTCT) into a specialized expert scoring
framework for short stories, known as TTCW, to compare the creative perfor-
mance of professional human authors against Large Language Models (LLMs).
After testing GPT-3.5, GPT-4, and Claude 1.3, the researchers found through
expert human evaluation that professional authors achieved significantly higher
overall pass rates than the models. Furthermore, the stories generated by the
models were criticized for being formulaic, possessing thin narratives, and lack-
ing emotional tension (Chakrabarty et al., 2024). It is evident that the high
scores achieved by models in classical divergent thinking tests have not success-
fully transferred to more complex creative tasks.

--on high-quality literary works recognized by experts. Sun et al. (2025) uti-
lized 13 tasks covering three domains—divergent thinking, problem-solving, and
creative writing—and reached similar conclusions: while the best responses from
Large Language Models (LLMs) in divergent thinking and certain problem-
solving tasks can slightly exceed the human average, their overall performance
in creative writing remains relatively weak. Furthermore, the textual diversity
of the answers generated by these models is significantly lower than that of
humans (Sun et al., 2025).

This pattern is equally prevalent across creative tasks in two specific domains.
Drawing upon the Alternative Uses Task (AUT) framework, Ruan et al. (2026)
developed a scientific idea generation task to investigate whether Large Lan-
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guage Models (LLMs) can demonstrate idea generation capabilities related to
divergent thinking when provided only with a scientific keyword and no addi-
tional context. After comparing the performance of 41 models across 22 sci-
entific fields, the researchers identified distinct domain-specificity among the
models. Furthermore, they observed a clear trade-off between originality and
practicality in the models’ outputs (Ruan et al., 2026).

Tourajmehr et al. (2025) found that in the generation of short Persian literary
sentences, the six participating models exhibited varying strengths and weak-
nesses across the four dimensions of the Torrance Tests of Creative Thinking
(TTCT). Overall, these models have not yet reached human levels of perfor-
mance regarding diversity, literary nuance, and cultural understanding. Fur-
thermore, even high-scoring models tend to repeatedly rely on similar literary
imagery and rhetorical templates (Tourajmehr et al., 2025).

Another study utilized a classic paradigm of creative thinking to observe that
Large Language Models (LLMs) struggle to break mental sets in open-ended
tasks requiring divergent thinking, exhibiting significant functional fixedness.
Although these concepts originate from the field of problem-solving, they are
introduced here because the authors employed a traditional creative thinking
framework.

Desdevises (2025) directly utilized the classic “Egg Task,” requiring GPT-40 to
propose as many original solutions as possible to prevent an egg from breaking
when dropped from a height of 10 meters [?]. The researchers not only quan-
tified the number and diversity of the model’ s ideas but also categorized the
responses into “Fixation Ideas,” which fall within dominant conventional path-
ways, and “Expansion Ideas,” which break away from traditional approaches.
The results demonstrated that while GPT-4o0 is capable of generating a large
volume of ideas, the vast majority remain concentrated within fixed pathways,
with approximately 80.2% classified as fixation ideas. At the same time, the
model-

Self-assessments of performance also failed to reliably distinguish between fixed
ideas and expansive ideas [?, ?]. This further demonstrates that while the model
is prolific, it has not effectively overcome functional fixedness to achieve true
originality.

Overall, Large Language Models (LLMs) clearly lose their previous advantages
when performing more practical tasks. We can conclude that high scores in clas-
sic divergent thinking tasks primarily indicate the model’ s ability to generate a
large volume of candidate ideas. However, once a task further requires synthe-
sis, breaking cognitive sets, or deep domain-specific expertise, the limitations of
these models become significantly more apparent.
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3.4 BEHR%

1. Direct Transfer Research on the Classical Paradigm of
Convergent Thinking

Convergent thinking is a core component of human creativity, typically defined
as the ability to integrate diverse information to find a single, optimal solution
to a well-defined problem. In the field of cognitive psychology, the Remote
Associates Test (RAT) serves as the most widely utilized classical paradigm
for measuring convergent thinking. Recent research has increasingly focused
on the direct transfer of this paradigm into the domain of artificial intelligence,
particularly through the lens of machine learning and deep learning.

1.1 Computational Modeling of the Remote Associates Test

The direct transfer of convergent thinking tasks to computational models
involves representing linguistic associations within a high-dimensional vector
space. Traditional approaches relied on semantic networks and association
strength databases; however, modern research leverages large-scale language
models (LLMs) to simulate the human “search and retrieval” process. These
studies aim to determine whether the associative mechanisms found in human
cognition—such as spreading activation—can be effectively replicated through
neural network architectures. By applying the RAT paradigm to Al, re-
searchers can quantitatively assess the gap between machine pattern matching
and human-like creative synthesis.

1.2 Evaluation Metrics and Performance Benchmarks

When migrating the classical paradigm of convergent thinking to the digital
realm, establishing robust evaluation metrics is essential. Beyond simple ac-
curacy (the ability to identify the correct target word), researchers have intro-
duced metrics such as response latency, semantic distance between distractors,
and the density of the association space. illustrates the performance comparison
between various deep learning models and human baseline groups across stan-
dardized RAT datasets. These comparative studies reveal that while machines
excel at broad associative retrieval, they often struggle with the “Aha!” moment
—the sudden cognitive restructuring characteristic of human insight.

1.3 Constraints and Cognitive Validity

A critical challenge in the direct transfer of convergent thinking paradigms is
ensuring cognitive validity. While a machine may solve a convergent thinking
task through brute-force search or statistical probability, this does not necessar-
ily imply a functional equivalence to human creative processes. Current research
explores how to constrain model parameters to more closely mimic human cog-
nitive limitations, such as working memory capacity and inhibitory control. By
incorporating these biological constraints, researchers aim to develop more au-

chinarxiv.org/items/chinaxiv-202605.00073 Machine Translation


https://chinarxiv.org/items/chinaxiv-202605.00073

ChinaRxiv [$X]

thentic models of convergent thinking that do not merely solve problems but do
so using human-like heuristic strategies. [Figure 1: see original paper] provides
a schematic representation of the integrated framework for this transfer pro-
cess, highlighting the interaction between semantic encoding and the selection
of optimal solutions.

In this subfield, there is a notable scarcity of research that directly transfers
classical paradigms. As previously mentioned, both Arora et al. (2025) and
Latif et al. (2025) employed both the Alternative Uses Task (AUT) and the
Remote Associates Test (RAT) to compare mainstream models with human
samples. Their results indicate that model performance on RAT tasks has
already approached a ceiling. However, the researchers themselves acknowledge
that high scores on the RAT can no longer be reliably interpreted as a genuine
capacity for remote associative integration. This is due to the high probability of
training data contamination resulting from public test bank leaks (Arora et al.,
2025). Furthermore, the current dearth of direct classical evidence constitutes
an important conclusion in itself: the direct migration of traditional Remote
Associates Tests to Large Language Models (LLMs) appears to have lost its
scientific utility.

(2) Research Adapting the Classical Paradigm of Convergent Thinking

The core of the research on convergent thinking consists of studies that retain the
foundational elements of Mednick’ s Remote Associates Theory [?], yet deviate
significantly from classical problem formats.

Drawing on the free association chain method proposed by Gray et al. (2019),
Qiu and Hu (2025) introduced Parallel Association Chain Evaluation (PACE).
This framework requires models to generate parallel association chains centered
around a specific seed word, after which semantic distance is employed to calcu-
late the associative distance. The researchers found that PACE exhibits a mod-
erate to strong correlation with benchmarks related to creative writing. While
the associative distance of high-performing Large Language Models (LLMs) ap-
proaches that of the general population, it remains lower than that of profes-
sional creative groups. Furthermore, the associations generated by these models
tend to be more concrete and exhibit higher levels of homogeneity (Qiu & Hu,
2025).

The CREATE benchmark, introduced by Wadhwa et al. (2026), shifts the focus
of testing toward pathfinding by drawing inspiration from the classic Remote
Associates Test (Bowden & Beeman, 2003). This benchmark requires models to
connect two seemingly unrelated objects or concepts through paths that are as
specific and informative as possible. Furthermore, models are expected to main-
tain diversity and generate a high volume of valid candidate paths. The results
indicate that, while frontier models generally outperform others in generating
high-quality and rich associative paths, they still struggle to produce truly rare
and sufficiently unique connections (Wadhwa et al., 2026).

2026). We argue that these types of exhaustive path-search tasks primarily mea-
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sure the statistical advantages of Large Language Models (LLMs) in performing
exhaustive permutations within a semantic space.

The LoT benchmark proposed by Huang et al. (2025) is particularly distinctive.
This study utilizes Oogiri, a traditional Japanese comedy game, as a measure-
ment platform. The task requires models to generate responses based on a
given image, text, or a combination of both. To succeed, the model must devi-
ate from conventional reasoning paths to produce an answer that is unexpected
yet logical, while simultaneously achieving a humorous effect.

The findings indicate that mainstream models exhibit weak performance in dis-
tant creative association and struggle to identify unconventional, creative humor.
Even leading models require more than ten rounds of prompting and iterative
attempts before their performance approaches the human average [?].

Huang et al., 2025). Naeini et al. (2023) adopted a similar design approach,
utilizing television game shows as a framework.

The “Connecting Wall” task from the television program Only Connect presents
a unique challenge for artificial intelligence: models must identify which items
from a given set belong to the same group and subsequently articulate the com-
mon connection between them. A critical feature of this task is the deliberate
inclusion of “red herrings” —items designed to trigger false associations and lead
the solver astray. Researchers have explicitly noted that this task borrows from
the Remote Associates Test (RAT) paradigm.

Findings indicate that Large Language Models (LLMs) are particularly suscep-
tible to these misleading cues, often falling victim to mental sets [?, ?]. In these
practical adaptations of associative tasks, the limitations of LLMs are twofold:
they demonstrate a diminished capacity for the “leap” of associative thinking
required for success, and they struggle to overcome the effects of functional
fixedness and established mental sets.

3.5 IS BLEH S FITH

By examining these two subfields together, we can derive a relatively compre-
hensive conclusion. Regarding divergent thinking, substantial evidence of task
performance has already been accumulated; many mainstream Large Language
Models (LLMs) are not inferior to humans in average-level comparisons and
even frequently outperform the average human. However, truly elite, high-end
creative performance remains rare. In contrast, direct evidence for convergent
thinking is significantly more scarce. Research in this area has primarily fo-
cused on highly adapted and engineered tasks, which suggest that LLMs pos-
sess a certain capacity for remote association and the linking of distant concepts.
Nevertheless, their ability to produce truly high-quality, integrative associations
remains limited.
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4.1 HFEEEFE

This section focuses on two primary research areas: source monitoring and mem-
ory monitoring, as well as metacognition. We have intentionally excluded all
Large Language Model (LLM) literature broadly labeled with “memory” be-
cause our initial pilot search revealed that the majority of existing studies ad-
dress issues such as pre-trained knowledge, parameter storage, external memory
modules, or retrieval-augmented generation. These topics do not align with the
psychological definition of memory capacity [?, ?].

Furthermore, while associative or relational memory is occasionally mentioned,
there is currently a lack of stable research that strictly corresponds to psycho-
logical paradigms. Consequently, these topics do not yet constitute a sufficient
basis for an independent inclusion category [?, 7].

Following two rounds of systematic searching and screening, we found no studies
that explicitly utilize source monitoring, source memory, or reality monitoring
as a theoretical framework, nor any that employ corresponding psychological
paradigms to evaluate the ability of LLMs to distinguish between information
sources. We observed that while existing literature frequently discusses hallu-
cinations, citation errors, and context confusion, these phenomena are rarely
situated within the psychological frameworks of source or reality monitoring.
Furthermore, few studies utilize these paradigms to test whether a model can
distinguish whether information originates from external input, previous dia-
logue, or internal model generation [?, ?].

In contrast, a small number of studies concerning working memory appeared in
our search results, utilizing relatively clear psychological task formats.

Given that working memory is a core component of the memory system, we have
included it as a supplementary subcategory in this section. This inclusion also
suggests that while a theory-driven, top-down search strategy helps maintain
conceptual boundaries, it may simultaneously reduce the detection rate of closely
related concepts.

4.2 FRiz /FolEsE

In psychology, metacognition is typically defined as the monitoring of one’ s own
knowledge capacity, uncertainty, and response accuracy, as well as the regula-
tion of subsequent behavior based on this monitoring (Butlin, 2026; Steyvers &
Peters, 2025). Within psychological research, confidence is generally regarded
as the critical variable linking first-order task performance with second-order
self-monitoring. Specifically, individuals must decide whether to proceed with a
response, abandon it, or seek a more reliable alternative based on their level
of confidence in their answer (Fleming, 2024; Kepecs et al., 2008). Conse-
quently, confidence is considered the primary psychological paradigm for study-
ing metacognition. Based on this framework, we have categorized the included
literature into four main research directions for discussion.
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Literature Review of Previous Research

Among the ten documents included in this study, three review articles provide
a foundational research framework for the field. Steyvers and Peters (2025)
synthesized the primary methodologies used to adapt human metacognitive re-
search paradigms to Large Language Models (LLMs). The authors distinguish
between two core evaluative metrics: metacognitive sensitivity (monitoring sen-
sitivity), which refers to whether the confidence levels reported by a model can
effectively discriminate between correct and incorrect responses; and metacogni-
tive calibration, which assesses whether the model’ s reported degree of certainty
aligns with its overall objective accuracy \cite{Fleming, 2024; Lee et al., 2025;

Z. Li & Steyvers, 2025}.

Furthermore, the authors summarize the prevailing measurement pathways into
two categories. The first is implicit measurement, which infers model confidence
from internal states such as token likelihood, probability distributions over op-
tions, p(true), or consistency across multiple samples. The second is explicit
measurement, which involves directly prompting the model to report its cer-
tainty regarding a specific question using numerical values or natural language.
The authors emphasize that these two measurement approaches may correspond
to different levels of cognitive processing and should not be conflated [?, ?].

Researchers have discovered that internal uncertainty signals within Large Lan-
guage Models (LLMs) can, to some extent, predict which questions are more
likely to be answered correctly and which are prone to error [?, ?]. However,
the explicit confidence expressions provided by these models are often unstable,
and overconfidence remains a prevalent issue [?, ?]. Notably, implicit indicators
typically align more closely with actual accuracy than explicit self-reports [?, ?].

The literature also explores the similarities and differences between humans and
LLMs in this domain. A key similarity is that both entities can exhibit overcon-
fidence and utilize linguistic markers such as “likely” or “probably” to communi-
cate uncertainty; in some cases, LLM judgments even approximate the average
judgment of human groups [?, ?]. Nevertheless, these surface-level similarities
suggest only that LLMs exhibit metacognitive-like behaviors in specific tasks.
The authors argue that improvements in a single performance metric should not
be conflated with a genuine advancement in underlying metacognitive capacity
[?, 7]

Butlin (2026) primarily evaluates whether current Large Language Models
(LLMs) can form higher-order representations of their own internal repre-
sentational states. In addressing this question, Butlin (2026) reviews three
main categories of existing research. Among those related to metacognitive
measurement paradigms are confidence-based studies and self-prediction
studies. The latter involves requiring a model to predict how it will respond
under specific prompting conditions and comparing this self-predictive ability
to its ability to predict the responses of other models [?]. While the author
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observes phenomena compatible with higher-order representation in both
domains, he argues that these results are insufficient to prove that LLMs have
formed such representations. This is because most existing research has yet to
distinguish whether a model is truly representing its current internal cognitive
state or merely utilizing first-order cues associated with task success to produce
behavior that mimics self-monitoring [?].

To illustrate this point, the author draws on a classic controversy in animal
metacognition research: in animal studies, even if a subject is more willing
to bet on high-accuracy trials and remains more conservative on low-accuracy
trials, it may simply have learned to form conditioned reflexes based on external
stimuli rather than monitoring its own knowledge state [?, 7, ?]. Butlin (2026)
contends that current LLM research faces the same type of conceptual validity
challenge.

Zhang et al. (2025) utilized Bloom’ s Taxonomy to examine the coverage of
higher-order cognitive abilities in existing Large Language Model (LLM) bench-
marks. Their findings indicate that current LLMs are biased toward “Remem-
bering”and “Understanding,”with significantly less emphasis on higher-order cog-
nitive requirements, particularly content categorized as “Metacognitive Knowl-
edge” [?, ?].

In this context, the concept of metacognition refers to the knowledge dimension
within educational taxonomy—specifically, whether an individual understands
how they learn, when they are prone to errors, and which strategies should be
employed under specific task conditions [?, ?]. Although this definition is not en-
tirely equivalent to the operationalized concepts of monitoring, evaluating, and
regulating one’ s own cognitive states found in psychology, it can be viewed as
a narrow subset of psychological metacognition focused on knowledge represen-
tation. To some extent, these findings demonstrate the conceptual limitations
of the current evaluation ecosystem.

