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Large Language Models and Cognitive 
Science: A Comprehensive Review of 
Similarities, Differences, and Challenges

Graphical abstract

Highlights

•	 LLMs achieve human-level word prediction performance (r = 0.79) and 
demonstrate neural representation alignment with brain imaging (fMRI/
MEG) data, thus suggesting shared computational principles in language 
processing.

•	 Critical differences persist between LLMs and human cognition: LLMs 
lack embodied grounding, show fragile out-of-distribution generalization, 
and exhibit task-dependent conceptual representations, unlike the coherent 
structures observed in humans.

•	 The symbol grounding problem remains a fundamental challenge. LLMs 
learn meanings from statistical co-occurrence patterns rather than senso-
rimotor experience, thus prompting questions regarding genuine language 
understanding.

•	 Integration of LLMs with cognitive architectures (Soar or ACT-R) offers 
promising approaches for creating more robust AI systems that combine 
neural flexibility with structured reasoning.

•	 Biomedical applications emerge at this intersection, including LLM-based 
cognitive assessment tools, brain-computer interfaces, and computational 
models for understanding neurological conditions.
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In brief

This comprehensive review exam-
ines the intersection of large language 
models (LLMs) and cognitive science, 
and systematically analyzes similari-
ties and differences between artificial 
and human cognition across multiple 
domains including language process-
ing, reasoning, memory, and causal 
inference. We evaluate methods for 
assessing LLMs’ cognitive capabili-
ties, discuss their potential as cognitive 
models, and identify key challenges 
and future research directions for 
advancing both AI development and 
the understanding of human cognition.
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Introduction

The emergence of large language models 
(LLMs) has sparked a revolution in arti-
ficial intelligence (AI), and challenged 
understanding of machine cognition and 
its relationship to human cognitive pro-
cesses. As these models demonstrate 
increasingly sophisticated capabilities in 
language processing, reasoning, and prob-
lem-solving, they have become a focal 
point for cognitive scientists seeking to 
unravel the mysteries of human cogni-
tion. This intersection between LLMs 
and cognitive science has given rise to a 
new frontier of research offering unprece-
dented opportunities to explore the nature 
of intelligence, language, and thought.

The relationship between LLMs and 
cognitive science is multifaceted and bidi-
rectional. The study of human cognition 
has a rich theoretical foundation, from early 
proposals about modular cognitive systems 
[1] to unified theories attempting to explain 
cognition as a coherent system [2]. On the 
one hand, insights from cognitive science 

have informed the development and evalu-
ation of LLMs, and inspired new architec-
tures and training paradigms aimed at more 
closely mimicking human cognitive pro-
cesses. On the other hand, the remarkable 
performance of LLMs on various cognitive 
tasks has prompted researchers to reevalu-
ate existing theories of cognition and con-
sider new perspectives on how intelligence 
emerges from complex systems.

This review is aimed at providing a com-
prehensive overview of the current state of 
research at the intersection of LLMs and 
cognitive science. We explore the similar-
ities and differences between LLMs and 
human cognitive processes, and examine 
how these models perform in tasks tradi-
tionally used to study human cognition. 
We also examine the methods developed 
for evaluating LLMs’ cognitive abilities, 
and highlight the challenges and opportu-
nities in assessing AI through the lens of 
cognitive science. Furthermore, we inves-
tigate the potential of LLMs to serve as 
cognitive models, including a discussion 
of their applications in various domains of 
cognitive science research and the insights 
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Abstract

This comprehensive review explores the intersection between large language models (LLMs) and cogni-
tive science, by examining similarities and differences between LLMs and human cognitive processes. We 
analyze methods for evaluating LLMs’ cognitive abilities and discuss their potential as cognitive models. 
This review covers applications of LLMs in various cognitive fields and highlights insights gained for cog-
nitive science research. We assess cognitive biases and limitations of LLMs, along with proposed methods 
for improving their performance. The integration of LLMs with cognitive architectures is examined, thus 
revealing promising avenues for enhancing artificial intelligence (AI) capabilities. Key challenges and future 
research directions are identified, emphasizing the need for continued refinement of LLMs to better align 
with human cognition. This review provides a balanced perspective on the current state and future potential 
of LLMs in advancing understanding of both AI and human intelligence.
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that they provide into human cognition. This review also 
addresses the cognitive biases and limitations of LLMs, and 
discusses ongoing efforts to improve their performance and 
increase their alignment with human cognitive processes. We 
further examine recent developments in this area, and dis-
cuss the potential synergies and challenges that arise from 
combining these approaches.

In contrast to several recent surveys that have examined 
LLMs from technical perspectives or narrowly focused 
on specific cognitive capabilities, this review provides an 
integrative analysis that bridges AI and cognitive science, 
with particular emphasis on biomedical and neuroscientific 
implications. Unlike prior surveys addressing the engineer-
ing aspects of LLMs or their performance on isolated cog-
nitive benchmarks, we synthesize findings across cognitive 
domains as diverse as language processing and reasoning, 
memory, and decision-making, then explicitly connect these 
insights to neuroimaging evidence and potential clinical 
applications. This interdisciplinary approach positions our 
review at the nexus of AI, cognitive psychology, and bio-
medical research, thereby offering a unique perspective into 
how LLMs can both inform and be informed by understand-
ing of the human brain.

As LLMs continue to evolve, and their capabilities expand, 
critically assessing their relationship with human cognition 
and their potential effects on cognitive science research will 
become increasingly important. This review offers a balanced 
and comprehensive examination of these issues by present-
ing insights into the current state of the field. It identifies key 
areas for future research, and discusses the challenges and 
opportunities at the exciting intersection of LLMs and cog-
nitive science. By bridging AI with cognitive science, this 
line of inquiry promises to deepen understanding of human 
cognition and inform the development of more sophisticated, 
ethical, and human-centric AI systems. This comprehensive 
critical examination highlights current achievements and 
further maps a path forward in this dynamic area of study.

Review methods

Search strategy

To ensure a comprehensive and systematic review, we con-
ducted an extensive literature search across multiple aca-
demic databases including Web of Science, Scopus, PubMed, 
Google Scholar, and arXiv. The search used combinations of 
keywords such as “large language models,” “cognitive sci-
ence,” “cognitive psychology,” “human cognition,” “neural 
language models,” “language processing,” and “artificial 
intelligence.” We focused on publications from 2020 to 
2025, to capture the rapid developments in LLMs since the 
emergence of transformer-based models.

Inclusion criteria

We included (1) peer-reviewed journal articles published 
in recognized journals in cognitive science, psychology, 

neuroscience, and AI; (2) proceedings from top-tier confer-
ences (such as NeurIPS, EMNLP, ECAI, ACL, and AAAI); 
(3) preprints from arXiv that have gained substantial atten-
tion in the research community (as measured by citation 
count and community engagement); and (4) studies explic-
itly addressing the relationship between LLMs and human 
cognitive processes.

Exclusion criteria

We excluded (1) studies focusing solely on technical 
improvements in LLMs without cognitive science implica-
tions; (2) non-English publications; (3) studies that did not 
provide empirical evidence or theoretical analysis relevant to 
LLM-cognition comparisons; and (4) duplicate publications 
or earlier versions of subsequently published work.