2.2 Research on the Classical Metacognitive Paradigm
Based on Confidence

In recent years, research on metacognition has increasingly focused on the clas-
sical paradigm based on confidence judgments. This approach typically requires
participants to perform a primary perceptual or cognitive task (Type 1 task)
and subsequently provide a confidence rating (Type 2 judgment) regarding the
accuracy of their initial response. This framework allows researchers to quantify
the relationship between objective performance and subjective awareness.

Recent studies have refined this paradigm by distinguishing between differ-
ent components of metacognitive ability, specifically metacognitive bias and
metacognitive sensitivity. Metacognitive bias refers to a participant’ s over-
all tendency to report high or low confidence regardless of actual performance,
whereas metacognitive sensitivity reflects the degree to which an individual’ s
confidence ratings can successfully discriminate between their own correct and
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incorrect trials. To accurately measure these constructs, researchers have in-
creasingly adopted Signal Detection Theory (SDT) frameworks, particularly the
meta —d’ metric. This metric quantifies metacognitive sensitivity in a way that
is theoretically independent of Type 1 performance (d’), providing a more robust
measure of an individual’ s “metacognitive efficiency” (the ratio meta —d’/d’").

Furthermore, contemporary research has explored the neural correlates and com-
putational mechanisms underlying these confidence-based judgments. Evidence
suggests that the prefrontal cortex, particularly the anterior prefrontal cortex
(aPFC), plays a critical role in integrating internal signals to form confidence es-
timates. Computational models, such as the drift-diffusion model (DDM), have
been extended to account for the temporal dynamics of confidence formation,
suggesting that confidence is often based on the continued accumulation of evi-
dence even after a primary decision has been made. These advancements in the
classical paradigm continue to provide deep insights into how the human brain
monitors its own internal states and decision-making processes.

Evidence most closely aligned with the classical psychological paradigm of
metacognition primarily stems from behavioral regulation based on confidence
levels. [?] investigated whether models can represent their own numerical
confidence levels and utilize these internal signals to regulate second-order
decisions, such as the choice to “answer or opt-out.” The testing tasks were
adapted from paradigms such as post-decision wagering, the opt-out paradigm,
and uncertainty monitoring.

The researchers evaluated several models, including GPT-40, Gemma 3 27B,
DeepSeek 671B, and Qwen 80B. Through internal manipulations, they discov-
ered that the confidence levels expressed by Large Language Models (LLMs)
are not only correlated with opt-out behavior but also exert a certain causal
effect. This suggests that the second-order behavioral regulation observed in
these models is not merely a form of post-hoc linguistic packaging; rather, it
likely relies on a relatively stable internal mechanism.

internal signals (Kumaran et al., 2026). This positions the evidentiary strength
of this study beyond the majority of existing literature, which often remains
limited to measuring the correlation between model confidence and accuracy.
Instead, this work further demonstrates the causal influence of confidence on
accuracy through experimental manipulation. However, the researchers also
acknowledge that the evidence obtained here is functional in nature, pertaining
to the behavioral and computational levels, rather than a direct demonstration
of metacognitive mechanisms in the human sense (Kumaran et al., 2026).

Ackerman (2026) represents an alternative approach to adapting the uncertainty
monitoring paradigm for Large Language Models (LLMs). This study reformu-
lates the classic opt-out task—traditionally structured as a “refusal to answer” —
into a delegation decision task: “answer the question yourself” versus “delegate
the answer to a teammate.” While this modification aligns more closely with
real-world decision-making scenarios, it simultaneously introduces additional
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variables such as modeling the capabilities of others, situational understanding,
and cost-benefit trade-offs. Consequently, the conceptual boundaries of what is
actually being measured become more blurred.

The researchers evaluated several mainstream and near-frontier models released
since 2024, including various models and modalities from Anthropic, OpenAl,
Google DeepMind, xAl, DeepSeek, and Alibaba. The findings indicate that
some frontier models adjust their willingness to cede answering rights based on
internal signals related to their own risk of error. However, these effects are
generally weak and exhibit poor stability across different models and materials.
Furthermore, surface-level difficulty cues in the questions continue to exert a
significant influence on the models’ decision-making processes (Ackerman, 2026).

When considered alongside previous research, these results suggest that the
internal monitoring signals identified in classic metacognitive paradigms do not
easily generalize to task scenarios that more closely resemble everyday decision-
making. In such contexts, models appear more susceptible to external cues and
the specific framing of the task.

Compared to the previous two studies, Wang et al. (2025) also attempted to
distinguish between first-order task performance and second-order control, but
they approached the problem through statistical methodology. To facilitate
their statistical analysis, the researchers first transformed various benchmark
tasks into forced-choice (two-alternative) tests. After obtaining the models basic
confidence and accuracy distributions, they employed a Signal Detection Theory
(SDT) framework to separately model and analyze first-order response perfor-
mance and second-order monitoring capabilities. This approach allowed the re-
searchers to differentiate between task discrimination ability and self-monitoring
ability, enabling an investigation into the structural relationship between confi-
dence and accuracy rather than relying solely on simple correlations.

After comparing three mainstream Large Language Models (LLMs)—LLaMA2-
70B, GPT-3.5, and GPT-4—the researchers discovered that different confidence
elicitation methods systematically altered the experimental results. These find-
ings suggest that whether an LLM “knows” it might be making an error depends
heavily on how the researcher externalizes that internal confidence.

(G. Wang et al., 2025). In terms of lateral comparisons, models with stronger
overall performance typically exhibit superior metacognitive monitoring capabil-
ities; furthermore, this result remains stable across different methods of eliciting
confidence (G. Wang et al., 2025). While such methods—which distinguish be-
tween the two stages through statistical analysis—provide slightly less robust
evidence than direct causal manipulation, they offer an alternative perspective
for observing the implicit metacognitive processes within Large Language Mod-
els (LLMs).
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Metacognitive Paradigms with Limited Transferability: JOL

Huff and Ulakei (2025) attempted to apply the Judgment of Learning (JOL)
paradigm to Large Language Models (LLMs), yet they achieved only partial
transferability. Originally, JOL served as a classic prospective monitoring
paradigm within metamemory research, designed to investigate whether indi-
viduals can accurately predict their future memory performance [?]. However,
in this specific study, the task assigned to the LLM was not to predict its own
internal states or future performance.

In the future, it is worth investigating whether machine learning models can in-
dependently score the memorability of experimental materials alongside human
participants, rather than merely memorizing the materials themselves. Further-
more, research should examine whether these machine-generated scores can pre-
dict subsequent human memory performance as effectively as human Judgments
of Learning (JOLs).

Researchers tested three models—GPT-3.5-turbo, GPT-4-turbo, and GPT-40
—via the official OpenAl API. The results indicate a coupling between the
Judgments of Learning (JOLs) provided by the human group and their
actual memory performance; however, the corresponding ratings generated
by current mainstream GPT models failed to predict human performance
\cite{Huff {{{Ulakci}}{{2025}}}}. The researchers further extended these
findings to the fields of education and human-computer interaction, suggesting
that enhancing the self-monitoring capabilities of models may hold significant

practical value \cite{ Huff {{{Ulakci}} {{2025}}}}.

However, in these types of tasks, LLMs are essentially performing external pre-
dictions rather than monitoring their own future memory performance. Conse-
quently, the conceptual alignment for transferring Judgments of Learning (JOL)
to LLMs remains immature, making it difficult to implement true prospective
metamemory monitoring within the models themselves.

4. Internal Mechanisms of Metacognition Based on Neurofeedback
Research

Compared to the behavioral studies mentioned above, the work of Ji-An et
al. (2025) moves closer to a mechanistic exploration of the field. Inspired by
the neurofeedback paradigm, this study explores metacognitive mechanisms by
mapping internal activations to feedback signals (Ji-An et al., 2025). The re-
searchers primarily evaluated mainstream open-source models following instruc-
tion tuning, including various parameter scales of the LLaMA 3 and Qwen 2.5
series. Their results indicate that these models demonstrate a limited but stable
second-order mastery over their internal states (Ji-An et al., 2025).

Specifically, the researchers observed that models are capable of learning cor-
respondences between internal activations and external labels, and can even
regulate target activation directions to a certain extent. However, this capabil-
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ity is primarily concentrated on signal directions characterized by high semantic
interpretability and stable statistical structures. Furthermore, this regulatory
ability becomes more pronounced as model depth and scale increase (Ji-An et al.,
2025). These findings suggest that such regulation remains local and incomplete,
rather than representing a universal monitoring mechanism applicable to com-
plex cognitive activities. Although this study employs engineering-based debug-
ging rather than classical metacognitive paradigms as its primary methodology,
it provides valuable insights into the internal dynamics of model self-awareness.

However, in terms of conceptual research, they explicitly cite a substantial body
of prior literature grounded in psychology. Through a uniquely engineering-
oriented perspective, they have successfully demonstrated the inherent limita-
tions of the internal metacognitive mechanisms within current Large Language
Models (LLMs).

4.3 Ifkigtz

Haznitrama et al. (2026) and De Langis et al. (2026) both attempted to mi-
grate comprehensive cognitive measurement protocols to Large Language Mod-
els (LLMs). The former incorporated Spatial Working Memory tasks while
migrating a neuropsychological assessment framework, while the latter system-
atically measured forward digit span, backward digit span, operation span, and
reading span.

These tasks, including n-back, were utilized to cover various components of
working memory, such as short-term retention, simultaneous processing, and
continuous updating (De Langis et al., 2026; Haznitrama et al., 2026).

Haznitrama et al. (2026) constructed a cognitive testing framework by adapting
Raven’ s Advanced Progressive Matrices, Spatial Working Memory tasks, and
the Wisconsin Card Sorting Test. They adapted the Spatial Working Memory
task into a multi-round search game where the model opens boxes round by
round to find target words through a process of elimination. The researchers
provided three testing formats: text-only, image-only, and a combination of text
and images. The study primarily examined mainstream multimodal reasoning
models, including GPT-5, Gemini 3 Pro, Gemini 2.5 Pro, 0o4-Mini, Claude Son-
net 4, Grok 4/4.1 Fast, as well as GLM 4.5V /4.6V and Qwen3-VL-235B. The
results indicated that under simple text-only conditions (Text-easy), most mod-
els achieved near-perfect scores. However, performance declined sharply when
faced with difficult (Hard) conditions or when image-based and multimodal for-
mats were introduced (Haznitrama et al., 2026). The researchers attributed this
to the models’ difficulty in maintaining long-range state tracking amidst sparse
feedback, as well as logical biases during task execution, such as erroneously
selecting non-existent boxes or falling into invalid search loops (Haznitrama et
al., 2026). These multimodal working memory tasks reveal significant bottle-
necks in current models regarding memory state updating and the integrated
application of visual information.
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In contrast, De Langis et al. (2026) conducted testing that followed psycholog-
ical architectures more strictly. The researchers tested six open-source LLMs
across three families—Gemma 2, Llama 3.1, and Qwen 2—each including a large
and a small version. They also tested two reasoning model variants, including
DeepSeek-R1 distilled Llama 3.1-8B and the Qwen 3 series. The results showed
that LLMs exceeded human normative levels on most working memory tasks,
yet this advantage did not translate into stronger executive control performance
(De Langis et al., 2026). The researchers reported that model performance on
n-back tasks was close to human levels; on other working memory tasks, par-
ticularly simple span tasks, models often reached or exceeded human baselines.
Furthermore, parameter scale was significantly positively correlated with aver-
age task performance (De Langis et al., 2026). Notably, the models performed
almost perfectly on forward digit span tasks even with extremely long sequences,
whereas in backward digit span tasks, errors increased significantly as soon as

reverse-order operations were required. Based on this, the researchers concluded
that LLMs are strong in information retention and replication but weak in si-
multaneous processing, updating, and manipulation (De Langis et al., 2026).
Synthesizing these findings with the previous study, it is evident that LLM
working memory in both text and image modalities only reaches the level of
information maintenance; there remain clear deficiencies in the information ma-
nipulation and dynamic updating that truly characterize the “working” compo-
nent of memory.

4.4 BIZEESTTAN RS E T

Current evidence primarily supports the observation that Large Language Mod-
els (LLMs) exhibit limited metacognitive behaviors, yet it remains difficult to
prove that they possess a complete mnemonic mental system. Existing research
indicates that in certain metacognitive tasks, models are capable of making spe-
cific adjustments—such as deciding whether to continue answering, delegating
to others, or modifying their responses—based on uncertainty signals [?, 7, ?].

Furthermore, LLMs frequently demonstrate strong performance in tasks involv-
ing short-term retention and sequential maintenance within working memory
[?, 7, ?]. At the same time, a core issue in this field is the lack of conceptual
validity: when classical psychological paradigms are adapted into LLM tasks,
confounding factors such as strategy selection, item difficulty, instruction follow-
ing, and task framing are often introduced, causing a shift in the actual object of
study. Future research should move beyond the mere expansion of benchmarks
and instead focus on improving conceptual alignment. Priority should be given
to advancing research on source monitoring, more rigorously distinguishing be-
tween different types of metacognitive evidence, and subdividing the various
components of working memory.
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5.1 HFEESRE

In psychology, reasoning generally refers to the cognitive process by which indi-
viduals generate conclusions, explanations, predictions, or new hypotheses based
on existing premises, evidence, rules, relations, or observations. Its core char-
acteristic lies in the transformation, completion, or evaluation of information
that is not directly provided, starting from known inputs. Different theoretical
traditions emphasize various aspects of the reasoning process: mental model the-
ory highlights the internal representation of premise situations and the search
for counterexamples [?, ?]; dual-process approaches focus on the relationship be-
tween intuitive responses and analytical processing, particularly regarding belief
bias and content effects common in human deductive reasoning \cite{St.

B.

T. Evans et al., 1983}; and research on analogy emphasizes the abstraction of
relational structures and cross-domain mapping [?, ?, ?].

The reasoning discussed in this section is not equivalent to semantic understand-
ing, mathematical calculation, or general problem-solving. To avoid conflating
all complex task performance with general reasoning ability, this chapter pri-
marily focuses on the performance of Large Language Models (LLMs) within
psychological reasoning paradigms or their adapted tasks. The focus includes
deductive reasoning, inductive reasoning, analogical reasoning, and causal rea-
soning.

5.2 ZREHEFMR

Before proceeding to the empirical study, we first introduce a review and
methodological evaluation that guided our research. Mondorf and Plank (2024)
argue that previous evaluations of the reasoning capabilities of Large Language
Models (LLMs) have relied too heavily on simple accuracy metrics, while rarely
analyzing how the models arrive at their answers. They contend that a clear
distinction must be made between a model’ s final output and the behaviors
and internal mechanisms it exhibits when confronted with reasoning tasks
(Mondorf & Plank, 2024).

This provides important methodological insights for our evaluation: reason-
ing assessment must simultaneously focus on both the outcome level and the
behavioral level. The outcome level concerns the correctness of the answer,
while the behavioral level examines whether the model consistently utilizes
task-relevant information, whether its errors are concentrated in specific areas,
whether prompting methods alter its judgment, and whether its explanations
are consistent with its final answers.

The authors also elaborate on the Chain of Thought (CoT) approach, which
prompts models to generate intermediate reasoning steps. They argue that

While requiring a model to report its thinking process can sometimes improve
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task performance, these generated texts are not equivalent to the actual internal
reasoning process (Mondorf & Plank, 2024). Consequently, we treat CoT as a
specific prompting condition to observe its impact on reasoning performance,
rather than regarding the CoT output as a direct representation of the LLM’ s
internal reasoning mechanism.

5.3 BWEFME

In psychology, deductive reasoning refers to the process by which an individual
starts from given rules to derive conclusions that are logically necessary. Typical
tasks require participants to judge whether a conclusion follows validly from
premises, or to select information from several options that can verify, falsify,
or complete a rule. Syllogistic reasoning, the Wason selection task, conditional
reasoning, propositional logic reasoning, transitive reasoning, and quantifier and
negation reasoning all belong to the important paradigms of this tradition [?, ?,
?]. This is also the subfield of reasoning with the most substantial evidence in
current research on the cognitive abilities of Large Language Models (LLMs).

(1) Direct Transfer Research of Classical Deductive Paradigms

Eisape et al. (2024) directly transferred the classical syllogism paradigm to
language model evaluation, using 64 types of standard syllogistic structures to
compare four models of varying sizes from the PaLM 2 family with human
behavioral data.

The results showed that larger model scales correlated with better performance,
with some models exceeding human average accuracy; however, even the best-
performing model achieved an accuracy of only 75% [?, ?]. Simultaneously, the
models exhibited human-like reasoning biases, being influenced by variable order
and specific syllogistic structures in patterns similar to those seen in humans.
Notably, when faced with problems designed such that no conclusion could
be drawn, the models were often reluctant to admit that the premises were
insufficient to support a conclusion [?, ?]. As an early systematic measurement
of classical syllogistic paradigms in LLMs, the conclusions of this study carry
significant weight.

The reasoning biases and blind spots presented by the models, which mirror
those of humans, suggest at the very least that cognitive psychology theories
can be utilized to explain certain behaviors of LLMs.

Ozeki et al. (2024) similarly investigated the performance of GPT-3.5, GPT-4,
Llama-2 (13B / 70B), and Swallow (13B / 70B) across different conditional syl-
logism tasks. Using the NeuBAROCO dataset, researchers required the models
to judge the relationship between two premises and a conclusion. In some items,
the conclusion could be derived from the premises; in others, the conclusion con-
tradicted the premises; and in some, the premises were insufficient to support
any definitive judgment.
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To examine the influence of semantic content, the researchers also designed
different types of materials, including abstract symbolic materials, natural lan-
guage materials consistent with common sense, and natural language materials
inconsistent with common sense.

The results indicated that GPT-4 achieved the best overall performance, and
increases in model scale were accompanied by improvements in accuracy. How-
ever, similar to previous findings, the models were more prone to errors on items
where the premises were insufficient for judgment, and accuracy decreased when
dealing with materials inconsistent with common sense [?, ?]. It is worth noting
that models sometimes demonstrated a good understanding of the natural lan-
guage premises in the prompts yet still failed at the final logical judgment. Based
on this, the researchers concluded that the errors made by models in deductive
reasoning primarily stem from the reasoning stage rather than the language
comprehension stage [?, ?]. This research design—manipulating linguistic mate-
rials to distinguish between semantic comprehension errors and reasoning errors
—goes beyond surface-level accuracy measurements to deconstruct the internal
patterns of LLMs in syllogistic tasks.

Lampinen et al. (2024) compared the performance of humans and LLMs in syl-
logisms, natural language inference, and Wason selection tasks. Testing Chin-
chilla, PaLM 2-M, PaLM 2-L, Flan-PaLM 2, and GPT-3.5-turbo-instruct, they
found that both models and humans were more likely to accept conclusions
that were believable or consistent with realistic experience. In the Wason task,
model performance under realistic rule conditions was generally superior to that
under arbitrary rule conditions [?, ?]. Stone et al. (2024) and Abe et al. (2026)
further demonstrated that LLMs find it easier to complete the parts of the Wa-
son selection task involving direct rule verification, while performance drops in
parts requiring the active search for counterexamples. Furthermore, models typ-
ically perform better on deontic rules involving social norms than on abstract
descriptive rules. Models are also frequently misled by the surface terms of a
problem; for instance, they tend to select terms that appear directly in the rules
rather than consistently judging according to the correct logic of seeking coun-
terexamples [?, 7, ?]. Taken together, LLMs clearly exhibit human-like content
effects in behavioral performance during conditional reasoning and syllogistic
tasks. This suggests that LLMs do not strictly follow content-independent for-
mal reasoning when performing deductive tasks but, like humans, often rely on
real-world knowledge and linguistic cues within the prompt.

Unlike the categorical inclusion relationships common in syllogisms, transitive
reasoning typically requires individuals to integrate information from premises
to find patterns. For example, if the premises inform the model that “A is
higher than B,” “B is higher than C,” and “C is higher than D,” the model must
further infer relationships not directly provided, such as “A is higher than C”
or “A is higher than D.”

Wu and Deng (2025) adapted this classical paradigm into a natural language
task, requiring GPT-3.5-Turbo, GPT-4, Llama3-8B, and Qwen to judge whether
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new comparative relationships held based on paired information such as student
grades, food preferences, or employee salaries. The results showed that all four
models performed above chance levels, with GPT-4 and Llama3-8B performing
particularly well [?, ?]. Meanwhile, model performance was significantly influ-
enced by the organization of the material: when premises were presented in a
continuous sequential order, the performance of GPT-3.5-Turbo, GPT-4, and
Llama3-8B was superior to their performance when the order of premises was
scrambled. Some models also exhibited behavioral patterns similar to those
found in human transitive reasoning research, such as finding it easier to judge
comparisons involving the highest or lowest items, as well as pairs with larger
differences [?, ?].

Overall, LLMs can achieve high performance in syllogisms, Wason selection
tasks, and transitive reasoning, exhibiting many human-like behavioral patterns
and biases. However, these similarities remain primarily at the behavioral level.
The numerous difficulties models encounter in classical tasks also indicate that
the deductive reasoning capability of LLMs is not a stable form of formal rea-
soning.

(2) Research on the Adaptation and Extension of Classical Deductive
Paradigms

Research in this area primarily focuses on modifying and extending traditional
syllogistic assessments. Consequently, the questions of interest have shifted:
whether a model can correctly answer a syllogism is only the first level; more
important is the comparison of the model across different logical structures, its
ability to understand and translate natural language into logical forms, and
whether external visual representations used by humans are effective for the
models. Delgado-Solorzano et al. (2024) and Zong and Lin (2024) both argue
that model performance in syllogistic tasks depends largely on whether the test
covers a complete set of logical structures. A “complete structure” primarily
refers to the combination of different quantifier sentence types and different term
order positions—for example, propositional forms such as “All,” “Some,” “None,”
and “Some---not,” as well as the arrangement of terms A, B, and C in the
premises and conclusions. Delgado-Solorzano et al. (2024) evaluated models
using a comprehensive set of 256 syllogistic structures, finding that Claude 3
Opus and GPT-4 could outperform the average human on some item types but
still made errors on complex, specific logical structures [?, ?].

Zong and Lin (2024) further pointed out that templated syllogism datasets can
cover these structures more completely, and models perform better on such
materials. In contrast, syllogism datasets described in natural language offer
richer expression but typically cover a narrower range of logical structures and
introduce issues of semantic comprehension [?, ?]. GPT-4 and GPT-40 showed
high accuracy on templated materials, but their performance dropped signifi-
cantly on human-generated natural language materials. This indicates that the
models’ difficulties stem not only from logical reasoning itself but also from
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the process of abstracting natural language premises into standard syllogistic
structures [?, ?].

Another category of extension research attempts to use diagrams to assist deduc-
tive reasoning. Ando et al. (2024) investigated whether Euler diagrams could
help models better complete syllogistic judgments. Euler diagrams essentially
use circles to represent the scope of concepts, allowing the model to represent
relationships between different concepts through partially overlapping circles.
The results showed that inputting Euler diagrams helped with some valid con-
clusions, but for items where no valid conclusion could be drawn, the models still
committed the over-inference errors mentioned previously [?, ?]. This suggests
that while external graphics can help LLMs reduce the burden of representation
to some extent, they cannot solve the model’ s tendency toward over-inference.

Taken together, adaptation and extension research has shifted the explanatory
focus of syllogistic assessment from simple accuracy toward the sources of error.
This further demonstrates that the evaluation of deductive reasoning in LLMs
must be interpreted in conjunction with task formats and scoring methods.

(3) Practical Tasks Based on Deductive Paradigms

Deductive structures have also been applied to task design in practical scenarios.
Song et al. (2025) introduced the legal syllogism structure into legal text sum-
marization, organizing summary generation based on the relationships between
legal rules, case facts, and conclusions. After adopting the syllogistic reasoning
framework, the model’ s performance improved across legal domain benchmarks
such as ROUGE-L, BLEU, and BERTScore. This study demonstrates how a
deductive reasoning framework can help LLMs output text that better conforms
to specific domain norms [?, ?].

5.4 V3R

Inductive reasoning refers to an individual’ s ability to generalize general laws
from exemplary cases through empirical observation. Category induction re-
search examines how individuals infer whether other category members or su-
perordinate categories possess a specific attribute based on its presence in a
given category member. Rule discovery tasks are often represented by Wason’
s 2-4-6 task, which requires individuals to propose and test rules from a small
number of samples. Probability induction research focuses on how individuals
make predictions based on limited information and prior probabilities. Finally,
sequence or pattern induction tasks examine whether individuals can discover
regularities and perform extrapolations from sequences of letters, numbers, or
symbols [?, 7, ?, 7 7, ?]. Human inductive judgments are frequently influenced
by representativeness, similarity, sample size, and prior knowledge [?, ?].

(1) Research on the Direct Transfer of Classical Inductive Reasoning
Paradigms Compared to deductive and analogical reasoning, we find
that current literature lacks empirical studies on Large Language Models
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(LLMs) that independently center on classical psychological inductive rea-
soning paradigms. Inductive reasoning primarily appears as a component
within comprehensive benchmarks.

Consequently, we will introduce these comprehensive reasoning benchmarks in
the next section and highlight the performance of inductive reasoning within
them. This absence of independent study may be related to the measurement
characteristics of inductive reasoning itself; classical inductive tasks typically
require examining how individuals generalize rules from limited examples. The
answers to such tasks are often not as definitive as those in deductive reasoning,
making them more difficult to adapt into automated scoring tests.

(2) Adapted and Extended Inductive Reasoning and Cross-Type Reasoning
Benchmarks Due to the current lack of LLM research directly transferring
classical inductive reasoning paradigms, comprehensive reasoning bench-
marks have become the primary material for observing inductive per-
formance. These benchmarks typically incorporate a mix of reasoning
tasks—including deductive, inductive, analogical, and causal reasoning—to
compare the distribution of model performance across different reasoning
types.

Xu et al. [?, ?] proposed a comprehensive logical reasoning evaluation frame-
work covering deductive, inductive, causal, and mixed reasoning, using fifteen
datasets and various error types to analyze model performance. They tested
seven models, including LLaMA-3.1-Chat, Mistral-Instruct-v0.3, Claude-3, and
GPT-4. The results showed that while LLMs can provide correct answers for
some inductive tasks, their performance is highly unstable. Specifically, mod-
els may occasionally select the correct answer without necessarily being able to
clearly explain the rules they followed. The researchers concluded that a small
number of examples often only helps the model familiarize itself with the ques-
tion format and is insufficient for them to stably abstract general rules [?, ?].

They further discovered significant performance differences across different task
formats; tasks requiring the model to generate answers directly are generally
more difficult than those requiring classification among multiple options. More
importantly, across all tasks, when researchers required the simultaneous pres-
ence of a correct answer, a correct explanation, and a complete explanation, the
performance of all models dropped significantly. Errors primarily manifested as
inaccurate identification of key information in explanations, planning errors in
the reasoning logic itself, and disordered execution steps [?, ?]. This suggests
that even when models provide correct answers in inductive and other reason-
ing tasks, they have not necessarily formed a rigorous and complete reasoning
process [?, ?].

The LogiEval and LogiEval-Hard benchmarks constructed by Liu et al. [?, 7]
provide further comprehensive evidence regarding reasoning. This study evalu-
ated the performance of Claude 3.7 Sonnet Thinking, DeepSeek-R1, Gemini 2.0
Flash Thinking, Grok3 Think, OpenAl o4-mini, Qwen3-235B-A22B, and QwQ
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32B on deductive, inductive, analogical, and causal reasoning questions from
human examinations. The average accuracy of the models on standard diffi-
culty levels concentrated between 78.74% and 81.41% [?, ?]. Because the study
did not strictly adopt psychological paradigms but instead drew materials from
logical reasoning questions in the Chinese Civil Service Exam and intelligence
tests, its orientation is more practical and possesses higher ecological validity.

Regarding induction-related tasks, the models’ strengths are mainly reflected in
abstract pattern recognition tasks, while tasks requiring multi-step reasoning,
such as kinship relations, remain difficult to score [?, ?]. Liu et al. [?, ?] also
found that the distribution of task difficulty for models does not align with
that of humans: models can solve some problems that humans find difficult, yet
perform poorly on problems of medium difficulty for humans [?, ?].

This indicates that the high overall scores achieved by models cannot yet be
interpreted as the models possessing the same reasoning structures as humans.

Taken together, these two studies provide only indirect evidence for the induc-
tive reasoning capabilities of LLMs. This is primarily because the “inductive
reasoning” within these comprehensive benchmarks makes it difficult to distin-
guish whether a model is truly generalizing rules or merely utilizing local cues
within the material to complete the task. Therefore, we can only state that
LLMs demonstrate a certain ability to complete inductive reasoning tasks within
comprehensive logical benchmarks, but this is insufficient to prove they possess
stable inductive reasoning capabilities in the psychological sense.

5.5 ELbieig

In psychology, analogical reasoning focuses on an individual’ s ability to identify
shared relational structures between two distinct contexts and transfer these
analogical relationships to other domains with similar structures. For example,
two stories may feature different characters on the surface, yet share the same
underlying plot dynamics; similarly, two geometric matrices may differ in visual
appearance while following the same fundamental rules of transformation.

Analogical reasoning research frequently employs a variety of task formats, in-
cluding letter-string analogies, verbal analogies, story analogies, Raven’ s Pro-
gressive Matrices, and structure-mapping tasks. Letter-string analogies are com-
mon in the tradition of computational cognitive models such as Copycat; these
tasks require participants or models to complete an analogy based on the trans-
formational relationships between sequences of letters. Verbal analogies are
often used to investigate the information-processing components of analogical
reasoning, while story analogies examine whether individuals can transfer the
relational structure of one narrative to another problem context with different
surface features. Finally, Raven’ s Progressive Matrices and visual matrix tasks
are standard measures for assessing abstract relational reasoning and fluid in-
telligence [?, 27,7, 7,27, 7).

chinarxiv.org/items/chinaxiv-202605.00073 Machine Translation


https://chinarxiv.org/items/chinaxiv-202605.00073

ChinaRxiv [$X]

Direct Transfer Studies of Classical Analogy Paradigms

Musker et al. (2025) conducted a comparative study between Large Language
Models (LLMs) and humans across a suite of analogy tasks. Their results
demonstrated that under standard conditions—characterized by clear materi-
als and stable formatting—models such as GPT-4, Claude 3, and Llama-405B
can approach human-level performance, successfully executing a degree of rela-
tional mapping [?]. However, when the researchers modified the presentation of
the materials—for instance, by shuffling the order of items or introducing word
structures irrelevant to the correct answer—they observed a significant decline
in model performance. Notably, the models proved to be more susceptible to
the influence of irrelevant linguistic distractors than human participants [?].

To further investigate these capabilities, the researchers altered the task formats
to minimize the possibility of models completing answers based solely on fixed
structural patterns. They found that the high scores previously achieved by
several models likely depended on specific material formatting; among the tested
models, only Claude 3 remained relatively close to human performance under
these controlled conditions [?]. These findings suggest that while mainstream
LLMs have developed a foundational capacity for analogical relational mapping,
this ability in many models remains heavily dependent on how materials are
organized and is easily disrupted by irrelevant semantic information.

Haznitrama et al. (2026) investigated the abstract relational reasoning capabil-
ities of models using Raven’ s Progressive Matrices (RPM) tasks. The RPM
task typically presents a matrix of geometric figures with one missing cell; the
model must identify the most appropriate completion from a set of candidates
by discerning how the shapes, quantities, positions, or orientations of the images
change across rows and columns. The researchers implemented both text-based
versions (where each figure is described verbally) and image-based versions of
the Raven tasks. Their results indicated that models generally performed better
under text-based conditions than image-based conditions. Furthermore, in the
image-based tasks, all models performed significantly below the human bench-
mark; even the top-performing model, Qwen3-VL-235B, failed to reach the av-
erage human level of performance [?].

Researchers have also discovered that requiring a model to utilize Chain-of-
Thought (CoT) prompting—where the model articulates its reasoning process
—is not always beneficial. Specifically, in certain multiple-choice text tasks,
models actually perform better when they are not required to provide step-by-
step reasoning [?, ?]. This research suggests that because Raven-style tasks are
primarily presented in visual formats, they evaluate more than just the Large
Language Model’ s (LLM) analogical reasoning capabilities; they also serve as
a significant test of the model’ s ability to recognize and interpret images.

This challenge is further reflected in subsequent studies that attempt to adapt
Raven-style tasks for LLMs. Currently, there is a lack of research designs ca-
pable of isolating this confounding variable, making it difficult to directly and
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cleanly migrate Raven-style tasks to LLMs for the sole purpose of measuring
pure reasoning ability.

2.2 Research on Adapting and Extending Classical Paradigms of Ana-
logical Reasoning

In the field of adaptation studies concerning analogical reasoning, the most
significant contributions involve new paradigms that test model stability by
introducing minor perturbations to the original problems.