Data extraction and synthesis

From each of the included studies, we extracted information 
regarding: the specific LLMs evaluated, cognitive domains 
addressed, experimental paradigms used, quantitative per-
formance metrics (where available), and main conclusions 
regarding LLM-human cognitive alignment. This systematic 
approach yielded approximately 55 relevant publications 
that formed the foundation of this review. We synthesized 
the findings thematically, by organizing the literature around 
key cognitive domains and methodological approaches to 
facilitate comparison across studies.

Before proceeding, we must first clarify the key terms 
used throughout this review. We use “cognitive model” to 
refer to computational systems that can simulate, predict, or 
explain aspects of human cognitive processes, by following 
the cognitive science tradition in which models serve as tools 
for understanding the mind rather than necessarily replicat-
ing its mechanisms [3]. The term “understanding” is used 
operationally to denote the ability to appropriately respond 
to novel inputs in ways that reflect sensitivity to meaning, 
context, and pragmatic constraints, without making strong 
claims regarding whether such behavior implies phenomenal 
experience or “genuine” comprehension in a philosophical 
sense. Similarly, “reasoning” refers to the ability to draw 
inferences, make predictions, or solve problems that require 
combining multiple pieces of information in structured ways 
encompassing both deductive processes (drawing necessary 
conclusions from premises) and inductive processes (gener-
alizing from specific instances). We acknowledge that these 
terms carry substantial philosophical weight, and that the 
question of whether LLMs truly “understand” or “reason” 
remains deeply contested [4, 5]. Our usage is pragmatic and 
behavioral: we describe LLMs as exhibiting understanding 
or reasoning when their outputs meet human expectations 
for these capacities, whereas we remain agnostic regarding 
the underlying computational processes that generate such 
outputs.

Figure 1 provides an overview of the structure and 
scope of this review, illustrating the key themes and their 
interconnections.
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Comparison between LLMs and 
human cognitive processes

LLMs have revolutionized understanding of AI and its poten-
tial to mimic human cognitive processes. These models have 
demonstrated capabilities that resemble human cognition in 
tasks including language processing, sensory judgments, and 
reasoning. However, despite these similarities, fundamental 
differences exist between LLMs and human cognitive pro-
cesses and merit close examination. This section explores 
these similarities and differences, evaluates the methods used 
to assess LLMs’ cognitive abilities, and discusses the potential 
of LLMs as cognitive models. Comparing LLMs with human 
cognition enables understanding of the strengths and limita-
tions of these models in emulating human thought processes.

Similarities and differences between 
LLMs and human cognitive  
processes

LLMs have demonstrated remarkable capabilities in various 
cognitive tasks, often including human-like behaviors and 
performance. One key similarity is in the domain of language 
processing. LLMs can achieve human-level word prediction 
performance in natural contexts, thus suggesting a deep con-
nection between these models and human language process-
ing. Specifically, in a study by Goldstein et al. [6], GPT-2 
achieved a correlation of r = 0.79 with human cloze probabil-
ities in a naturalistic story-listening paradigm, thereby match-
ing the inter-subject reliability of human responses. LLMs 
have been demonstrated to represent linguistic information 
similarly to humans, thereby enabling accurate brain encoding 

and decoding during language processing [7]. This similar-
ity extends to the neural level, wherein larger neural language 
models exhibit representations that are increasingly similar to 
neural response measurements from brain imaging [8].

LLMs also demonstrate human-like cognitive effects in 
certain tasks. For example, GPT-3 exhibits priming, dis-
tance, Spatial-Numerical Association of Response Codes 
(wherein smaller numbers are associated with left-sided 
responses and larger numbers are associated with right-sided 
responses), and size congruity effects, which are well-doc-
umented phenomena in human cognition [9]. Additionally, 
LLMs show content effects in logical reasoning tasks similar 
to those in humans, particularly in challenging tasks such as 
syllogism validity judgments and the Wason selection task 
[10]. LLMs have been shown to capture aspects of human 
sensory judgments across multiple modalities. Marjieh et al. 
[11] have demonstrated that similarity judgments from GPT 
models correlate with human data across six sensory modal-
ities: pitch, loudness, colors, consonants, taste, and timbre. 
Therefore, LLMs can extract perceptual information from 
language alone.

However, differences also exist between LLMs and human 
cognitive processes. Humans generally outperform LLMs 
in reasoning tasks, particularly with out-of-distribution 
prompts, and demonstrate greater robustness and flexibil-
ity [12]. In contrast, LLMs struggle to emulate human-like 
reasoning when faced with novel and constrained prob-
lems, thus indicating limitations in their ability to general-
ize beyond their training data. Lamprinidis [13] has found 
that LLMs’ cognitive judgments are not human-like in lim-
ited-data inductive reasoning tasks and show higher errors 
than Bayesian predictors. Therefore, LLMs might not model 
the basic statistical principles that humans use in everyday 
scenarios as effectively as previously believed.

Figure 1  Overview of the review framework. The central theme explores the intersection of large language models and cognitive science, 
with arrows indicating the main topics covered and dashed lines showing the logical flow of the review.
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Recent developments in LLM architecture have begun 
to address these reasoning limitations through approaches 
that parallel the distinction between system 1 (fast, intu-
itive) and system 2 (slow, deliberate) thinking in human 
cognition [14]. Traditional LLMs operate predominantly 
in a system 1-like mode, by generating responses through 
rapid pattern matching without explicit deliberation. In 
September 2024, OpenAI introduced the o1 model series 
specifically designed to engage in extended “thinking” 
before responding [15]. The o1 model uses reinforcement 
learning to develop internal chains of thought, spends more 
time on difficult problems, and exhibits behaviors such as 
self-correction and strategy exploration. Empirical eval-
uations have demonstrated remarkable improvements. 
In challenging mathematics examinations, o1-preview 
achieved near-perfect scores (76/76 and 74/76), substan-
tially outperformed GPT-4o (which scored 66 and 62), 
and exceeded the performance of nearly all human test- 
takers [16]. This “test-time compute” approach, wherein 
models allocate more computational resources during infer-
ence for harder problems, represents a qualitative shift in 
LLM capabilities and has major implications for cognitive 
science. The findings suggest that system 2-like delibera-
tive reasoning can emerge from training objectives that 
reward extended thinking, and offer potential insights into 
how humans might develop and deploy deliberative strat-
egies. However, whether o1’s internal reasoning processes 
truly parallel human system 2 cognition or merely simulate 
its behavioral signatures through fundamentally different 
mechanisms remains an important open question.

Prior seemingly contradictory findings between Marjieh 
et al. [11], who showed human-like sensory judgments, and 
Lamprinidis [13], who demonstrated non-human-like induc-
tive reasoning, may be reconciled by considering the nature 
of the tasks involved. Marjieh et al. [11] focused on percep-
tual similarity judgments, which might rely more heavily on 
statistical regularities in language that LLMs can effectively 
capture. In contrast, Lamprinidis [13] examined limited-data 
inductive reasoning, which requires extrapolation beyond 
observed patterns—a capability that might critically depend 
on structured prior knowledge that humans possess but LLMs 
lack. This distinction suggests that LLMs’ alignment with 
human cognition is domain-specific: LLMs excel in tasks that 
can be solved through pattern matching over large corpora but 
struggle when tasks require the flexible, hypothesis-driven 
reasoning characterizing human inductive inference.