A representative example of this approach is the work of Webb et al. [?], who
developed a zero-shot reasoning task based on the Digit Matrix (a simplified
version of Raven’ s Progressive Matrices). In this task, the model must iden-
tify the underlying transformation rule within a matrix of numbers and apply
it to complete the pattern. To rigorously evaluate whether Large Language
Models (LLMs) truly grasp the logic of the task rather than relying on mem-
orized patterns, the researchers introduced a “counter-intuitive” perturbation
method. By altering the standard numerical order or changing the labels of
the categories, they created scenarios that contradicted common human intu-
ition. Their results demonstrated that while models like GPT-3.5 and GPT-4
showed strong performance on standard tasks, their accuracy significantly de-
clined under these perturbed conditions, suggesting a lack of robust, generalized
reasoning capabilities.

Furthermore, recent studies have extended these paradigms to include cross-
modal and multi-step analogical reasoning. These extensions require models to
not only recognize simple A : B :: C' : D relationships but also to maintain con-
sistency across different representational formats or through complex, sequential
logical chains. By systematically varying the complexity and the presentation of
these analogies, researchers can better delineate the boundaries between super-
ficial pattern matching and genuine structural mapping in artificial intelligence.

Lewis and Mitchell (2024) conducted a robustness test regarding the conclusions
drawn by Webb et al. (2023), who suggested that GPT-3 possesses emergent
analogical reasoning capabilities that do not require additional prompting. Di-
rectly adopting the three task categories used by Webb et al. (2023)—letter string
analogies, Raven’ s Progressive Matrices (digit-based), and story analogies—the
researchers constructed variant problems that preserved the underlying abstract
rules while altering the surface forms. By comparing the performance shifts of
both humans and the GPT series models across the original and variant prob-
lems, they aimed to evaluate the stability of these reasoning abilities (Lewis &
Mitchell, 2024).

The results indicate that humans exhibit greater resilience to interference than
models in simple letter-string tasks. In the Raven’ s Progressive Matrices (digit-
based), GPT-3.5 and GPT-4 maintained their performance levels when symbols
were replaced; however, their performance declined significantly when the po-
sition requiring completion began to vary randomly. Furthermore, in story-
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based analogy tasks, GPT-4 demonstrated a pronounced order effect [?, ?].
These findings provide strong evidence that Large Language Models (LLMs)
are easily influenced by variations in problem phrasing and format during anal-
ogy tasks, remaining far from the stable performance characteristic of humans.
Consequently, robustness testing is essential for validating the true analogical
capabilities of LLMs.

Beyond robustness testing, the adaptation of analogical reasoning tasks is more
diverse compared to other subfields of machine learning. Combs et al. (2025)
adapted the story analogy task from psychology. Traditional story analogy re-
search focuses on whether individuals can identify structural similarities between
two stories.

Analogical reasoning involves identifying identical deep relational structures be-
tween different events or stories (Gick & Holyoak, 1980). Combs et al. (2025)
extended this concept into a long-text zero-shot comparison task, requiring mod-
els to determine which of several natural language stories shares the same plot
structure as a target story. Their results indicated that while GPT-4 and GPT-
4o performed well on certain datasets, multiple models performed near or below
chance levels on more challenging datasets. Further analysis revealed that these
models are easily distracted by similarities in characters, settings, and specific en-
tities; consequently, they exhibit instability when identifying stories that share
identical plot relations but differ in surface-level content (Combs et al., 2025).

Webb et al. (2025) adapted the letter-string analogy task to further investigate
model capabilities. Traditional letter-string analogies typically require subjects
to complete a sequence based on relational changes between letters, such as
identifying rules like “move one position forward” or “repeat a specific position”
[?]. In their study, the researchers replaced the conventional alphabet with
a randomized, hypothetical alphabet. This modification ensures that models
cannot rely on the familiar A, B, C' sequence and must instead complete the
analogy based on the novel ordering provided within the prompt [?].

The results indicated that GPT-4 performed significantly worse than humans
under these conditions, with Chain-of-Thought (CoT) prompting providing only
limited improvement. While the model’ s performance approached human levels
when it was permitted to call and execute code, this improvement was primar-
ily driven by external computational tools. Consequently, these gains cannot
be directly interpreted as an enhancement of the model’ s inherent analogical
reasoning capabilities within a natural language framework [?].

Camposampiero et al. (2025) adapted the Raven’ s Progressive Matrices task
for their study. While the traditional Raven task requires subjects to complete
a missing entry based on the underlying patterns of geometric figures in a ma-
trix [?], the researchers transformed this into a symbolic matrix task. In this
version, the original graphical matrices are converted into matrices composed
of symbolic attributes such as shape, color, quantity, and position. Models are
then required to complete the missing entry by identifying the governing rules
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of these attributes [?].

To further challenge the models, the researchers introduced enhanced interfer-
ence mechanisms. For instance, they included variations in attributes that are
irrelevant to the correct answer, thereby hindering the model’s ability to identify
the true underlying rules. Additionally, they made certain symbolic attributes
ambiguous or continuous, forcing the models to discern stable patterns amidst
fuzzy information [?]. The results demonstrated that while OpenAl 03-mini
and DeepSeek R1 performed strongly under standard symbolic matrix condi-
tions, their accuracy declined sharply when irrelevant attributes or uncertain
cues were introduced. Notably, artificially increasing the models’ reasoning
time did not consistently recover their performance.

Zhang (2024) also draws inspiration from Raven’ s Progressive Matrices and
visual combinatorial reasoning tasks, primarily examining how subjects iden-
tify the ways in which graphical elements are combined, moved, or transformed.
They adapted these visual analogy tasks for the evaluation of Multimodal Large
Language Models (MLLMs). Compared to traditional Raven-style tasks, this
approach places greater emphasis on the model’ s ability to accurately iden-
tify fundamental information within an image, such as shapes, quantities, and
positions [?, ?].

After testing Qwen2-VL, LLaVA 1.6, and LLaMA 3.2, the researchers found
that the models performed poorly when no reasoning prompts were provided;
however, performance improved after incorporating a single reasoning prompt.
A detailed case analysis further revealed that many of the models’ errors did
not occur during the final stage of relational reasoning. Instead, they occurred
during the initial visual recognition stage: the models failed to correctly describe
the basic graphical elements within the matrix, which subsequently led to errors
in rule induction and answer selection [?, ?]. Based on this, we can infer that in
current multimodal models, the primary bottleneck often lies in the foundational
perception of visual details rather than the high-level logical processing itself.

Until image recognition capabilities reach a certain stage of development, the
validity of reasoning tasks involving images cannot truly align with the under-
lying reasoning ability itself, unless an experimental design can be found that
losslessly isolates the impact of visual processing.

Taken as a whole, the value of adapted analogy tasks lies in testing whether a
model’ s analogical performance can transcend fixed formats and truly move
beyond surface-level similarities or reliance on external tools. Current results
indicate that the performance and robustness of existing models in these types
of tasks remain insufficient [?, 7, 7, ?].

5.6 FEREE

Causal reasoning refers to an individual’s ability to identify, explain, predict, and
make intervention-based judgments regarding the causal relationships between
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events. Compared to general associative judgment, causal reasoning requires an
individual to determine whether an outcome would change if a specific operation
or manipulation were performed on the system.

Pearl (2009) distinguished causal reasoning into three hierarchical levels: ob-
servation, intervention, and counterfactuals [?]. This framework has provided
an essential reference for the evaluation of causal reasoning in Large Language
Models (LLMs) in recent years.

(1) Research on the Direct Transfer of Classical Causal Frameworks Wang
and Shen (2024) designed three types of textual situational tasks based
on Pearl’ s observation, intervention, and counterfactual framework. The
first category requires the model to determine whether one event causes
another based on a given causal structure. The second category requires
the model to judge whether the original causal relationship still holds
after an external human intervention. The third category utilizes Simpson’
s Paradox scenarios to examine whether the model can identify which
judgment more accurately aligns with a causal explanation when aggregate
trends conflict with individual trends [?].

The results indicated that among the eight models tested, GPT-4 performed best
in most tasks; however, the performance of all models was unstable, particularly
in the Simpson’ s Paradox task. Intervention conditions significantly increased
task difficulty; while models might successfully complete reasoning under an
original causal chain, they often failed to adjust their judgments accordingly
when external interventions altered the causal path [?]. Similar to previous
findings, the researchers also observed that models could sometimes select the
correct answer while providing incorrect or incomplete causal explanations [?].

Consequently, we can only conclude that LLMs demonstrate a certain degree of
causal judgment capability in simple scenarios. However, they still face signifi-
cant difficulties under interventionist and complex mixed conditions, and their
reasoning outcomes lack a stable correspondence with their generated explana-
tions.

(2) Research on Adapted and Extended Causal Reasoning

Abe et al. (2024) investigated the abductive reasoning of LLMs. Abductive rea-
soning examines the ability to reason backward from an outcome to a possible
explanation; unlike deductive reasoning, it requires inferring plausible possibili-
ties rather than necessary conclusions. The researchers adapted the traditional
syllogism into a “rule-observation-hypothesis” tripartite task, asking the model
to judge whether a specific hypothesis serves as a reasonable explanation based
on a rule and an observation. Some hypotheses were reasonable, some were
unreasonable, and in other cases, the provided information was insufficient to
determine the hypothesis’ s suitability [?].

The results showed that LLMs find these abductive tasks significantly more
difficult than original deductive reasoning tasks. In zero-shot conditions, even
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the best-performing model, GPT-4, performed only slightly above the random
chance level for a three-choice task. Furthermore, the models struggled most
with items where the provided information was insufficient to make a judgment,
often forcing a definitive affirmative or negative conclusion [?]. The study also
found that models were more prone to errors when the task content conflicted
with everyday common sense. Additionally, when negative expressions such
as “no” or “not” appeared in the prompt, the models were more likely to be
influenced by the negative form and select a hypothesis containing a negation.

It is evident that in both deductive tasks and adapted abductive tasks, LLMs
tend to avoid uncertain answers and lean toward providing seemingly defini-
tive judgments. This suggests that accurately identifying the boundaries of a
conclusion remains a common weakness in model reasoning.

5.7 IR SAEITH

Overall, compared to many comprehensive ability assessments, the advantage
of psychological reasoning paradigms lies in their capacity to decompose model
performance into richer, more granular levels. These include whether a model
can understand premises, abstract relationships, resist semantic interference,
handle counterexamples, and cease inference when evidence is insufficient. Ex-
isting research collectively indicates that Large Language Models (LLMs) have
already demonstrated reasoning-like behaviors in certain deductive and induc-
tive tasks, as well as in analogy and causal judgment. However, this capability
is highly dependent on task formatting, material phrasing, prompting methods,
and the available answer space.

The most notable common finding in this field is that LLMs often struggle to
grasp the boundaries of reasoning. In deductive tasks, this manifests as a re-
luctance to acknowledge when a conclusion cannot be derived from the given
premises (Eisape et al., 2024). In inductive tasks, it appears as the ability to
utilize local cues to provide answers without necessarily stabilizing the underly-
ing generalized rules (F. Xu et al., 2025). In analogy tasks, models frequently
mistake surface-level similarity for deep structural relationships (Musker et al.,
2025). Finally, in causal and abductive tasks, models tend to provide explana-
tions that are superficially plausible but lack sufficient evidentiary support (L.
Wang & Shen, 2024).

Consequently, we argue that the current reasoning capabilities of LLMs should
be understood as a conditional, explicit performance. While this currently sup-
ports assessments of capability at the behavioral level, there remains a signifi-
cant lack of research regarding the stability and underlying mechanisms of these
processes.
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6.1 HEESRE

In psychology, problem-solving is generally understood as a cognitive process in
which an individual, faced with an obstacle between their current state and a
target state, achieves that goal by forming a problem representation, searching
for possible paths, and selecting and adjusting strategies (Mayer, 1992; Newell et
al., 1972). Early Gestalt psychology emphasized the restructuring of and insight
into problems, suggesting that individuals must change their understanding of
a problem’ s structure to escape the constraints imposed by their original rep-
resentation (Duncker & Lees, 1945). Subsequently, the information-processing
approach viewed problem-solving as a search process within a problem space,
focusing on the relationships between the initial state, the goal state, operators,
and intermediate states (Newell et al., 1972).

Within a broader framework of cognitive control, problem-solving also relies on
the support of executive functions: working memory helps individuals maintain
goals and intermediate information, inhibitory control assists in suppressing
salient but incorrect responses, and cognitive flexibility supports rule switching
and strategy updating (Diamond, 2013; Miyake et al., 2000). Simultaneously,
human problem-solving and decision-making processes are influenced by men-
tal sets, functional fixedness, heuristics, and judgment biases. For instance,
familiarity with a specific solution may hinder the discovery of new strategies,
while framing, anchoring, and representativeness cues can systematically alter
an individual’ s judgment (Luchins, 1942; Tversky & Kahneman, 1974; Watson,
2011).

Building upon previous research frameworks, we primarily examine four cate-
gories of test paradigms within the domain of problem-solving. The first cate-
gory involves planning and sub-goal decomposition, focusing on whether a model
can formulate goal paths, identify intermediate states, and replan when environ-
mental structures or reward information change. The second category concerns
rule switching and cognitive flexibility, focusing on whether a model can discover
rules based on feedback, maintain current rules, and abandon old rules once they
have changed. The third category addresses mental sets, functional fixedness,
and insight-based problem-solving, examining whether a model becomes trapped
by familiar cues, default solutions, or misleading information, and whether it can
re-represent the problem. The fourth category covers judgment and decision-
making biases, focusing on whether a model exhibits cognitive biases—such as
anchoring, framing effects, confirmation bias, the representativeness heuristic,
and the availability heuristic—when dealing with uncertainty, probability, risk,
and value assessment.

6.2 MU E5FBIRDE

In the field of planning and sub-goal decomposition, the paradigms covered in
the current literature remain relatively limited. In classical cognitive psychology,
planning typically refers to the process by which an individual searches for a se-
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quence of actionable steps between a current state and a goal state, progressively
adjusting strategies based on intermediate states. Common measurement tasks
include the Tower of Hanoi, the Tower of London, water jug problems, mazes,
path planning, means-ends analysis tasks, and multi-step action sequence tasks
[?, ?]. These tasks focus on whether an individual can depart from a current
state, identify intermediate states, arrange the sequence of actions, avoid obsta-
cles, and adjust plans as conditions change.

However, with the exception of path planning, many of these tasks require
subjects to operate continuously within a dynamic state space, monitor inter-
mediate states, and update plans based on the outcomes of their actions. For
large language models (LLMSs) to fully replicate

these types of tasks, the models must be embedded within interactive envi-
ronments or agent frameworks. This allows them to execute actions, receive
environmental feedback, and continuously update their internal states [?, ?].
Furthermore, path-planning tasks are difficult to apply directly to LLMs be-
cause these models can only receive text-based or image-based descriptions and
provide routes, choices, or explanations through linguistic output. While many
studies utilize various technical means to enable models to simulate human-like
path planning in physical or virtual spaces, such research tends toward engineer-
ing and essentially explores the internal representation of spatial information in
LLMs from a technical perspective.

Because this review focuses primarily on the performance of mainstream LLMs
in relatively direct psychological measurement tasks, we ultimately identified
only one study that met the inclusion criteria. This study, which employs an
adapted version of the classical path-planning paradigm, serves as our primary
source of evidence for examining the planning capabilities of LLMs.

(1) Research on Adapted and Extended Planning Paradigms The CogEval
framework proposed by Momennejad et al. [?] is the core study regard-
ing planning and sub-goal decomposition in the current literature. This
research adapts the classical cognitive map paradigm [?] by simplifying
environmental exploration into textually described locations and connec-
tivity relationships. Models are then required to select routes based on
these descriptions and re-select paths when rewards, pathways, or goals
change [?].

The researchers tested models including GPT-4, GPT-3.5-turbo, Google Bard,
Anthropic Claude-1, and LLaMA-13B. The results indicated that in simple path
tasks, LLMs can utilize the connectivity relationships directly provided in the
text to achieve a certain degree of route selection. However, performance be-
comes significantly unstable when tasks require the model to perform multi-step
path inference or rearrange routes based on changes in rewards or pathways [?].
The researchers summarized the error patterns of LLMs, finding that the models
frequently hallucinate non-existent pathways and generate circuitous or repeti-
tive routes; even when local connection prompts are provided, the models may
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still fail to form a coherent global path [?]. From this, we can observe that while
LLMs can handle simple path relationships, they struggle to stably maintain
more complex path structures and perform flexible planning accordingly.