Moreover, although LLMs exhibit near-human-level formal 
linguistic competence, they show patchy performance in func-
tional linguistic competence [17]. Therefore, LLMs may excel 
in surface-level language processing yet struggle with deeper, 
context-dependent understanding and reasoning. Another nota-
ble difference is in the memory properties of LLMs compared 
with human memory. Although LLMs exhibit some human-
like memory characteristics, such as primacy and recency 
effects, their forgetting mechanisms and memory structures 
differ from human biological memory [18]. Suresh et al. 
[19] have found that human conceptual structures are robust 
and coherent across tasks, languages, and cultures, whereas 
LLMs produce conceptual structures that vary depending on 
the task used to generate responses. This finding highlights 

a fundamental difference in the stability and consistency of 
conceptual representations between humans and LLMs.

A deeper theoretical issue underlying these differences 
is the symbol grounding problem originally articulated 
by Harnad [20]. The problem asks: How can the meanings 
of symbols in a formal system be grounded in something 
other than more symbols? For humans, linguistic symbols 
are grounded in sensorimotor experiences. For example, the 
word “red” is connected to actual experiences of seeing red 
objects, feeling warmth, and other embodied interactions 
with the world. In contrast, LLMs learn meanings purely 
from statistical co-occurrence patterns in text corpora; the 
meaning of “red” for an LLM is constituted by its distribu-
tional relationships with other words (e.g., “color,” “blood,” 
or “stop sign”) rather than any perceptual experience. This 
aspect prompts a fundamental question regarding whether 
LLMs can genuinely “understand” language or merely 
manipulate symbols according to learned patterns, thus ech-
oing Searle’s Chinese room argument [5]. Some research-
ers argue that the rich statistical structure of language itself 
might provide sufficient grounding for many cognitive tasks, 
because linguistic descriptions encode distilled knowledge 
of physical and social interactions accumulated across 
human cultures [21]. Others maintain that truly human-like 
cognition requires embodied grounding that text-only mod-
els cannot achieve. The emergence of multimodal LLMs 
that process both text and images offers a partial bridge with 
potential to ground linguistic representations in visual expe-
rience. However, whether visual grounding alone, without 
the ability to act upon and interact with the physical world, 
can fully address the symbol grounding problem remains 
an open question with extensive implications regarding the 
validity of LLMs as cognitive models.

Figure 2 provides a systematic visual comparison of LLMs 
and human cognition, highlighting the unique characteristics 
of each system alongside their shared behavioral patterns. 
Synthesis of the findings revealed several critical research 
gaps. First, although LLMs have demonstrated remarkable 
performance on standardized cognitive tasks, their success 
often heavily depends on task format and prompt engineer-
ing; therefore, the robustness of these capabilities has been 
called into question. Second, the field lacks systematic stud-
ies directly comparing LLMs and humans in identical exper-
imental paradigms under matched conditions. Third, most 
existing comparisons have focused on behavioral outcomes 
rather than underlying processes, thus leaving open the ques-
tion of whether similar performance implies similar cognitive 
mechanisms. These gaps highlight the need for more rigorous, 
process-oriented approaches to LLM-human comparisons 
that transcend surface-level behavioral matching.

Methods for evaluating LLMs’  
cognitive abilities
Researchers have developed multiple methods to evaluate 
the cognitive abilities of LLMs, often by drawing inspiration 
from cognitive science and psychology. These methods are 
aimed at comprehensively assessing LLMs’ capabilities and 
limitations in comparison to human cognition (Figure 3).
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One prominent approach uses cognitive psychology 
experiments adapted for LLMs. For example, CogBench, a 
benchmark comprising ten behavioral metrics from seven 
cognitive psychology experiments, has been developed to 
systematically compare LLM performance across various 
cognitive tasks [22]. Another method uses neuroimaging 
data to compare LLMs representations with human brain 
activity. Functional magnetic resonance imaging (fMRI) 
and magnetoencephalography (MEG) recordings have been 
applied to analyze the similarities between LLM activa-
tions and brain responses during language processing tasks 
[23]. This approach provides insights into the neural-level 
similarities and differences between LLMs and human 
cognition.

Researchers have also adapted traditional psychological 
tests for use with LLMs. For example, cognitive reflection 
tests and semantic illusions have been used to evaluate 
the reasoning capabilities of LLMs [24]. These tests help 
reveal the extent to which LLMs exhibit human-like biases 
and reasoning patterns. Additionally, methods from devel-
opmental psychology have been proposed to understand 
the capacities and underlying abstractions of LLMs [25]. 
These approaches focus on testing generalization to novel 
situations and using simplified stimuli to probe underlying 
abstractions.

To provide more comprehensive evaluation tools, Zhang et 
al. [26] have introduced MulCogBench, a multi-modal cog-
nitive benchmark dataset for evaluating Chinese and English 
computational language models. This dataset includes var-
ious types of cognitive data, such as subjective semantic 

ratings, eye-tracking, fMRI, and MEG, thus enabling com-
prehensive comparison between LLMs and human cognitive 
processes. Ivanova [27] has provided a set of methodological 
considerations for evaluating the cognitive abilities of LLMs 
by using language-based assessments. The article high-
lights common pitfalls and provides guidelines for design-
ing high-quality cognitive evaluations, to contribute to best 
practices in AI psychology.

To further examine specific cognitive abilities, Srinivasan 
et al. [28] have proposed novel methods based on cognitive 
science principles to test LLMs’ common sense reasoning 
abilities through prototype analysis and proverb understand-
ing. These methods offer new ways to assess LLMs’ cog-
nitive capabilities in more nuanced and context-dependent 
tasks. Binz and Schulz [29] have used tools from cognitive 
psychology to study GPT-3, including its decision-making, 
information search, deliberation, and causal reasoning abili-
ties. Their approach has demonstrated the potential of cogni-
tive psychology in studying AI and demystifying how LLMs 
solve tasks.

From a neuroscientific perspective, the convergence 
between LLM representations and brain activity patterns 
offers exciting possibilities for both basic research and 
clinical applications. Studies using fMRI and MEG have 
demonstrated that LLM activations can predict neural 
responses in language-related brain regions with remark-
able accuracy, thereby suggesting shared computational 
principles between artificial and biological language pro-
cessing [23, 30]. These findings have major implications 
for developing brain-computer interfaces, because LLMs 

Large Language Models Shared Characteristics Human Cognition

Statistical pattern learning

Massive training
data (>1T tokens)

No embodied experience

Unlimited memory capacity

No developmental trajectory

Task-dependent representations

Prompt-sensitive behavior

Word prediction (r = 0.79)

Priming effects

Content effects in reasoning

Sensory judgment correlation

Primacy/recency effects

Neural representation alignment

Semantic similarity capture

Hypothesis-driven learning

Limited linguistic input

Embodied grounding

Biological memory constraints

Staged cognitive development

Coherent conceptual structure

Robust generalization (OOD)

Figure 2  Systematic comparison of large language models and human cognition across key dimensions. The left column (blue) shows char-
acteristics unique to LLMs, including statistical learning from massive datasets and lack of embodied experience. The right column (orange) 
shows characteristics unique to human cognition, such as hypothesis-driven learning and robust out-of-distribution generalization. The center 
column (green) highlights shared behavioral patterns wherein both systems demonstrate similar capabilities, including word prediction accu-
racy (r = 0.79), priming effects, and neural representation alignment. Dashed lines connect conceptually related aspects, illustrating how 
different underlying mechanisms can produce similar behavioral outputs.
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might potentially serve as decoders for neural signals in 
patients with communication disorders. Furthermore, the 
ability to systematically manipulate LLM architectures 
and training data provides a unique experimental platform 
for testing hypotheses regarding human neural organiza-
tion that would be impossible to examine directly in the 
brain. Table 1 summarizes the key methods and bench-
marks used to evaluate LLMs’ cognitive ability across var-
ious domains.