The scarcity of evidence related to planning and path searching suggests that,
compared to other cognitive domains, classical paradigms in problem-solving
and executive control are more difficult to migrate to LLM research. We believe
this is primarily because classical problem-solving paradigms often require sub-
jects to explore, operate, engage in trial-and-error, receive feedback, and adjust
behavior within an environment, whereas current mainstream LLMs respond
primarily through text or image inputs. Consequently, to investigate problem-
solving processes that more closely resemble reality, researchers must typically
convert original paradigms into text-based tasks or introduce external tools and
build agent frameworks.

The former approach makes measurement more indirect, while the latter tends
to shift the research focus toward the overall performance of the engineering
system, rather than purely reflecting the model’ s own performance on classical
psychological constructs.

Currently, the mainstream way the public uses LLMs remains limited to text
and image interaction. However, as multimodal interaction, tool use, and agent
systems mature, researchers may be able to design measurement methods that
more closely approximate real-world exploration and action processes. At that
point, the assessment of LLM problem-solving capabilities within the psycho-
logical domain may enter an entirely new frontier.

6.3 MNFERSIAHREE

Rule switching and cognitive flexibility refer to an individual’ s ability to
promptly adjust their original thinking and adopt new rules better suited to
the current context when task requirements, environmental cues, or feedback
results change. Cognitive flexibility is generally regarded as a core component
of executive function, working alongside working memory and inhibitory control
to support complex problem-solving (Miyake et al., 2000; Diamond, 2013).
The most classic measurement paradigm for this construct is the Wisconsin
Card Sorting Test (WCST). In this task, participants must infer whether cards
should be classified by color, shape, or number based on “correct/incorrect”
feedback provided by the experimenter. Once the participant has mastered the
current rule, the rule is changed without explicit warning. Researchers then
observe whether the participant can cease using the old rule and establish a
new classification rule based on the updated feedback (Berg, 1948; Grant &
Berg, 1948).
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1. Direct Transfer Research within the Classical Rule-Switching
Paradigm

Recent studies by Goto et al. (2025), Hao et al. (2025), and Li et al. (2025)
have all utilized the Wisconsin Card Sorting Test (WCST) to investigate the
rule-switching capabilities of Large Language Models (LLMs), with each study
emphasizing different aspects of the transfer process. Goto et al. (2025) adapted
the original card-based task into a purely textual format, requiring models to
perform classification based on written descriptions of attributes such as color,
shape, and quantity. Their analysis focused primarily on the performance dis-
parities between various models regarding rule discovery, rule maintenance, and
behavioral adjustment following a rule shift.

Hao et al. (2025) extended this line of inquiry by applying the WCST to Vision-
Language Models (VLMs), comparing performance across visual versus textual
inputs and direct response versus reasoning-based prompting. This approach
highlights how visual modalities and specific prompting strategies influence
model performance; notably, the researchers also recruited 30 human partici-
pants to establish a comparative human baseline. Meanwhile, Li et al. (2025)
integrated the WCST with the lowa Gambling Task and the Cambridge Gam-
bling Task, situating rule-switching within a broader framework that includes
risky decision-making and feedback learning. Their study also incorporated a
substantial human baseline consisting of 350 participants to benchmark model
performance against human behavior.

All three studies found that powerful models—such as ChatGPT ol, Claude-3.5
Sonnet, Gemini-1.5 Pro, GPT-40, and ol-mini—demonstrate a degree of rule
discovery and switching capability within the clearly structured Wisconsin
Card Sorting Test (WCST). Some models even approached or exceeded
human baselines in terms of overall accuracy or rule completion speed
\cite{Goto_{{{et}}{{al}}}{2025},  G_{{{Hao}}{{et}}{{{al}}{{2025}}},
H{{{Li}}{{et}}H{{{al}}_{{2025}}}}. At the same time, these studies indicate
that task accuracy alone is insufficient to measure a model’ s true cognitive
flexibility. Specifically, Goto et al. (2025) discovered that while some models
are capable of inferring rules--

--can identify the current rule changes but fail to consistently implement these
rules in subsequent selections. Hao et al. [?] found that models perform signif-
icantly better on text-based problems, whereas they are more prone to errors
when processing visual inputs. Furthermore, Li et al. [?] discovered that the
fundamental difference between Large Language Models (LLMs) and humans
lies in the nature of their mistakes: while human errors are often sporadic—pri-
marily caused by brief lapses in concentration that lead to temporary deviations
from the current rule—LLMs are more likely to exhibit perseverative errors. In
these instances, the model continues to categorize according to the outdated
rules from a previous stage, even after the rules have clearly changed.

Overall, Large Language Models (LLMs) demonstrate the ability to identify
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rules and switch between them to a certain extent within fixed, classical Wis-
consin Card Sorting Test (WCST) tasks; however, this capability remains un-
stable. The performance of these models may deteriorate significantly when
presented with original visual test materials, and their adaptation speed during
rule transitions is notably slower than that of humans. Consequently, it can
be concluded that LLMs do not yet possess the same level of robust cognitive
flexibility as humans within classical rule-switching paradigms.

2.2 Research on Adapted and Extended Rule-Switching

Within the scope of our included studies, rule-switching tasks are frequently
employed as a component for measuring overall cognitive executive control. The
following two articles both argue against using scores from a single type of
task to represent foundational cognitive abilities. Instead, they emphasize that
analytical significance is only achieved through the simultaneous measurement
of multiple functions (De Langis et al., 2026; Haznitrama et al., 2026).

The NeuroCognition battery developed by Haznitrama et al. (2026) comprises
three distinct tasks: Raven’ s Progressive Matrices, Spatial Search, and the
Wisconsin Card Sorting Test (WCST). These tasks are specifically designed to
evaluate a model’ s capabilities in analogical reasoning, spatial working memory,
and rule switching, respectively.

The results of the Wisconsin Card Sorting Test (WCST) indicate that the latest
models—such as Gemini 3 Pro, Gemini 2.5 Pro, GPT-5, 04-Mini, and Claude
Sonnet 4—are now capable of effectively identifying underlying rules. In contrast,
weaker models still tend to persist with outdated rules after they have become
invalid or struggle to consistently apply a new rule once it has been discovered
[?, ?]. Comparing these findings with previous research, it is evident that as the
capabilities of new models continue to advance, there is a corresponding and
significant improvement in their cognitive flexibility.

De Langis et al. (2026) also investigated working memory and rule-switching
capabilities. Using the Wisconsin Card Sorting Test (WCST) human data from
Barcel6 et al. (1997) as a reference, the researchers estimated a human accuracy
rate of approximately 0.77 based on reported mean error counts. In contrast,
the models they tested—Gemma2-9B, Llama3.1-8B, and Qwen2-7B—achieved
accuracy rates ranging only between 0.12 and 0.52 (De Langis et al., 2026).
However, it is worth noting that these three models do not belong to the current
top-tier of mainstream Large Language Models (LLMs); consequently, these test
results may not be comparable to the performance of more powerful state-of-
the-art models.

Overall, the studies by Haznitrama et al. (2026) and De Langis et al. (2026)
both utilize extended versions of the Wisconsin Card Sorting Test (WCST) to
reveal an uneven distribution of foundational cognitive abilities across various
models. We contend that within these comprehensive cognitive assessments, the
significance of rule-switching tasks lies in their ability to test whether a model
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can transcend basic memory and information comprehension to reach a level
where it can actively utilize information to adjust its behavior. Synthesizing the
preceding analysis, it appears that Large Language Models (LLMs) may have
already achieved a high degree of proficiency in memorizing and understanding
rule changes.

information, but they may not yet be able to stably modify actual strategies
during continuous tasks \cite{De Langis et al., 2026; Haznitrama et al., 2026;

H. Li et al., 2025}. However, this ability is precisely the critical criterion for
determining whether executive control capabilities have reached maturity.

6.4 ThEEEIE. IEERSRENIRERR
Functional Fixedness and Insight Problem Solving

In psychology, functional fixedness and insight problem solving both refer to
a specific category of cognitive challenges: the tendency for individuals to be
influenced by past experiences during problem solving. This often results in
being constrained by the first rules or solutions that come to mind, making it
difficult to think outside of conventional frameworks. Functional fixedness was
originally used to explain why people struggle to perceive familiar objects as
new tools. For example, when seeing a box, individuals may only think of its
function for containing items and find it difficult to realize it could also serve as
a support stand [?, ?].

Mental sets, on the other hand, emphasize the impact of prior successful expe-
riences on subsequent problem solving. If an individual has repeatedly used a
specific method to solve problems, they may continue to apply that old method
even when a simpler alternative becomes available [?, ?].

Insight problem solving focuses on whether an individual can suddenly restruc-
ture their understanding of a problem to discover previously ignored conditions
or new perspectives. Wallas (1926) described the insight process as consisting
of several stages: preparation, incubation, illumination, and verification [?, ?].
Later research on linguistic insight problems frequently utilized riddles to test
whether individuals could escape the misleading nature of a problem’ s sur-
face narrative [?, ?]. Consequently, research in this field primarily investigates
whether Large Language Models (LLMs) are easily led astray by familiar ex-
pressions or common solution patterns.

1. Direct Transfer Studies of Classic Insight and Mental Set
Paradigms

Orru et al. (2023) were among the first to use linguistic insight problems to test
GPT-3.

5. Their study employed linguistic insight tasks from Ansburg and Domi-
nowski (2000) and compared the performance of GPT-3.5 with the
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small-sample human performance reported in the original article. These
problems are typically short and superficially disguised as arithmetic or
common-sense questions. The true difficulty lies in identifying hidden
conditions within the prompt. For instance, if asked “how many plums
are on a pear tree,” the correct reasoning is to realize that pear trees do
not bear plums; if asked “how much dirt is in a hole,” the key is that
a hole, by definition, contains no dirt. The task included 15 practice
problems followed by 15 transfer problems, the latter of which tested
whether subjects could apply the problem-solving experience gained from
the first set to a new set of problems [?, ?]. The results showed that the
model correctly answered 12 out of 30 questions, with an overall score
close to the human average in the original study. However, the model’ s
response patterns did not fully align with those of humans, particularly
in the transfer tasks. Furthermore, since these riddles are common on the
internet, the model may have encountered similar answers in its training
data [?, ?]. Thus, while early versions of ChatGPT exhibited a level of
insight approaching that of humans, their internal reasoning processes
remained distinct from human cognition.

Haq et al. (2025) adopted a classic mathematical mental set paradigm from
previous literature [?, ?]. In this paradigm, some problems require multi-step
calculations, while others can be solved using simpler shortcuts. The researchers
aimed to investigate whether a model, after becoming accustomed to multi-step
calculations in initial trials, would continue to apply complex steps to subsequent
problems that could be simplified.

The researchers measured the performance of Llama-3.1-8B-Instruct, Llama-3.1-
70B-Instruct, and GPT-40, while also comparing changes in performance when
using Chain-of-Thought (CoT) prompting. The results indicated that GPT-40
performed best overall. While the introduction of CoT generally improved accu-
racy across all three models, it also led them to apply complex calculation steps
to problems where shortcuts were available. The researchers also designed con-
ditions where participants solved complex problems before shortcut problems,
and vice versa. The results showed that the former condition improved accuracy
but did not significantly reduce the number of solution steps [?, ?]. It appears
that current LLMs still exhibit significant mental sets in mathematical tasks,
which are difficult to mitigate even with CoT techniques.

2. Mental Set Research in Adapted and Extended Paradigms

Alavi Naeini et al. (2023) observed significant mental sets in an adapted task
for divergent thinking. The study introduced the Only Connect Wall (OCW)
dataset, derived from the “Connecting Wall” segment of the British television
show Only Connect. This task is inherently similar to the Remote Associates
Test (RAT), a classic paradigm for measuring divergent thinking. The problems
include numerous intentionally designed “red herrings” —clues that appear to
be correct answers but actually lead the solver toward incorrect groupings. The
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researchers explicitly treated these designs as a method to induce mental sets.

The results showed that all models performed far below the level of humans
on the show. While GPT-4 was the top performer, it still lagged significantly
behind human experts [?, ?]. Crucially, when the authors retested the models
using the OCW-Randomized and OCW-WordNet datasets—which weaken or re-
move the interference of red herrings—model performance improved significantly.
This demonstrates that the models’errors were indeed caused by misleading clues
rather than a lack of familiarity with the cultural common sense required by the
questions.

3. Practical Tasks Based on the Mental Set Framework

Shidara et al. (2026) examined mental sets within the context of clinical problem
solving. The researchers designed “mARC” clinical problems that often include
familiar clues intended to prompt a quick association with a common diagnosis
or treatment plan. However, each problem also includes a critical condition that
renders the common solution inapplicable in that specific context. If a solver
follows the familiar clues, they are likely to fall into the trap of an incorrect
option; if they notice the critical condition, they must re-evaluate the situation
and, upon realizing the information is insufficient, choose to gather more data
first.

The results indicated that the new generation of reasoning models performed
better on these tasks. The performance of Claude 4.1 Opus, Gemini 2.5 Pro,
GPT-5.1, and Grok-4-Fast-Reasoning showed no significant difference from the
average of five physicians. Among them, Claude 4.1 Opus was the strongest,
with an average accuracy of approximately 0.75, compared to the human physi-
cian average of approximately 0.66 [?, ?]. Case analysis by the researchers also
showed that stronger models were more likely to choose to continue collecting
information when evidence was insufficient, rather than rushing to provide a
diagnosis or treatment [?, ?]. This suggests that the reasoning versions of the
latest mainstream models demonstrate improved strategy adjustment capabili-
ties in medical tasks. This clearly illustrates the rapid evolution of LLMs and
underscores the necessity of replicating previous studies using the most recent
models.

6.5 FIEFSRERRE

In psychology, the study of judgment and decision-making biases primarily fo-
cuses on the systematic and regular errors individuals commit when faced with
uncertain information, risky choices, or complex evaluations. Tversky and Kah-
neman (1974) proposed that people frequently rely on rapid judgmental cues,
such as anchoring, representativeness, and availability; while these heuristics
can enhance judgmental efficiency, they may also lead to stable biases [?, ?].
Subsequently, through Prospect Theory, they further demonstrated that the
framing of an identical outcome—whether presented as a gain or a loss—can
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significantly alter an individual’ s risk preferences [?, ?].

In the classical paradigm, researchers have examined a wide range of cognitive
phenomena beyond the anchoring effect, the representativeness heuristic, the
availability heuristic, and framing effects. Notable examples include the Wason
four-card selection task (Wason, 1960), which is used to observe confirmation
bias, as well as numerous other newly discovered biases that have emerged in
subsequent literature; these are not detailed further here.

1. Direct Transfer Studies of Classical Judgment and
Decision-Making Bias Paradigms

Suri et al. (2024) investigated five categories of classical judgment biases—an-
choring, representativeness, availability, framing effects, and the endowment
effect—using GPT-3.

5. To mitigate the risk of the model simply recalling original test answers
from its training data, the researchers designed new problems with similar
underlying structures rather than using verbatim copies of original tasks.
They further validated these new items with 220 human participants to
ensure they successfully induced the intended biases in the same direction
as the original paradigms (Suri et al., 2024).

The results demonstrated that GPT-3.5 exhibited judgment biases identical to
those of humans across all tasks. This suggests that classical bias paradigms
are effective at capturing systematic error tendencies in the outputs of Large
Language Models (LLMs) (Suri et al., 2024). However, as this study focused
primarily on GPT-3.5 with only limited supplementary testing on GPT-4, the
findings primarily characterize the performance of early mainstream models
within classical heuristic tasks.

Nguyen (2024) provides further standardized evidence regarding the anchoring
effect. The researcher directly employed the classic two-stage numerical an-
choring paradigm design (Jacowitz & Kahneman, 1995). In this paradigm, the
model is first presented with either a high-value or low-value anchor point, after
which it is asked to provide a numerical estimate. The objective is to observe
whether the model’ s subsequent estimate is influenced by the previously pro-
vided numerical value. The researcher designed the study to--

The primary research context focuses on financial forecasting, which carries
significant practical implications as users increasingly rely on Large Language
Models (LLMs) to make judgments based on historical prices, growth rates, or
market trends. Findings indicate that GPT-4, Claude 2.0, Gemini Pro, and
GPT-3.5 are significantly influenced by anchoring effects during numerical pre-
diction tasks. While the application of specific prompting techniques can mit-

igate this bias to some extent, they fail to eliminate the effect consistently
\cite{J.
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K. Nguyen, 2024}. This study provides robust evidence that LLMs exhibit an-
choring effects in financial numerical forecasting, serving as a critical cautionary
note for applications such as Al-driven stock trading.

O’ Leary (2024) applied the Wason discovery task (the 2-4-6 problem) to inves-
tigate confirmation bias in large language models. The researchers conducted
tests on Claude 3.5, Gemini, and GPT-40; however, due to the limited number
of test items, the study is characterized as a preliminary exploratory analysis.

The results indicate that Claude 3.5 and Gemini initially interpreted the rules
narrowly. When prompted to explore other potential rules, these models primar-
ily modified their original conjectures rather than actively seeking counterex-
amples that might falsify their initial hypotheses. In contrast, ChatGPT-40
demonstrated superior performance by proposing broader rules \cite{O’ Leary,
2025b}. These findings suggest that in small-sample testing, certain Large Lan-
guage Models (LLMs) exhibit a tendency to confirm their first-generated hy-
potheses during open-ended tasks, rather than flexibly exploring a wider range
of possibilities.

Macmillan-Scott and Musolesi (2024) evaluated GPT-3.5, GPT-4, Bard, Claude
2, and Llama 2 by requiring these models to complete 12 classic judgment tasks
from cognitive psychology, including the Wason selection task, the Linda prob-
lem, and the Monty Hall problem. The researchers did not merely assess the
correctness of the models’ answers; they also focused on whether the error pat-
terns exhibited by the models aligned with the common cognitive bias patterns
observed in humans during these classic experiments.

The results indicate that GPT-4 exhibited the best overall performance, with
69.2% of its responses being both correct and supported by sound reasoning.
More importantly, researchers discovered that the majority of the model’ s er-
rors were unrelated to typical human cognitive biases. Instead, the model more
frequently exhibited computational errors, logical inconsistencies, discrepancies
between explanations and final selections, or instability in answers when pre-
sented with the same question repeatedly [?, ?]. This study serves as a critical
reminder that when a model’s underlying reasoning and stability are not yet fully
mature, its failures in judgment tasks may stem primarily from fundamental er-
rors—such as calculation mistakes and logical lapses—rather than higher-level
cognitive biases. Only by first isolating these foundational errors can we accu-
rately determine whether a model truly manifests judgment biases analogous to
those found in humans.

(2) Adaptation and Extension of Integrated Research on Judgment and
Decision-Making Biases. Chen et al. (2025), Huang et al. (2026), Li
Hao et al. (2025), Knipper et al. (2025), and Shaikh et al. (2024) have
all extended the study of judgment bias into more complex multi-task
evaluation frameworks.

Chen et al. (2025) covered 18 categories of cognitive biases and compared model
performance when facing these biases in both classical and operations manage-
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ment scenarios. Their results indicate that while GPT-4 aligns more closely
with normative answers in problems involving explicit computational methods,
it continues to exhibit significant biases in tasks related to preferences, risk as-
sessment, and logical testing. Huang et al. (2026), on the other hand, focused
their analysis on anchoring:-

fixed effects, using synthetic data to compare different sources of anchors. Their
findings demonstrate that anchoring effects are not limited to real-world fore-
casting tasks but also consistently appear in more controlled experimental ma-
terials. Li Hao et al. (2025) provided evidence from Chinese text, discovering
that the proportion and presentation order of positive and negative information
in realistic materials—such as genetic testing and autonomous driving—can in-
fluence model judgment and induce significant framing effects. From this body
of research, we can further confirm that the judgment biases of Large Language
Models (LLMs) are not stable; rather, they fluctuate according to task type, ma-
terial context, prompt details, and model versions \cite{Y. Chen et al., 2025;

L. Hao et al., 2025;
Y. Huang et al., 2025}.

Comprehensive evaluations by Knipper et al. (2025) and Shaikh et al. (2024) fur-
ther demonstrate that while expanding task coverage helps reveal this inherent
complexity, it also introduces new challenges. Specifically, different bias tasks
vary significantly in nature; if they are simply aggregated into a single com-
posite score, it becomes difficult to discern whether a model’ s performance is
hindered by anchoring effects, framing effects, or fundamental limitations in log-
ical reasoning (Knipper et al., 2025; Shaikh et al., 2024). This suggests that the
measurement of cognitive biases in Large Language Models (LLMs) cannot rely
on the reductive scoring methods typical of traditional engineering benchmarks.
Instead, such evaluations must be rigorously categorized and analyzed based on
psychological constructs to ensure the resulting conclusions are meaningful.

3. Practical Tasks Based on the Judgment and Decision-Making
(JDM) Bias Framework

This area of research focuses on identifying the specific cognitive biases that
emerge in scenarios where users are likely to employ Large Language Models
(LLMs) in real-world applications. Rather than focusing on abstract logical
puzzles, these studies examine how the interaction between humans and Al
influences decision-making quality and psychological tendencies during practical
tasks.

Lou and Sun (2026) investigated the anchoring effect in realistic predictive nu-
merical judgments, focusing on whether models are influenced by pre-existing
numbers when performing practical estimation tasks. Rather than strictly fol-
lowing the classic two-stage numerical anchoring paradigm, the researchers uti-
lized 62 real-world prediction problems covering topics such as weather, stock
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prices, flight schedules, and social media engagement metrics. The study evalu-
ated a wide range of models, including GPT-40, GPT-4, GPT-3.5 Turbo, GPT-
03, DeepSeek-R1-Qwen-32B, Gemini-2.5-flash, Gemini-2.5-flash-lite, Claude 3
Haiku, and Claude 3.5 Haiku.

For each problem, the models were provided with different types of prompts:
some contained relevant facts (such as the previous week’ s highest or lowest
price), some included expert predictions, and others provided weakly related
background information. The results indicated that the intensity of the influence
varied across different prompt types. While relevant factual prompts—such as
historical highs and lows—did induce anchoring in subsequent estimates, expert
opinion prompts exerted the strongest and most consistent influence overall [?].

The researchers also tested several intervention methods, including Chain-of-
Thought (CoT) prompting and explicit instructions to ignore potential anchors;
however, these approaches showed limited effectiveness. The only relatively
effective mitigation strategy was the simultaneous presentation of both high
and low anchors, which prevented the models from anchoring to a single piece
of information.

O’ Leary (2025) applied the concept of anchoring to patent scoring tasks. In
this study, ChatGPT-4, Claude 2.1, and Gemini Pro were tasked with providing
multi-dimensional scores for patent abstracts. After the initial assessment, ex-
pert scores were provided to the models as anchors. The results demonstrated
that the models frequently adopted the expert values directly for the target
dimensions; furthermore, this influence sometimes spilled over, causing adjust-
ments in other unrelated scoring dimensions (O’ Leary, 2025a). This research
closely mirrors real-world usage scenarios, and its conclusions serve as a signifi-
cant cautionary note for the integration of Al in professional evaluation tasks.

Choi et al. (2025) discuss the false consensus effect within the context of social
judgment. The false consensus effect refers to the tendency of individuals to
overestimate the extent to which others agree with their own perspectives. Their
findings indicate that when models such as GPT-4, Claude 3 Opus, LLaMA
2 70B, and Mixtral 8x7B are placed in specific social choice scenarios, they
tend to overestimate the prevalence of their assigned positions. This behavior
is consistent with the false consensus effect observed in humans (Choi et al.,
2025).

However, it should be noted that this study did not allow the models to choose a
position freely before estimating the choices of others; instead, the models were
assigned a specific stance beforehand. Consequently, the study provides only
indirect evidence that these models possess an egocentric attribution mechanism
similar to that of humans.

Hwang et al. (2026) and Lior et al. (2026) both investigate whether Large Lan-
guage Models (LLMs) exhibit framing effects during evaluation tasks. Specifi-
cally, Hwang et al. (2026) examined how model performance changes when the
object of evaluation remains constant, but the framing of the prompt shifts from
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an affirmative to a negative phrasing. Their results demonstrate that several
mainstream models exhibit significant inconsistencies across both conditions
when performing tasks such as judging the truthfulness of arguments, safety
detection, toxicity detection, and grammatical assessment [?]. These findings
indicate that LLMs, when acting as evaluators, are substantially influenced by
the specific wording of a question. Given the increasing prevalence of using
LLMs as automated scoring tools (LLM-as-a-judge) in current research, the im-
plications of this study serve as a critical warning regarding the reliability of
such evaluation frameworks.

Lior et al. (2026) investigated whether Large Language Models (LLMs) are sus-
ceptible to framing effects during emotion recognition tasks. In their study, they
appended positive or negative supplementary descriptions to authentic Amazon
user reviews and subsequently tasked 11 different LLMs, alongside human an-
notators, with assessing the emotional shifts. The results demonstrated that
both the models and human participants were significantly influenced by these
supplementary descriptions, with the impact of positive framing being particu-
larly pronounced (Lior et al., 2025). Both studies conclude that when LLMs are
utilized for evaluative tasks, their outputs are markedly affected by the phrasing
of the prompts and the provided contextual framing.

6.6 AEERRRSIETH

Overall, existing research indicates that Large Language Models (LLMs) have
demonstrated certain capabilities in the domains of problem-solving and execu-
tive control, though these abilities are unevenly distributed. In tasks involving
planning and sub-goal decomposition, current evidence remains limited; while
models can handle simple path relationships, they struggle to stably maintain
complex state spaces or re-plan in response to dynamic changes [?, ?]. Re-
garding rule switching and cognitive flexibility, stronger models have shown the
ability to discover rules and execute a degree of rule switching. However, in
continuous tasks, they remain prone to issues such as perseveration on old rules,
unstable strategy execution, and performance degradation when processing vi-
sual materials \cite{De Langis et al., 2026; Goto et al., 2025; Haznitrama et al.,
2026;

H. Li et al., 2025;
J.
K. Nguyen, 2024}.

In the context of functional fixedness, mental sets, and insight-based problem
solving, LLMs occasionally provide insightful solutions comparable to those of
humans. Furthermore, the latest reasoning models have demonstrated improved
strategy adjustment capabilities in practical tasks. Nevertheless, these models
remain susceptible to the influence of familiar cues, default solutions, and mis-
leading information [?, ?, 7, 7, ?]. Regarding judgment and decision-making
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biases, the body of evidence is most substantial.

Models exhibit systematic tendencies in tasks involving the anchoring effect,
framing effect, confirmation bias, and social judgment bias. These biases vary
significantly depending on the task context, prompting methods, material for-
mats, and model versions \cite{Y. Chen et al., 2025; Choi et al., 2025;

L. Hao et al., 2025;

Y. Huang et al., 2025; Hwang et al., 2026; Knipper et al., 2025; Lior et al., 2025;
Lou & Sun, 2026; Macmillan-Scott & Musolesi, 2024;

J.
K. Nguyen, 2024}.
Nguyen, 2024; O’ Leary, 2025b, 2025a; Shaikh et al., 2024; Suri et al., 2024).

Synthesizing the aforementioned research, we contend that the problem-solving
capacity of Large Language Models (LLMs) currently resembles a form of reason-
ing grounded in linguistic representation, rather than a fully developed, stable
executive control capability. Future evaluations of LLM problem-solving profi-
ciency should move beyond static performance metrics to investigate whether
a model can maintain goals across continuous tasks, monitor its own errors,
proactively revise strategies, and preserve cognitive flexibility in the presence
of distracting information. These dimensions may prove to be the critical fac-
tors in distinguishing mere “test-taking” ability from genuine problem-solving
competence.

7.1 HAFRCERE
(1) Conceptual Definition

Theory of Mind (ToM) refers to the ability of an individual to understand unob-
servable mental states—such as beliefs, knowledge, intentions, desires, emotions,
and perceptions—and to use this understanding to explain or predict the be-
havior of others. Premack and Woodruff (1978) first introduced this concept,
centering it on the core question of “whether an individual can understand that
others possess mental states” [?, ?]. Subsequently, developmental psychology
further operationalized this question, with the “false belief” tradition becoming
the most influential framework. The “Unexpected Location” task by Wimmer
and Perner (1983) and the “Sally-Anne” task used by Baron-Cohen et al. (1985)
both require children to distinguish between the actual state of reality and the
action expectations formed by others based on false beliefs. These tasks have
since become essential measures of explicit Theory of Mind ability [?, 7, ?].

As research has evolved, the measurement of ToM has expanded from first-
order belief reasoning to second-order and higher-order mental state attribution.
Second-order false belief tasks require individuals to process recursive mental
states, such as “Person A thinks that Person B thinks:-” , which demands a
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greater capacity to maintain and update multiple beliefs compared to first-order
tasks [?, ?]. Simultaneously, ToM research has gradually moved beyond struc-
tured questions—such as “whether someone knows something” or “where some-
one will look for an object” —to more complex social-pragmatic understanding.
For instance, tasks involving the recognition of social faux pas, understanding
of irony and sarcasm, white lies, indirect requests, implied intentions, character
emotions, and social norm judgments require subjects to integrate others’ knowl-
edge states, communicative intentions, and emotional reactions within specific
contexts [?, 7, 7].

Based on the psychological framework described above, we categorized our
search into three sub-fields: belief reasoning, perspective-taking, and social cog-
nition. The first two categories tend to involve more fixed structural paradigms
at the cognitive level, while the latter encompasses a broader range of mental
states within various social contexts.

(2) Introduction to Classic Theory of Mind Paradigms

Because the paradigms used in Theory of Mind are more complex than those
in other fields, this section provides a preliminary introduction to the classic
psychological paradigms discussed in the following sections.

Perspective-taking tasks focus on whether an individual can understand what
information others have access to. The visual perception inference tasks devel-
oped by Masangkay et al. (1974) provided an early foundation for this category
of research [?, ?].

In contrast, belief reasoning tasks focus on whether an individual understands
what beliefs others form based on the information available to them. False
belief tasks further require subjects to understand that others will form incorrect
beliefs due to incomplete information when their beliefs conflict with reality.
The underlying design of the Sally-Anne type false belief task is that when a
protagonist does not witness an object being moved, the subject must predict
the protagonist’s searching behavior based on that protagonist’s false belief [?, ?].
The “Smarties” and “Unexpected Contents” tasks require subjects to distinguish
between the actual contents of a container and the false beliefs others form based
on its external packaging [?, ?]. Higher-order false belief tasks require subjects
to recursively attribute multiple layers of mental states, such as “A thinks that
B thinks an object is in a certain place” ; a representative task for this is the
Imposing Memory Task (IMT) [?, ?].

Social cognition ToM paradigms emphasize complex interactive contexts. The
Faux Pas Recognition Test requires subjects to identify socially awkward re-
marks, explain why they are inappropriate, and infer the speaker’ s intentions
as well as the feelings of the affected party [?, ?]. The Strange Stories task,
Hinting Task, Irony/Sarcasm tasks, and Story Comprehension Test require sub-
jects to understand non-literal language, indirect requests, sarcasm, white lies,
threats, jokes, and implied intentions [?, 7, ?].
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Together, these paradigms constitute the frame of reference for evaluating the
performance of Large Language Models (LLMs) on Theory of Mind tasks in the
subsequent sections.

7.2 BiE&sR

The studies included in this section are review articles previously conducted on
the measurement of Theory of Mind in the field of Large Language Models (here-
after referred to as LLM-ToM). These works provide a valuable methodological
framework for our reference.

(1) A Complex Research Landscape: Existing LLM-ToM literature has formed
a complex research landscape, encompassing surface-level behavioral per-
formance, internal engineering mechanisms, and theoretical articles dis-
cussing methodology and ethics.

Nguyen (2025) categorizes relevant research into three types: behavioral assess-
ment, representational interpretation, and safety risks. Behavioral assessment
focuses on model performance in tasks such as false belief, sarcasm understand-
ing, higher-order mental state reasoning, and various comprehensive Theory of
Mind benchmarks. Representational interpretation attempts to decode self and
other belief states from the model’ s internal representations. Safety risks focus
on the potential privacy, deception, and anthropomorphism risks that may arise
if models can infer user beliefs, preferences, or intentions \cite{H.

M. Nguyen & others, 2025}.

The systematic review by Saritag et al. (2025) further demonstrates that current
LLM-ToM evaluations are highly concentrated on text-based question-answering
tasks using the GPT series. They point out that most studies employ multiple-
choice, true/false, or open-ended short-answer formats, while only a few involve
images, 2D/3D environments, or multi-agent interactions [?, ?].

Marchetti et al. (2025) attempt to answer through their review whether the “un-
derstanding” exhibited by LLMs is merely an illusion. They emphasize that the
ToM-like performance of LLMs likely stems from the superficial exploitation
of linguistic patterns in social contexts; furthermore, researchers often over-
interpret a model’ s score performance as evidence of an actual underlying psy-
chological mechanism.