Despite their utility, current evaluation methods have 
important limitations that warrant caution in interpreting 
the findings. First, behavioral benchmarks may overesti-
mate cognitive alignment: LLMs can achieve human-like 
performance through fundamentally different computa-
tional strategies, in a phenomenon known as “shortcut 

learning” [31]. Second, neuroimaging comparisons face 
the “correlation is not causation” problem, wherein rep-
resentational similarity does not guarantee mechanistic 
similarity. Third, most evaluations rely on static, text-based 
tasks that do not capture the dynamic, embodied, and inter-
active nature of human cognition. Fourth, performance is 
often highly sensitive to prompt wording and task format, 
thus leading to questions regarding the robustness and gen-
eralizability of the findings. Finally, the lack of standard-
ized evaluation protocols hinders cross-study comparisons. 
Given these limitations, current evidence of LLM-human 
cognitive alignment should be interpreted as suggestive 
rather than conclusive, and future research should prior-
itize process-level comparisons over purely behavioral 
benchmarks.

Figure 3  Evaluating the cognitive capabilities of LLMs.

Table 1  Summary of Methods for Evaluating LLMs’ Cognitive Abilities with Performance Metrics

Cognitive Domain Benchmark/Method Key Studies Performance Metrics Main Findings
Language Processing Brain encoding/decoding, 

fMRI/MEG
Goldstein et al., Tuckute et 
al., Caucheteux and King 
[6, 7, 23]

r = 0.79 (word prediction 
correlation)

Human-level word prediction, 
neural alignment

Reasoning CogBench, syllogism 
tasks, Wason selection

Coda-Forno et al. [22],  
Dasgupta et al. [10]

60–85% accuracy 
(task-dependent)

Content effects similar to 
those in humans

Causal Reasoning Tübingen benchmark, 
counterfactual tasks

Kıcıman et al., Liu et al. 
[55, 54]

97% (pairwise); 92% 
(counterfactual)

Outperforms statistical 
methods

Memory Primacy/recency tests Janik [18] Primacy/recency effects 
detected

Similar effects, different 
mechanisms

Sensory Judgments Multi-modal similarity 
ratings

Marjieh et al. [11] Significant correlations 
(6 modalities)

Perceptual info from language

Theory of Mind Theory-of-mind task 
variations

Ullman [60] Near 0% on alterations Fragile, fail on variations

Common Sense
Prototype analysis, 
proverbs

Srinivasan et al. [28] Context dependent Variable across contexts
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Architectural considerations

Different LLM architectures exhibit distinct cognitive prop-
erties that merit consideration. Decoder-only models (e.g., 
GPT series) excel in generative tasks and exhibit strong 
in-context learning, but their unidirectional attention might 
limit their ability to model bidirectional linguistic depend-
encies. Encoder-only models (e.g., BERT) show superior 
performance in tasks requiring deep bidirectional under-
standing, such as semantic similarity and natural language 
inference, but they lack generative capabilities. Encoder-
decoder models (e.g., T5, BART) combine both capabilities 
but increase computational costs.

From a cognitive perspective, these architectural differences 
have important implications. The success of decoder-only 
models in many cognitive tasks suggests that predictive pro-
cessing, i.e., generating expectations regarding upcoming 
input, might be a more fundamental cognitive mechanism 
than previously appreciated. This possibility aligns with pre-
dictive coding theories in neuroscience suggesting that the 
brain continually generates predictions regarding sensory 
input. In contrast, the superior performance of bidirectional 
models in certain semantic tasks aligns with theories empha-
sizing the importance of global context integration in human 
language understanding. The observation that different archi-
tectures excel in different cognitive tasks suggests that human 
cognition might similarly use distinct computational strate-
gies for different types of processing.

Future research should systematically compare how 
architectural choices affect alignment with human cognitive 
processes across domains. Such comparisons might reveal 
whether certain architectures better capture specific aspects 
of human cognition, and potentially inform both AI devel-
opment and understanding of the computational principles 
underlying human cognitive abilities.

Scaling laws and emergent cognition

A striking feature of LLMs is that their capabilities follow 
predictable scaling laws: model performance improves as 
a power-law function of model size, dataset size, and com-
pute [32]. This quantitative relationship has substantial 
implications for understanding emergent cognitive abili-
ties. As models scale, they exhibit qualitative transitions, by 
suddenly acquiring capabilities (e.g., arithmetic, multi-step 
reasoning, or in-context learning) that were absent or unre-
liable at smaller scales. This phenomenon has cognitive par-
allels: just as certain human cognitive abilities emerge at 
specific developmental stages, LLM capabilities appear to 
require crossing of computational thresholds. A particularly 
intriguing phenomenon is “grokking,” wherein neural net-
works first memorize training data (achieving zero training 
error) and then, after substantially more training, suddenly 
generalize to held-out data [33]. Grokking challenges the 
traditional view of generalization as a smooth, continuous 
process. Instead, it suggests that learning involves discrete 
phase transitions in which qualitative reorganization of 
internal representations enables sudden capability gains. 
This phenomenon is concordant with observations from 

developmental psychology, in which children often exhibit 
sudden “insight” moments and phase transitions in cogni-
tive development (e.g., the transition from pre-operational 
to concrete operational thought in Piaget’s framework). This 
parallel prompts intriguing questions: might human cogni-
tive development involve similar phase transitions in which 
accumulated learning suddenly crystallizes into new capa-
bilities? If so, studying grokking in LLMs might provide 
computational models for understanding these developmen-
tal phenomena. However, important differences remain. For 
example, human development unfolds over years with multi-
modal embodied experience, whereas grokking occurs over 
training iterations on narrow algorithmic tasks. Therefore, 
we caution against overly direct analogies.