(2) Controversies in LLM-ToM Research: Hu et al. (2025) argue for a re-
examination of existing ToM assessments for LLMs, emphasizing that a
model’ s generation of text matching a standard answer only indicates that
it completed the corresponding response under those task conditions. It
does not yet prove that the model represents the beliefs of others in the
same manner as human children or adults [?, ?]. From the perspective
of general users, Wang et al. (2025) point out that many benchmarks re-
main dominated by a static, third-person tone. These benchmarks rarely
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consider how real users in interactions require models to identify misunder-
standings and revise their understanding based on multi-turn dialogue his-
tory. There remains a gap between a model’ s score on standard paradigm
questions and its social understanding in real-world human-computer in-
teractions [?, ?].

Yin et al. (2025) further criticize the conflation of the concepts of “Mental Model”
and “Theory of Mind” in LLM-ToM research. A Mental Model is a concept at
the representational level, focusing on the internal representation an individual
builds in their own mind regarding an object, situation, system, or another’ s
cognition [?, ?]. In contrast, ToM is a concept at the level of social cognitive
ability, focusing on whether an individual can stably track the mental states of
others across different contexts to predict behavior and revise their understand-
ing of others based on feedback during interactions; it is comparatively more
specific and dynamic. They point out that many so-called LLM-ToM studies
actually measure surface-level behaviors that do not necessarily involve genuine
mental state attribution [?, ?].

Taken together, the greatest controversy within existing LLM-ToM research
is: are we measuring whether the model can behave like a human, or are we
measuring whether it possesses the underlying computational mechanisms to
support such behavior?

(3) Prompting, Engineering Enhancements, and Evaluation Frameworks:
Prompting methods and engineering enhancements are unavoidable
factors when interpreting LLM-ToM results and are included here as
supplementary literature. Chen et al. (2025) organized LLM-ToM
research from the perspectives of evaluation and enhancement, noting
that prompting methods such as Chain-of-Thought (CoT), Few-Shot,
and Perspective-Taking Prompts, as well as certain external tools, can
significantly alter a model’ s score on ToM benchmarks [?, ?]. Simi-
larly, the aforementioned Saritag et al. (2025) summarized prompting
frameworks such as SimToM, TimeToM, PercepToM, and SymbCoT.
The commonality among these methods is that they decompose the
mental state reasoning process—which the model would otherwise need to
complete autonomously—into several more explicit steps to improve task
performance.

7.3 MAFREF

(1) Direct Transfer Studies of Classical Perspective-Taking
Paradigms

Compared to other subfields, LLM research that purely replicates classical visual
perspective-taking tasks has not yet gained significant prominence. This may
be because classical visual perspective-taking requires the perception of spatial
positions, relies on visual visibility, and necessitates the analysis of body ori-
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entation and occlusion relationships within a scene. However, most text-based
LLMs can only process transcribed linguistic descriptions. Consequently, the
so-called “perspective-taking” in many studies is often intertwined with the ex-
traction of textual cues and spatial modeling, or is measured using autonomous
agents; neither of these aligns with our definition of direct measurement.

(2) Adapted and Extended Perspective-Taking Research

Jung et al. (2024) attempted to distinguish between the processes of infor-
mation acquisition and belief formation in LLMs by modifying classical belief
tasks. This study decomposed Theory of Mind (ToM) reasoning into two stages:
Perception Inference and Perception-to-Belief Inference. The former examines
whether a model can determine what a character sees or hears, while the lat-
ter examines whether the model can infer a character’ s beliefs based on their
perceptual state.

After testing models such as GPT-3.5 Turbo, GPT-4 Turbo, GPT-40, Claude
3 Haiku, Claude 3 Sonnet, and Gemini 1.0 Pro, the results indicated that mod-
els generally identify information perceived by characters effectively. However,
they struggle to consistently infer a character’ s beliefs from that perceived in-
formation. Specifically, they are highly susceptible to interference from factual
information about reality that the target character has not perceived [?]. This
study effectively distinguishes perspective-taking from belief reasoning, finding
that while the models’ perspective-taking abilities are sufficient, they frequently
falter at the step of transitioning from “information in another’s eyes”to “beliefs
in another’ s mind.”

In other words, within the framework of Theory of Mind capabilities, these
models exhibit sufficient perspective tracking but insufficient belief updating.

(3) Practical Tasks Based on Perspective-Taking Frame-
works

Verma et al. (2024) utilized a Perceived Behavior Recognition task within a
human-computer interaction scenario. The setup involved providing the model
with a robot’ s action plan or behavior description and then asking the model
whether a human observer would find the robot’ s behavior intelligible, pre-
dictable, goal-oriented, or intended to hide a true objective. Essentially, the
model is required to adopt the position of a human observer to judge how cer-
tain robotic behaviors would be interpreted by humans.

The researchers tested GPT-4 and GPT-3.5-turbo alongside a concurrent study
involving human subjects. The testing was conducted in two stages. First, under
standard conditions, the models were asked to directly judge which category a
robot’s behavior belonged to or whether it matched specific behavioral character-
istics based on the provided descriptions. Under these conditions, both GPT-4
and GPT-3.5-turbo performed at levels highly similar to humans [?]. The second
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stage introduced perturbation conditions, where researchers added information
that theoretically should not change the answer—such as task-irrelevant context,
belief descriptions conflicting with the original situation, or requiring the model
to maintain its judgment after it had already been given. The results showed
that all models became significantly unstable under these perturbations, sug-
gesting that their high scores in standard conditions do not necessarily stem
from robust second-order mental state judgments [?].

This research provides evidence from practical scenarios for the LLM-ToM lit-
erature, demonstrating that the stability of models in these reality-oriented
perspective-taking tasks is easily compromised by situational perturbations.

7.4 E3HIE

(1) Direct Transfer Studies of Classical False Belief and Higher-Order Belief
Paradigms. False belief and higher-order belief reasoning are the most
central sources of evidence in LLM-ToM research, aligning most closely
with classical psychological traditions.

Street et al. (2024) investigated the 2nd- to 6th-order ToM attribution capabil-
ities of LLMs using an Imposed Memory Task. This study covered everything
from classical second-order false beliefs to higher-order recursive beliefs, com-
paring LLM performance with that of 29,259 British adults. To rule out the
possibility that models simply excel at memorizing complex nested sentence
structures, the researchers also implemented corresponding 2nd- to 6th-order
factual statement questions. These required the models to determine the va-
lidity of multi-layered factual relationships (e.g., “The red box is next to the
blue box, the blue box is behind the green box, and the green box is under the
table. Is the statement ‘the red box is under the table’ true or false?” ) without
involving mental state terminology.

The researchers tested LaMDA, PaLM, Flan-PaLM, GPT-3.5 Turbo Instruct,
and GPT-4. Overall, GPT-4 reached the average adult level across 2nd- to 6th-
order tasks and even exceeded average adult performance on 6th-order ToM
tasks. Specifically, human accuracy was approximately 97.5% for factual ques-
tions and 90.4% for ToM questions; GPT-4 achieved approximately 94.3% on
factual questions and 88.6% on ToM questions; and Flan-PaLM reached ap-
proximately 93.8% on factual questions and 84.3% on ToM questions [?]. These
data indicate that ToM tasks incorporating a belief-understanding dimension
do indeed introduce additional difficulty. However, GPT-4" s near-adult perfor-
mance under these more challenging conditions suggests it possesses the capacity
to handle nested higher-order mental states in text-based belief reasoning tasks
[?]. With its comprehensive measurements and large-scale human baseline for
reference, this study provides highly robust evidence within the field of belief
reasoning.

(2) Adapted and Extended Belief Reasoning Research. In addition to the di-
rect transfer of classical paradigms, researchers have expanded false belief
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logic into larger-scale, more templated, and multilingual tasks.

Suzgun et al. (2025) constructed the KaBLE benchmark, consisting of 13 cate-
gories of epistemic tasks and approximately 13,000 questions, to test whether 24
mainstream LLMs could distinguish between belief, knowledge, and fact. The
researchers directly examined whether models could consistently judge the dif-
ferences between “someone believes X,” “someone knows X,” and “X is a fact.”
The results showed that while models performed relatively well on third-person
narrative false beliefs, they were significantly unstable in first-person narrative
conditions. For example, GPT-40" s accuracy dropped from 98.2% to 64.4%
between the two conditions, while DeepSeek R1 plummeted from over 90% to
14.4%—a common flaw in the new generation of models. This suggests that when
encountering false beliefs (believing something that is factually false), models
are still easily influenced by the factual dimension, tending to correct the false
proposition rather than recognizing that the speaker genuinely holds that erro-
neous belief [?].

Gandhi et al. (2023) proposed BigToM, which further subdivides the logic of
false belief tasks into three types of belief judgments. The first is Forward Be-
lief inference ( “What will the character believe after seeing this information?” ).
The second is Forward Action inference ( “How will the character act given these
beliefs and goals?” ). The third is Backward Belief inference ( “Given that the
character performed a certain action, what might they believe?” ). After estab-
lishing these three directions—from information to belief, from belief to action,
and from action back to belief—the researchers generated a large number of nar-
rative questions and compared the performance of five LLMs against 20 human
subjects in a forced-choice format. The results indicated that GPT-4 was the
model most closely resembling human reasoning patterns, followed by Claude
[?]. In Forward Belief inference, GPT-4 and Claude approached human levels,
while other models were more prone to failure. In Forward Action inference, only
GPT-4 slightly outperformed humans under false belief conditions, while other
models performed poorly. In the most difficult task, Backward Belief inference,
human performance also declined, but all models performed significantly below
the human average [?].

Similar to the previous study, by decomposing the reasoning process of belief
tasks, this research found that belief reasoning in LLMs is not a monolithic
capability but varies according to the direction of inference; furthermore, the
models tested at the time could only approach, but not yet truly reach, human
levels. Milicka et al. (2024) adopted a more innovative design using persona
prompting to have models simulate subjects of different ages, requiring the
models to adjust their performance on false belief tasks to match their assigned
persona. After testing GPT-3.5-turbo and GPT-4, they compared the models’
performance with actual child development curves from developmental psychol-
ogy research and meta-analyses [?, ?]. The consensus in these developmental
studies is that children generally fail around age 3, show significant improve-
ment after age 4, and reach maturity by ages 5-6. The results showed that
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GPT-4 s simulations closely mirrored real child development curves, although
it occasionally produced excessively high accuracy when portraying a 3-year-old
[?]. This study holds methodological significance, as persona prompting can
indeed examine a model’ s ability to simulate a target’ s mental state to some
extent. However, such testing remains an indirect measure, and results may be
influenced by external factors such as the model’ s knowledge base, thus the
strength of the evidence remains limited.

Sadhu et al. (2024) constructed Multi-ToM based on a subset of ToMBench,
covering English, Arabic, French, Hindi, Bengali, Russian, and Chinese. The
tasks include false belief, implication, strange stories, social faux pas, and non-
verbal communication [?]. Chan et al. (2025) also proposed XToM, extending
comprehensive belief tasks such as ToMi, FANToM, and NegotiationToM to
multilingual scenarios to examine whether LL.Ms can consistently perform men-
tal state reasoning across different languages [?]. Additionally, Unliitabak and
Bal (2025) measured first- and second-order false belief tasks in both English
and Turkish using GPT-3.5 and GPT-4. Their results showed that the models’
strong performance on standard English tasks did not transfer to the Turkish
context [?]. Collectively, these studies indicate that LLM performance under
multilingual ToM assessments is jointly influenced by translation quality, the
linguistic resources available during training, and cultural context [?, ?]. This
suggests that current mainstream LLMs, primarily trained on English corpora,
still exhibit language dependency in belief reasoning.

7.5 IRV

1. Direct Transfer Studies of Classical Social Cognitive
Paradigms

Holl-Etten et al. (2025) utilized three classical social cognitive paradigms—the
Faux Pas Recognition Test, the Social Stories Questionnaire, and the Story
Comprehension Task—to evaluate the performance of GPT-3.5 Turbo and GPT-
4 in processing complex social information under both English and German
language conditions.

The performance of Large Language Models (LLMs) on social short stories has
been a subject of rigorous investigation. Researchers strictly followed original
testing manuals for scoring, with evaluations conducted by two independent
raters who maintained high inter-rater reliability. Results indicate that GPT-4
demonstrates strong overall performance in interpreting complex social narra-
tives. It is capable of not only identifying whether a character has said some-
thing inappropriate but also frequently providing correct explanations for why
the statement was unsuitable, the speaker’ s underlying motivations, and the po-
tential emotional impact on the offended party. In contrast, GPT-3.5 exhibited
significantly more errors in these areas, showing particular weakness in tasks
requiring the comprehension of social faux pas, implicit intentions, and non-
verbal cues [?, ?]. By utilizing both English and German materials, the study
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tested whether the models were merely familiar with original English tasks or
overly dependent on English training data; the findings confirmed that GPT-4
performed robustly across both languages [?, ?].

Furthermore, Holl-Etten et al. (2025) observed that while GPT-4" s answers
often received high scores, the model frequently employed hedging language and
uncertainty markers such as “possibly,” “maybe,” or “probably.” This observation
is critical for practical applications, as it suggests that a model’ s ability to
provide a correct answer for scoring purposes does not necessarily guarantee it
can deliver social insights in a stable, clear, or user-appropriate manner.

In comparison, the study by Strachan et al. (2024) featured a larger experimental
scale, although it utilized older model versions. The researchers employed five
categories of classic Theory of Mind (ToM) tasks to compare the performance of
GPT-4, GPT-3.5, and LLaMA2-70B-Chat against a human sample of 1,907 par-
ticipants. These five categories included four social cognitive paradigms: irony
comprehension, hint tasks, strange stories, and social faux pas recognition. To
mitigate the possibility of the models relying on direct memorization of origi-
nal test items, the authors generated new materials for several of the publicly
available tasks.

The results indicate that GPT-4 exhibits the strongest overall performance,
reaching or exceeding human-level proficiency in tasks involving irony compre-
hension, indirect hints, and strange stories. GPT-3.5 followed as the second-best
performer, while LLaMA2-70B-Chat showed comparatively weaker results [?, ?].
Notably, GPT-4 initially performed below human levels in social faux pas tasks;
however, subsequent controlled experiments revealed that this failure was par-
tially attributable to the specific phrasing of the questions and the model’ s
inherently conservative default response strategies [?, ?]. This highlights that
Large Language Model (LLM) judgments regarding social norms are highly sen-
sitive to the framing and elicitation methods used in the prompts.

2.2 Adapted and Expanded Research on Broad Mental State Attri-
bution

Jones et al. (2024) introduced a comprehensive benchmark named EPITOME,
which compares human performance against five models from the GPT-3 series,
utilizing GPT-3 text-davinci-002 for their primary analysis. This integrated
benchmark comprises six categories of Theory of Mind (ToM) tests, encompass-
ing second-order false belief and higher-order belief reasoning. It also includes
social cognitive tasks such as short story comprehension, “Strange Stories,”
and the interpretation of indirect requests. To ensure a rigorous comparison,
the authors identified human baseline data from previous studies for each task
category.

The results indicate that the performance of the GPT-3 series models is in-
consistent across different ToM tasks. While the models approach human-level
performance in certain story comprehension and lower-order belief tasks—and
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even surpass humans in short story reasoning—they lag significantly behind in
higher-order belief reasoning, the understanding of indirect requests, and social
semantic judgments [?]. However, as previously noted, we have observed that-

Subsequently, GPT-4 achieved significant breakthroughs in high-order belief
reasoning and various social cognitive tasks [?, 7, 7, ?].

Tong et al. (2026) proposed a comprehensive Theory of Mind (ToM) assessment
framework called CogToM, which comprises 46 task paradigms categorized into
7 core abilities and 36 sub-abilities. While these tasks are derived from es-
tablished research in the field of psychology, our study focuses specifically on
the more classic paradigms within this set. After evaluating 22 representative
Large Language Models (LLMs), the researchers observed highly uneven per-
formance across different models. On one hand, the rapid evolution of these
models is evident: early models, such as the Llama-2 series, exhibited low aver-
age scores, whereas more recent frontier models like Qwen3-Max and GPT-5.1
have achieved scores exceeding 80% (Tong et al., 2026).

On the other hand, model progress has been concentrated within specific task
types. For instance, performance on traditional false-belief tasks has nearly
reached saturation, with many powerful models achieving high scores. Models
also demonstrate a strong proficiency in utilizing textual cues to answer tasks
involving the judgment of emotions, intentions, and non-verbal communication
(Tong et al., 2026). In contrast, tasks involving spatial perspective-taking and
inferring beliefs from perception remain significant weaknesses. This latter find-
ing aligns with the results reported by Jung et al. (2024), suggesting that these
areas represent genuine bottlenecks in current model evolution.