Biological implausibility and the back-
propagation problem

From a biological perspective, current LLM architectures 
exhibit several neurally implausible features. The most fun-
damental issue relates to the backpropagation algorithm 
used to train LLMs. Backpropagation requires three proper-
ties absent in biological neural circuits: (1) weight symme-
try, wherein the forward and backward pathways must use 
identical (transposed) weight matrices, whereas biological 
synapses are unidirectional and show no evidence of such 
symmetry; (2) global error signals, wherein gradients must 
be computed precisely and propagated backward through 
the entire network, whereas biological neurons have access 
only to local information regarding their inputs and outputs; 
and (3) non-local credit assignment, wherein each synapse 
must know its contribution to the global error, a computation 
that appears to require non-local information inaccessible 
to individual neurons. These observations have motivated 
extensive research in biologically plausible learning algo-
rithms. Feedback alignment demonstrates that random, fixed 
backward weights can still support learning, thus relaxing 
the weight symmetry requirement. Predictive coding frame-
works have suggested that the brain implements a form of 
gradient descent through local prediction error minimiza-
tion, thus potentially bridging the gap between backpropa-
gation and biological learning. Hebbian learning (the idea 
that “neurons that fire together wire together”) captures 
local, activity-dependent plasticity but struggles to explain 
how deep networks can learn complex representations with-
out error signals. Despite these advances, no fully satisfac-
tory biologically plausible alternative to backpropagation 
with comparable effectiveness for training deep networks 
has emerged. Second, transformer attention mechanisms 
compute global, all-to-all interactions at each layer, whereas 
biological neural networks exhibit sparse, locally structured 
connectivity with modularity and hierarchical organization. 
Third, LLMs process information in discrete, feedforward 
passes, whereas the brain heavily relies on recurrent process-
ing, temporal dynamics, and continuous-time computation. 
Fourth, LLMs lack the neural modulation mechanisms (e.g., 
dopaminergic and cholinergic systems) that regulate atten-
tion, learning, and memory consolidation in biological brains. 
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These architectural differences have important implications 
in cognitive science. If LLMs achieve human-like behavio-
ral outputs through fundamentally non-biological compu-
tational strategies, then the insights derived from studying 
LLM internals might not generalize to biological cognition. 
In contrast, the success of backpropagation-trained networks 
on cognitive tasks might suggest that the brain has evolved 
mechanisms that approximate gradient-based optimization, 
even if the implementation differs. This hypothesis remains 
actively debated in computational neuroscience.

Applications of LLMs in  
cognitive science

The integration of LLMs into cognitive science research has 
opened new avenues for understanding human cognition 
and developing more sophisticated AI systems. This section 
explores the multifaceted applications of LLMs in cognitive 
science, examining their roles as cognitive models, their con-
tributions to theoretical insights, and their specific applica-
tions in various cognitive domains. By synthesizing recent 
research, we aim to provide a comprehensive overview of 
the current state and future potential of LLMs in advancing 
understanding of human cognition.

LLMs as cognitive models

The potential of LLMs to serve as cognitive models has 
gained substantial attention in recent research. Studies 
have demonstrated that LLMs can be turned into accu-
rate cognitive models through fine-tuning on psychologi-
cal experiment data, thus offering precise representations 
of human behavior and often outperforming traditional 
cognitive models in decision-making tasks [34]. These 
models have shown promise in capturing individual dif-
ferences in behavior and generalizing to new tasks after 
being fine-tuned on multiple tasks; therefore, they might 
potentially become generalist cognitive models capable of 
representing a wide range of human cognitive processes. 
The versatility of LLMs in various cognitive domains has 
been explored. Wong et al. [35] have introduced a com-
putational framework called rational meaning construction, 
which integrates neural language models with probabilistic 
models for rational inference. This approach demonstrates 
LLMs’ ability to generate context-sensitive translations 
and support commonsense reasoning across various cog-
nitive domains. Piantadosi and Hill [21] have highlighted 
LLMs’ ability to capture essential aspects of meaning 
through conceptual roles, thereby challenging skepticism 
regarding their ability to possess human-like concepts.

In the realm of language processing, a systematic inte-
grative modeling study by Schrimpf et al. [30] has revealed 
that transformer-based ANN models can predict neural and 
behavioral responses in human language processing. Their 
findings support the hypothesis that predictive processing 
shapes language comprehension mechanisms in the brain, 

in alignment with contemporary theories in cognitive neu-
roscience. Contreras Kallens et al. [36] have demonstrated 
that LLMs can produce human-like grammatical language 
without an innate grammar. That study has provided valua-
ble computational models for exploring statistical learning 
in language acquisition and challenging traditional views 
of language learning. Lampinen’s [37] research has further 
challenged understanding of human language processing, by 
demonstrating that, with minimal prompting, LLMs can out-
perform humans in processing recursively nested grammat-
ical structures. These findings prompt questions regarding 
the cognitive mechanisms underlying both human and arti-
ficial language comprehension. Nolfi [38] has explored the 
unexpected cognitive abilities developed by LLMs through 
indirect processes, including dynamical semantic opera-
tions, theory of mind, affordance recognition, and logical 
reasoning. These findings suggest that LLMs can develop 
integrated cognitive skills that work synergistically, despite 
being trained primarily on next-word prediction tasks. 
This research highlights the importance of understanding 
these emergent capabilities in relation to human cognition. 
Sartori and Orrú [39] have provided empirical evidence that 
LLMs perform at human levels in a wide variety of cogni-
tive tasks, including reasoning and problem-solving. Their 
findings support associationism as a unifying theory of cog-
nition and demonstrate the potential for substantial effects 
on cognitive psychology, thus suggesting new avenues for 
modeling human cognitive processes. Li and Li [40] have 
proposed an intriguing duality between LLMs and Tulving’s 
theory of memory, and suggested that consciousness might 
be an emergent ability based on this duality. This perspec-
tive offers a novel approach to understanding the relationship 
between LLMs and human cognition, and may potentially 
bridge artificial and biological intelligence research.

However, several researchers have urged caution against 
overstating LLMs’ cognitive modeling capabilities. The crit-
ical question is whether LLMs achieve human-like perfor-
mance through human-like processes or through alternative 
computational strategies that produce similar behavioral out-
puts. This distinction has extensive implications regarding 
their utility in cognitive science research. Pavlick [41] has 
argued that definitive claims regarding the abilities or limita-
tions of LLMs as models of human language understanding 
are premature, and has emphasized a need for further empir-
ical testing that distinguishes between superficial behavioral 
similarity and deeper cognitive alignment. Katzir [42] has 
provided a balanced assessment emphasizing that LLMs’ 
opacity, massive data requirements (far exceeding human lin-
guistic input during development), and fundamentally differ-
ent learning mechanisms from human development prompt 
questions regarding their validity as cognitive models. As 
Katzir has noted, humans acquire language from limited, 
noisy input through active interaction with the environment, 
whereas LLMs are trained on curated text corpora orders of 
magnitude larger. This difference might render direct com-
parisons misleading. Furthermore, the use of LLMs as cog-
nitive models offers new opportunities for understanding 
human cognition. By analyzing the internal representations 
and processes of these models, researchers can gain insights 
into potential mechanisms underlying human cognitive 
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abilities. However, caution is necessary in interpreting these 
findings, because the fundamental differences in architecture 
and learning processes between LLMs and the human brain 
must be considered. Ren et al. [43] have investigated how 
well LLMs align with human brain cognitive processing sig-
nals by using representational similarity analysis. Their find-
ings suggest that factors such as pre-training data size, model 
scaling, and alignment training affect the similarity between 
LLMs and brain activity, thereby providing insights into how 
LLMs might be improved to better model human cognition.