Li et al. (2025) presents a comprehensive study that evaluates Large Language
Models (LLMs) through a psychometric framework. The researchers assessed
five distinct psychological dimensions: personality, values, emotions, Theory
of Mind (ToM), and motivation. The study tested nine mainstream LLMs,
including GPT-3.5-Turbo, GPT-4, GLM4, Qwen-Turbo, Mistral-7B, Mixtral
8$x$22B, and Llama3-70B.

Within the ToM sub-module, Li et al. (2025) utilized three specific categories
of tasks: False Belief tasks, Strange Stories tasks, and Imposing Memory tasks.
The results indicated that while GPT-4 and Llama3-70B demonstrated overall
superior performance, significant variations were observed across different tasks
[7].

It is noteworthy that researchers have introduced minor perturbations to these
classic tests to examine the stability of the results. For instance, they inves-
tigated whether models would still select the same answer after changing the
position of options in multiple-choice questions, or whether results remained
consistent after replacing character names and genders. The results most signif-
icantly affected were multiple-choice Theory of Mind (ToM) tasks, particularly
those involving false beliefs and imposed memory. Because both types of tasks
require the model to select an answer from a given set of options, the position
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of the options, their order, and surface-level paraphrasing ultimately directly
influenced whether the model maintained a consistent judgment [?, ?]. This
study serves as a reminder that the interpretability of ToM scores can change
significantly depending on whether the question format is prone to inducing
positional bias or framing effects. Consequently, the stability of the scoring
method determines whether the results are truly robust.

3. Practical Tasks Based on a Comprehensive ToM Framework

Salmani-Zarchi et al. (2025) investigated whether models could simulate The-
ory of Mind (ToM) performance corresponding to different levels of autism
support requirements based on specific prompts. To achieve this, the authors
constructed approximately 500 multiple-choice questions encompassing 11 dis-
tinct categories of ToM tasks. This framework provides comprehensive coverage
of paradigms related to perspective-taking, belief reasoning, and social cognition.
In this study, researchers tasked the models with adopting the personas of neu-
rotypical individuals as well as individuals across varying levels of the autism
spectrum to evaluate their behavioral consistency and simulation accuracy.

Individuals with subclinical autistic traits and those diagnosed with ASD Levels
1-3 according to the DSM-5 will be examined to determine whether the models
exhibit distinguishable gradients in terms of question accuracy, response length,
and the stylistic use of mental state terms. The models selected for testing
include GPT-40, Gemini-1.5-Pro, as well as the Llama, Gemma, Qwen, and
DeepSeek series. The primary human benchmarks for this study are derived
from diverse population data documented in existing clinical literature.

The results revealed that GPT-40 achieved the highest overall accuracy. Along
with Gemini-1.5-Pro, it successfully simulated a progressive decline in perfor-
mance across ASD Level 1, Level 2, and Level 3 profiles. These performance
differences were primarily observed in more complex tasks, such as Strange Sto-
ries, Social Faux Pas, and Unexpected Content False Belief tasks [?, ?]. In
contrast, smaller open-source models struggled to significantly distinguish be-
tween the different diagnostic profiles under baseline conditions. Furthermore,
the researchers discovered through fine-tuning that a model’ s alignment strat-
egy significantly influences simulation outcomes: models more heavily biased
toward providing helpful and standardized responses are more likely to flatten
the nuanced differences between various ASD levels [?, 7].

This research holds significant practical implications for clinical training.
For instance, it could be utilized in the future to develop virtual clients or
neurodiversity-sensitive Al assessment materials. Such tools would assist
trainees in practicing clinical interactions with patients who require varying
levels of support. However, it is important to note that the ASD profiles
simulated by the model are highly dependent on specific role-playing prompts
and alignment methods. Consequently, practical applications will require
the design of standardized prompting templates to ensure consistency and
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7.6 LIEEICTMREETEN

Overall, research into Theory of Mind in Large Language Models (LLM-ToM)
has evolved from early studies focused on simple false-belief tasks into a com-
prehensive field covering perspective-taking, belief reasoning, and broad social
cognition. Current evidence indicates that newer LLMs can achieve high scores
across many classic ToM tasks. Specifically, in areas such as text-based false
belief, higher-order belief nesting, irony comprehension, understanding implica-
tions, and identifying social faux pas, some models have even approached or
exceeded human baselines [?, 7, 7, 7, 7, ?]. These findings suggest that LLMs
possess robust capabilities for processing social-contextual text and can generate
responses consistent with ToM logic in many standardized tasks.

However, from the perspective of psychological research, the high scores achieved
by these models must be interpreted with caution. Most current tasks center
on static text, third-person narratives, and standardized answers; consequently,
they measure the stability of model performance within specific question for-
mats rather than providing direct proof that models possess human-like men-
tal state representation mechanisms. Models continue to exhibit significant
instability, particularly in tasks involving inferring beliefs from perception, re-
verse belief inference, multilingual transfer, sensitivity to prompt perturbations,
and real-world interaction scenarios. Furthermore, the ToM performance of
LLMs remains subject to the collective influence of task type, linguistic envi-

ronment, prompting methods, scoring formats, and model alignment techniques
[7,72,7,7].

2024;

Y. Li et al., 2024; Sadhu et al., 2024; Salmani-Zarchi et al., 2025; Suzgun et al.,
2025; Unliitabak & Bal, 2025; Verma et al., 2024),

We believe that, on the one hand, the rapid progress of models within classical
Theory of Mind (ToM) paradigms should be acknowledged, as this provides
new research tools for social cognitive measurement, educational training, and
human-computer interaction. On the other hand, future research must advance
in directions such as dynamic interaction, multimodal contexts, cross-cultural
linguistics, robustness testing, and the interpretation of internal mechanisms.
Only through such efforts can we more accurately determine whether Large
Language Models (LLMs) are truly performing Theory of Mind tasks or are
merely simulating ToM-like behavioral patterns within specific textual environ-
ments.

8 I FHRHIERIT(L

Based on a systematic review, this study further conducted re-evaluations and
minor perturbation tests on several representative studies. The reproducibility
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tests covered 10 papers, while the minor perturbation tests covered 4 papers.
All re-tests were performed using ChatGPT-5.4 without the “thinking mode”
enabled. Except for the change in model version, all other experimental con-
ditions followed the original settings as closely as possible. Due to the large
volume of testing content, only brief conclusions are reported in the main text;
detailed data are provided in the experimental reports in the Appendix.

In the domain of creative thinking, this study re-evaluated three papers. We
tested the egg-drop experiment, divergent association tasks (DAT), alternative
uses tasks (AUT), and creative connection tasks such as the Only Connect Wall.
The results indicate that GPT-5.4 can generate a greater number of answers
and cover a wider range of idea categories; its performance improves significantly
when creativity is explicitly requested. For instance, in the egg-drop experiment,
it covered all 10 categories of solutions; in the DAT, it reached a high human
percentile under the “aware” condition; and in the AUT, originality scores for
“creative prompts” were higher than those for “practical prompts.” While GPT-
40 in the original literature already demonstrated strong generative capabilities,
it tended to cluster around conventional solutions. Compared to GPT-40, GPT-
5.4 exhibits a broader expansion range and a decreased proportion of fixed paths,
suggesting a better ability to move beyond common answers. However, it still
lacks the ability to consistently judge which answers are more creative, and it
remains inferior to humans under the original misleading conditions of the Only
Connect Wall. Therefore, updates in creative tasks are primarily reflected in
the increased breadth of generated content, while understanding, filtering, and
deep connection of creativity remain limited.

In the field of Theory of Mind (ToM), this study re-evaluated two papers. We
tested the ToMi structured story task, the FANToM multi-party conversation
task, and the BigToM social reasoning task, focusing on whether the model
could judge what characters know, what they believe, and how they will act.
The results show that GPT-5.4 performs exceptionally well in clearly structured
story tasks, achieving an overall accuracy of 92.7% on ToMi, with particularly
stable performance on false-belief questions. In the FANToM multi-party con-
versation task, its direct responses were stronger than those of previous models;
in BigToM, it showed high performance in forward belief and forward action
reasoning. While GPT-40 in the original literature possessed some capability
in simple ToM tasks, it was weak in multi-party conversations and complex
false-belief tasks, often requiring additional methods like PercepToM to extract
character perspectives.

The direct responses of GPT-5.4 have already surpassed the “vanilla”condition of
GPT-4o reported in the original literature, and on ToMi, they even exceeded the
results of GPT-40 combined with PercepToM. However, performance remains
unstable under the FANToM error-belief and BigToM reverse-belief reasoning
conditions. We can conclude that the new model’ s belief tracking in simple
stories has significantly improved, but it still faces difficulties in multi-party
conversation scenarios and in inferring beliefs backward from actions.
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In memory metacognition tasks, we tested whether the model’ s Judgments
of Learning (JOL) for garden-path sentence pairs could truly predict memory
difficulty. The results indicate that while GPT-5.4 can identify the presence
or absence of semantic relationships between sentences, it fails to use this in-
formation to infer that a sentence will be easier to remember. Compared to
the original literature, this continues a problem seen in earlier models: while
human memorability judgments can predict subsequent memory performance,
GPT-40 could not. Although GPT-5.4 demonstrates a better understanding of
the relationships between materials, this does not yet indicate that it possesses
human-like memory monitoring capabilities.

In analogical reasoning tasks, we tested whether the model could still grasp the
same abstract relationships when encountering letter changes, symbol substi-
tutions, matrix format variations, and story rewrites. The results show that
GPT-5.4 has made significant progress in these tasks, particularly in letter
analogies and numerical matrix tasks, where it is no longer easily distracted
by surface-level format changes.

Compared to the original literature, where GPT-4" s performance often declined
due to changes in gap positions, material formats, or answer sequences, GPT-5.4
is much more stable in these areas. This suggests that its analogical transfer
capability is stronger than that of previous models. However, fluctuations still
occur when a problem requires processing multiple symbolic rules simultaneously
or when the order of options in story analogies is altered.

In problem-solving tasks, we tested the model’s ability to learn through feedback,
utilize probabilistic information, and adjust strategies after rule changes. The
results show that GPT-5.4 performs strongly in these tasks: it can gradually
avoid choices with poor long-term returns, select more advantageous options
based on probabilities, and continue to correct its answers after rules change.

Compared to the original literature, this result largely continues the characteris-
tics of earlier LLMs, where models often achieve high scores and even approach
optimal strategies more closely than humans. The new development is that
GPT-5.4’ s tendency toward optimization is even more pronounced. Especially
in risky decision-making, it behaves more like it is consistently pursuing max-
imum returns, rather than adjusting bets based on risk perception as humans
do.

In anchoring effect tasks, we tested whether the model’ s estimates would be in-
fluenced by cues provided earlier in the prompt. The results show that GPT-5.4
is relatively stable regarding irrelevant numbers but is still influenced by anchors
containing semantic content. Compared to the original literature, the degree to
which it is affected by semantic anchoring has decreased, suggesting that the
new model has improved resistance to such cues. In terms of purely numerical
anchoring, its performance is similar to the GPT-40 reported in the original
literature, indicating no particularly significant change in this area. Overall,
GPT-5.4 has not completely escaped the anchoring effect; it is simply less likely
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to be misled by pure numbers.

In the minor perturbation tests, this study examined whether the model re-
mained stable when faced with slight rewrites across four categories of tasks. We
applied minor perturbations—including rewriting questions, adjusting sequences,
changing material formats, or adding distracting information—to tasks involving
verbal creativity, working memory and executive function, neurocognition, and
high-order Theory of Mind. The results found that GPT-5.4 maintained high
performance across most perturbed tasks: the average total score for verbal
creativity perturbations was 81.97/100, the revised accuracy for working mem-
ory and executive function was 92.86%, neurocognitive perturbations reached
88.46%, and high-order Theory of Mind perturbations achieved 20/20. Errors
were primarily concentrated in tasks such as operation span, n-back, and spatial
working memory, all of which require the model to retain previous information
while simultaneously updating its current state. While earlier studies often
found LLMs to be sensitive to phrasing changes, order variations, and surface
formats, these results indicate that GPT-5.4 is more stable against general lin-
guistic rewrites and less prone to being misled by minor cues. At the same time,
the model’ s tendency to make errors during the continuous maintenance of in-
ternal states persists; the manifestation of this issue has shifted from sensitivity
to perturbations toward instability in dynamic memory, positional updating,
and distributional reasoning.

9 ititE45Eie

Through a systematic review and re-evaluation, this study extensively delineates
the boundaries of Large Language Models’ (LLMs) capabilities within classical
cognitive psychology paradigms. The superior performance of LLMs across
various cognitive domains coexists with significant vulnerabilities, revealing a
discrepancy between high scores at the behavioral performance level and the
actual possession of underlying cognitive mechanisms.

The success of LLMs in standardized tests—such as creative association, de-
ductive reasoning, and Theory of Mind—demonstrates that networks trained
on massive text corpora can highly simulate human response patterns within
specific contexts. However, this superficial similarity often masks structural
deficiencies in complex, dynamic tasks. In tasks requiring continuous updates
to working memory, resistance to mental sets, and the processing of multiple
social interactions, models often struggle to maintain a coherent cognitive state.
The anchoring and framing effects exhibited by models in cognitive bias tasks,
along with the strategic fixation observed in practical scenarios such as medical
or psychometric testing, further illustrate that their judgment processes rely
heavily on superficial textual features.

Psychological theoretical frameworks provide valuable tools for evaluating com-
plex intelligent systems, yet they also face challenges regarding conceptual va-
lidity. When classical psychological tasks are directly transferred to language
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models, the measurement results are often confounded by language comprehen-
sion abilities and task-specific framing factors, due to the lack of embodied
interaction and multimodal feedback within a real physical environment.

Future research in the psychology of artificial intelligence must develop dynamic,
interactive measurement paradigms specifically designed for language models.
Furthermore, evaluations must strictly distinguish between a model’ s alignment
with specific rhetorical logic and its actual computational processes.

From a practical application perspective, the instability exhibited by LLMs
in perspective-taking and belief reasoning serves as a clear warning for high-
sensitivity fields such as human-computer collaboration and clinical assistance.
Models find it difficult to stably track a user’ s deep intentions or revise pre-
vious erroneous hypotheses across multiple interactions. When handling tasks
that require refined social cognition—such as clinical diagnosis, psychological
counseling, or social

education—they may generate suggestions that appear plausible but lack sub-
stantive empathy and logical support. Researchers and developers must confront
this imbalance in capabilities and establish rigorous boundary testing and safety
monitoring mechanisms during application deployment.

In summary, while Large Language Models exhibit highly human-like cognitive
behaviors, they have yet to show signs of possessing deep cognitive structures
isomorphic to those of humans. The continuous scrutiny of LLM cognitive
abilities will prompt the fields of cognitive science and artificial intelligence
to further clarify the nature of intelligence, driving the development of more
explanatory and robust artificial intelligence systems.
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Artificial Theory of Mind in Large Language Models: Evi-
dence, Definition, and Challenges

Theory of Mind (ToM) refers to the cognitive ability to understand and infer the
mental states of oneself and others, such as beliefs, desires, and intentions. This
capacity is fundamental to human social interaction and communication. With
the rapid advancement of Large Language Models (LLMs), researchers have
begun to explore whether these artificial systems possess a similar capability,
often termed “Artificial Theory of Mind” (AToM).

1. Evidence for Theory of Mind in LLMs

Recent empirical studies have provided preliminary evidence suggesting that
LLMs may exhibit behaviors consistent with Theory of Mind. Researchers have
primarily utilized classic psychological paradigms, such as the False Belief Task,
to evaluate these models.

[Figure 1: see original paper]

Initial testing indicated that advanced models, particularly those in the GPT-4
family, could successfully pass complex ToM tasks that were previously thought
to be unique to humans. For instance, when presented with scenarios where a
character holds a mistaken belief about the location of an object, these models
can accurately predict the character’ s behavior based on that false belief rather
than the actual state of the world. Furthermore, LLMs have demonstrated the
ability to recognize social faux pas, understand irony, and infer indirect speech
acts, all of which require a degree of mental state attribution.

2. Defining Artificial Theory of Mind

Despite the impressive performance of LLMs on standardized tests, the defini-
tion of Artificial Theory of Mind remains a subject of intense debate. Unlike
human ToM, which is rooted in biological evolution and embodied experience,
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AToM in LLMs emerges from statistical regularities in vast amounts of text
data.

We define Artificial Theory of Mind as the functional capacity of an Al system
to represent and reason about mental states to predict or explain behavior. It is
crucial to distinguish between “functional” ToM—the ability to solve ToM-related
tasks—and “phenomenological” ToM, which would imply an internal subjective
experience of understanding. Current evidence supports the existence of func-
tional AToM in LLMs, while the question of internal representation remains an
open research frontier.
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