A fundamental methodological concern arises when 
LLMs are considered as explanatory models of cognition: 
can an opaque system with billions of parameters genuinely 
explain another complex system, the human mind? This con-
cern echoes debates in the philosophy of science regarding 
the nature of explanation. Traditional explanatory models in 
cognitive science are valued for their interpretability: they 
identify specific mechanisms (e.g., working memory buffers 
or attention filters) that can be independently tested. LLMs, 
in contrast, operate as “black boxes” whose internal com-
putations resist straightforward interpretation. Using one 
inexplicable system to explain another prompts questions 
regarding what might be called the “opacity problem”: even 
if an LLM perfectly predicts human behavior, this predictive 
success might not constitute genuine understanding of the 
underlying cognitive mechanisms. Some researchers argue 
that LLMs should be viewed not as mechanistic explanations 
but as “phenomenological models” that capture input-output 
relationships without claiming to replicate internal processes 
[44]. Others suggest that interpretability techniques, such 
as attention analysis and probing classifiers, can partially 
address the opacity problem by revealing how LLMs rep-
resent and process information. Nevertheless, the tension 
between predictive power and mechanistic insight remains 
a central challenge in using LLMs in cognitive science 
research.

This tension can be framed through the lens of the debate 
between computational functionalism and mechanistic 
explanation. Computational functionalism, rooted in clas-
sical philosophy of mind, holds that cognitive processes 
are defined by their functional roles, i.e., the input-output 
mappings that they implement, rather than by the specific 
physical substrate that realizes them [45]. Under this view, if 
an LLM implements the same computational function as the 
human cognitive system (e.g., predicting upcoming words 
and drawing inferences from context), it can be considered 
a valid model of cognition regardless of whether it uses bio-
logically plausible mechanisms. Marr’s influential tri-level 
framework distinguishes among the computational level 
(what problem is being solved), the algorithmic level (how 
it is solved), and the implementational level (what physical 
substrate realizes the algorithm). LLMs may be valid models 
at the computational level even if they diverge from biolog-
ical brains at the implementational level. This perspective is 
supported by the observation that decoder-only LLMs imple-
menting next-token prediction align remarkably well with 
predictive coding theories in neuroscience that propose that 
the brain continually generates predictions about sensory 
input and updates internal models according to prediction 
errors [30]. If predictive processing is a core computational 

principle of cognition, then LLMs might capture this princi-
ple despite lacking neural implementation details. However, 
proponents of a mechanistic explanation argue that genu-
ine scientific understanding requires identifying the causal 
mechanisms that produce observed phenomena. From this 
perspective, behavioral equivalence is insufficient; instead, 
a true cognitive model must replicate the processes that gen-
erate behavior, not merely mimic their outputs. This debate 
has several practical implications: if LLMs achieve human-
like behavior through fundamentally different computational 
strategies, interventions that improve LLM performance 
might not generalize to human cognition, and vice versa. 
Resolving this tension would require developing evaluation 
paradigms that probe not only behavioral outcomes but also 
the underlying processes—an area in which interpretabil-
ity research and cognitive neuroscience can productively 
converge.

Comparison across these studies revealed a fundamen-
tal tension in using LLMs as cognitive models. On the one 
hand, their ability to predict human behavioral data and neu-
ral responses suggests that they capture meaningful aspects 
of human cognition. On the other hand, their architectural 
differences from biological neural networks, including the 
absence of recurrent processing, embodied experience, 
and developmental learning trajectories, prompt questions 
regarding the depth of this alignment. This tension suggests 
that LLMs might be best understood not as literal models of 
human cognition, but as “cognitive prostheses” that approx-
imate certain input-output relationships without necessarily 
replicating underlying mechanisms. Future research should 
focus on identifying which aspects of cognition LLMs gen-
uinely model versus merely simulate through alternative  
computational strategies.

Insights from LLMs for cognitive 
science research
LLMs have provided valuable insights for cognitive science 
research that have challenged existing theories and offered 
new perspectives on human cognition. Veres [46] has argued 
that although LLMs challenge rule-based theories, they do 
not necessarily provide deeper insights into the nature of 
language or cognition. This perspective highlights the need 
for careful interpretation of LLMs capabilities in the context 
of cognitive science and cautions against overinterpretation 
of model performance. Shanahan [47] has emphasized the 
importance of understanding the true nature and capabilities 
of LLMs to avoid anthropomorphism and ensure responsible 
use and discourse around AI in cognitive science research. 
This cautionary approach underscores the need for precise 
language and philosophical nuance in AI discourse, par-
ticularly in drawing parallels between artificial and human 
cognition. Blank [44] has explored whether LLMs might be 
considered computational models of human language pro-
cessing, and discussed interpretations and implications for 
future research. This work highlights the ongoing debate 
regarding whether LLMs process language similarly to 
humans, underscores the importance of this question for 
cognitive science, and emphasizes the need for rigorous 
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empirical investigation. Grindrod [48] has argued that LLMs 
can serve as scientific models of external languages and 
provide insights into the nature of language as a social 
entity. This perspective offers a novel approach to using 
LLMs in linguistic inquiry and cognitive science research, 
thereby potentially bridging computational linguistics and 
sociolinguistics.

The application of LLMs in cognitive science research 
has opened new avenues for exploring human behavior and 
decision-making processes. Horton [49] has demonstrated 
LLMs’ potential as simulated economic agents to replicate 
classic behavioral economics experiments. This innova-
tive approach suggests new possibilities for using LLMs to 
explore human behavior and decision-making processes in 
cognitive science, and it offers a cost-effective method for 
piloting studies and generating hypotheses. Connell and 
Lynott [50] have evaluated the cognitive plausibility of dif-
ferent types of language models, and emphasized the impor-
tance of learning mechanisms, corpus size, and grounding 
in assessing their relevance to human cognition. Their work 
provides a framework for critically evaluating the applicabil-
ity of LLMs to cognitive modeling. Mitchell and Krakauer 
[51] have surveyed the debate on whether LLMs under-
stand language in a human-like manner and advocate for an 
extended science of intelligence to explore diverse modes of 
cognition. This perspective highlights the need for a broader 
understanding of intelligence and cognition in the context 
of LLMs, to encourage interdisciplinary collaboration in AI 
and cognitive science research. Buttrick [52] has proposed 
using LLMs to study cultural distinctions by analyzing the 
statistical regularities in their training data, thus offering new 
avenues for exploring cultural cognition and representation. 
This approach demonstrates the potential of LLMs as tools 
for investigating complex sociocultural phenomena in cog-
nitive science. Finally, Demszky et al. [53] have reviewed 
the potential of LLMs to transform psychology by enabling 
large-scale analysis and generation of language data. They 
have emphasized a need for further research and develop-
ment to address ethical concerns and harness the full poten-
tial of LLMs in psychological research, and have highlighted 
both the opportunities and challenges in this emerging field.

Applications of LLMs in specific 
cognitive fields
LLMs have demonstrated substantial potential in vari-
ous cognitive domains, including causal reasoning, lexical 
semantics, and creative writing. Liu et al. [54] have con-
ducted a comprehensive survey exploring the mutual benefits 
between LLMs and causal inference, and have highlighted 
how causal perspectives might enhance LLMs’ reasoning 
ability, fairness, and safety. Similarly, Kıcıman et al. [55] 
have benchmarked the causal capabilities of LLMs and 
found that they outperform existing methods in generating 
causal arguments across various tasks. Specifically, GPT-4 
achieved 97% accuracy in pairwise causal discovery tasks 
from the Tübingen benchmark and outperformed traditional 
statistical methods. However, the performance decreased in 
tasks requiring multi-step causal reasoning or counterfactual 

inference. These findings highlight the boundaries of current 
capabilities and their limitations in critical decision-mak-
ing scenarios. In the field of lexical semantics, Petersen 
and Potts [56] have used LLMs to conduct a detailed case 
study of the English verb “break,” and demonstrated that 
LLM representations can capture known sense distinctions 
and identify new sense combinations. Their findings prompt 
reconsideration of the commitment to discreteness in seman-
tic theory, in favor of a more fluid, usage-based approach. In 
creative domains, Chakrabarty et al. [57] have investigated 
the utility of LLMs in assisting professional writers. This 
empirical user study indicated that writers found LLMs most 
helpful for translation and review tasks rather than planning, 
and identified weaknesses in current models, such as a reli-
ance on clichés and a lack of nuance.

These findings collectively underscore the diverse applica-
tions of LLMs in cognitive fields, including enhancing causal 
reasoning and supporting creative processes, while also high-
lighting areas for improvement and future research direc-
tions. Overall, the application of LLMs in cognitive science 
research has achieved major advancements in the ability to 
model and understand human cognition. LLMs have shown 
remarkable potential as cognitive models, by offering insights 
into language processing, reasoning, and decision-making 
that challenge and expand existing theories. Their versatility 
in addressing cognitive tasks as diverse as causal inference 
and creative writing underscores their value as research tools 
across multiple domains of cognitive science.

However, the integration of LLMs into cognitive research 
is not free from challenges. Researchers must navigate issues 
of interpretability, ethical considerations, and the potential 
for overinterpretation of model capabilities. The ongoing 
debate regarding the nature of LLM “understanding” and its 
relationship to human cognition highlights the need for con-
tinued critical examination and empirical investigation.

Biomedical and clinical implications

The intersection of LLMs and cognitive science has particu-
lar promise in biomedical applications. In clinical neuropsy-
chology, LLMs offer novel tools for assessing cognitive 
function. By comparing patient responses to LLM-generated 
baselines, clinicians may gain new insights into the nature 
and extent of cognitive impairments in conditions such as 
aphasia, dementia, and traumatic brain injury. The stand-
ardized nature of LLM outputs might provide more reliable 
comparison points than traditional normative data, which 
often have demographic biases.

In neuroimaging research, LLMs are increasingly being 
used as computational models to interpret brain activity pat-
terns. The alignment between LLM layer activations and 
hierarchical processing in the human cortex [23] suggests 
that these models capture aspects of the brain’s language 
processing architecture. Consequently, LLM-based encod-
ing models have been developed to predict neural responses 
to novel stimuli, thus potentially accelerating understanding 
of how meaning is represented in the brain.

Furthermore, LLMs provide opportunities for develop-
ing assistive technologies for individuals with cognitive or 
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communicative disabilities. Language models might power 
more naturalistic augmentative and alternative commu-
nication devices, predict communication needs based on 
context, or provide real-time language support for individ-
uals with processing difficulties. However, achieving these 
clinical applications will require careful validation against 
human behavioral and neural data, as well as considera-
tion of the ethical implications of deploying AI systems in 
healthcare settings.

Recent surveys have begun to systematically examine 
the application of LLMs and deep learning in specific bio-
medical domains. For example, comprehensive reviews 
on advanced deep learning and large language models for 
cancer detection have highlighted the potential of these 
models to assist in diagnostic tasks across multiple cancer 
types, including skin, brain, lung, breast, and colorectal 
cancers [58]. These domain-specific surveys have provided 
valuable insights into practical considerations, including 
data privacy, model scalability, and clinical validation 
requirements for deploying LLMs in healthcare settings, 
thus complementing the cognitive science perspective pre-
sented in this review.

The emergence of multimodal LLMs (e.g., GPT-4V and 
Gemini) that can process both text and images has opened 
new frontiers in cognitive science research. These models 
enable investigation of cross-modal integration, a funda-
mental aspect of human cognition that unimodal language 
models cannot address. Preliminary studies have suggested 
that multimodal LLMs can perform visual reasoning tasks, 
interpret diagrams, and generate image descriptions that 
align with human judgments. From a neuroscientific per-
spective, comparing multimodal LLM representations 
with brain activity during audiovisual language pro-
cessing might reveal principles of cross-modal binding. 
Clinically, multimodal models might enhance diagnostic 
capabilities by integrating verbal responses with visual 
information (e.g., analyzing facial expressions during cog-
nitive assessments). However, the cognitive mechanisms 
underlying multimodal integration in these models remain 
poorly understood and are an important area for future 
investigation.

The question of whether embodiment is necessary for 
robust cognition remains under contention. Current LLMs, 
despite their linguistic sophistication, lack direct interac-
tion with the physical world: they cannot perceive, act 
upon, or learn from real-world environments. This limi-
tation might be fundamental: embodied cognition theories 
suggest that human concepts are grounded in sensorimotor 
experience, and abstract reasoning emerges from meta-
phorical extensions of bodily interactions. If true, purely 
text-based LLMs might be inherently limited in their abil-
ity to fully model human cognition. Recent developments 
in robotics and embodied AI suggest a path forward: sys-
tems that combine language models with physical sensors 
and actuators might potentially learn richer world models 
through active exploration. However, embodied systems 
face their own challenges, including sample inefficiency 
and safety concerns. An alternative perspective is that suf-
ficiently rich linguistic descriptions might substitute for 

direct experience; i.e., language itself encodes distilled 
knowledge of physical and social interactions. Resolving 
this debate will require systematic comparisons between 
embodied and disembodied systems on tasks requiring 
physical reasoning and world knowledge, and will be a 
crucial direction for future research at the intersection of 
LLMs and cognitive science.

Embodied cognition and future LLM archi-
tecture evolution

The insights from embodied cognition research have sub-
stantial implications regarding the future evolution of 
LLM architectures. If the symbol grounding problem [20] 
is a fundamental limitation, then next-generation cogni-
tive AI systems may need to incorporate the following: 
(1) multimodal perception integration, by moving beyond 
text-image models to systems that process proprioceptive, 
tactile, and vestibular information, thus enabling richer 
representations of physical concepts such as weight, tex-
ture, and spatial orientation; (2) active perception and 
exploration architectures that can direct attention, seek 
information, and test hypotheses through interaction with 
environments (real or simulated), rather than passively 
processing pre-collected corpora; (3) world models and 
mental simulation that serve as internal models predict-
ing the consequences of actions before execution, thereby 
enabling planning, counterfactual reasoning, and imagi-
nation—capabilities in which current LLMs struggle; and 
(4) developmental learning trajectories, which acquire 
knowledge progressively through interaction, and may 
potentially recapitulate aspects of human cognitive devel-
opment rather than learning from massive static datasets. 
These architectural directions align with LeCun’s JEPA 
framework [59], which emphasizes learning predictive 
world models in abstract representation spaces. From a 
cognitive science perspective, such embodied architec-
tures might provide better models of human cognition by 
grounding symbols in sensorimotor experience, thereby 
supporting active inference and exhibiting developmen-
tal plasticity. However, several major challenges remain, 
including scaling embodied learning to the complexity 
of human environments, ensuring safe exploration, and 
developing evaluation methods that assess genuine under-
standing rather than statistical mimicry. The convergence 
of LLM technology with robotics, virtual reality, and 
neuroscience may ultimately yield AI systems that more 
faithfully capture the embodied, embedded, enacted, and 
extended nature of human cognition, which serve as the 
basis for the influential “4E” framework in contemporary 
cognitive science.

These biomedical applications underscore the importance 
of continued research at the interface of LLMs, cognitive 
science, and clinical neuroscience. By grounding LLM 
development in neuroscientific principles and validating 
models against clinical populations, researchers can ensure 
that advances in AI translate to meaningful improvements in 
human health and well-being.
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Limitations and improvements 
in LLMs capabilities

The rapid advancement of LLMs has necessitated compre-
hensive evaluation of their capabilities and limitations. This 
section examines the cognitive biases and constraints inher-
ent in LLMs, as well as proposed methods for enhancing 
their performance. By critically analyzing these aspects, 
researchers aim to develop more robust and reliable AI sys-
tems that can better emulate human-like cognition and lan-
guage understanding.

Cognitive biases and limitations of 
LLMs
Table 2 provides a structured taxonomy of LLM failure 
modes and corresponding mitigation strategies, synthesizing 
findings from recent research.

Recent studies have extensively explored the cognitive 
biases and limitations of LLMs. Ullman [60] has demon-
strated that LLMs fail in trivial alterations to theory-of-mind 
tasks, thus suggesting a lack of robust theory-of-mind capa-
bilities. Talboy and Fuller [61] have identified multiple 
cognitive biases in LLMs similar to those found in human 
reasoning, and have highlighted the need for increased aware-
ness and mitigation strategies. Thorstad [62] has advocated 
for cautious optimism regarding LLM performance while 
acknowledging genuine biases, particularly framing effects. 
Singh et al. [63] have investigated the confidence-compe-
tence gap in LLMs and revealed instances of overconfidence 
and underconfidence reminiscent of the Dunning-Kruger 
effect. Leivada et al. [64] have argued that LLMs currently 
lack deeper linguistic and cognitive understanding, thus 
leading to incomplete and biased representations of human 
language. Macmillan-Scott and Musolesi [65] have eval-
uated seven LLMs by using cognitive psychology tasks 
and found that they display irrationality differently from 
humans and exhibit inconsistency in their responses. Jones 
and Steinhardt [66] have presented a method inspired by 
human cognitive biases to systematically identify qualitative 
errors in LLMs, thus uncovering predictable and high-im-
pact errors. Smith et al. [67] have proposed the term “con-
fabulation” instead of “hallucination” to more accurately 
describe inaccurate outputs of LLMs, and have emphasized 
the importance of precise metaphorical language in under-
standing AI processes.

Recent advances in understanding halluci-
nation mechanisms

The study of LLM hallucinations has markedly advanced 
as researchers have identified deeper connections to cogni-
tive science concepts. Sui et al. [68] have provided a cog-
nitive re-framing of LLM hallucinations as confabulations, 
a neuropsychology term describing the production of false 
memories without intent to deceive. Their analysis has 
revealed that hallucinated outputs display greater levels of 
narrativity and semantic coherence than veridical outputs, 
thereby mirroring how human confabulation often serves 
sense-making functions. This finding suggests that hallu-
cination might not be purely a failure mode but an expres-
sion of the model’s attempt to maintain narrative coherence 
when factual knowledge is insufficient. From a detection 
perspective, Farquhar et al. [69] have developed methods to 
identify hallucinations with semantic entropy, by measuring 
uncertainty in the meaning space rather than token proba-
bilities. Their approach specifically targets “confabulations” 
in which LLMs give arbitrary and inconsistent answers to 
the same question, which are distinct from systematic errors 
due to training data or reasoning failures. This mechanistic 
differentiation has important implications: different types of 
hallucinations may require different mitigation strategies, 
and understanding the cognitive parallels (such as source 
amnesia and availability heuristics) has potential to inform 
more targeted interventions. These advances suggest that 
studying LLM failure modes through a cognitive lens might 
yield both better detection methods and deeper insights into 
the nature of knowledge representation and uncertainty in 
neural networks.

Understanding the origins of these biases will be cru-
cial for developing effective mitigation strategies. Unlike 
human cognitive biases, which often arise from evolutionary 
adaptations and resource-bounded rationality, LLM biases 
stem primarily from three sources: (1) training data biases, 
wherein overrepresentation of certain viewpoints or reason-
ing patterns leads to skewed outputs; (2) architectural limi-
tations, such as a lack of explicit working memory or causal 
reasoning modules; and (3) optimization objectives, wherein 
next-token prediction might not align with truthful or cali-
brated responses. Although some LLM biases superficially 
resemble human biases (e.g., framing effects), the underly-
ing mechanisms are likely to fundamentally differ. Human 
framing effects arise from affective and attentional pro-
cesses, whereas LLM framing effects might simply reflect 
sensitivity to surface-level statistical patterns in training 

Table 2  Taxonomy of LLM Failure Modes and Mitigation Strategies

Failure Category Specific Limitation Manifestation Mitigation Strategy
Reasoning Failures Theory-of-mind deficits Failure in theory-of-mind task variations Robust multi-format evaluation

Out-of-distribution errors Poor generalization Diverse training data, fine-tuning

Cognitive Biases Framing effects Response varies with phrasing Prompt debiasing techniques

Overconfidence Dunning-Kruger-like behavior Calibration training

Output Errors Confabulation Plausible but false outputs Retrieval-augmented generation, 
fact verification

Inconsistency Variable responses to the same input Temperature control, ensembles
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data. This mechanistic distinction has important implica-
tions: interventions effective for human debiasing might not 
transfer to LLMs, and vice versa.

Beyond these specific limitations, some researchers have 
questioned whether the autoregressive, next-token predic-
tion paradigm underlying current LLMs might be a funda-
mentally limited approach to AI. LeCun [59] has argued 
that autoregressive LLMs are inherently constrained by 
their inability to perform hierarchical planning, reason 
about the physical world, or learn efficiently from limited 
data—capabilities that he considers essential for human-
level intelligence. As an alternative, he has proposed the 
Joint Embedding Predictive Architecture (JEPA), which 
learns by predicting abstract representations of future 
states rather than predicting raw tokens. Unlike LLMs, 
JEPA-based systems could potentially learn world mod-
els that support planning, causal reasoning, and efficient 
learning from sparse data, all of which are cognitive capa-
bilities in which current LLMs notably struggle.

This architectural critique has important implications for 
cognitive science. If autoregressive prediction is fundamen-
tally limited as a cognitive mechanism, then LLMs might rep-
resent a local optimum that captures certain aspects of human 
cognition (e.g., statistical language processing) while being 
unable to model others (e.g., physical reasoning, planning, or 
causal inference). This view suggests that LLMs and humans 
might achieve similar behavioral outputs through fundamen-
tally different computational strategies. Researchers should 
consider this possibility when using LLMs as cognitive mod-
els. The emergence of alternative architectures such as JEPA, 
as well as hybrid approaches combining LLMs with symbolic 
reasoning systems or world models, might ultimately be fruit-
ful in developing systems that align with human cognition 
across a broad range of domains.

Methods for improving LLM  
performance
Researchers have proposed various methods to improve 
LLM performance and address their limitations. Nguyen 
[70] has introduced the bounded pragmatic speaker model to 
understand and improve language models, by drawing par-
allels with human cognition and suggesting enhancements 
to reinforcement learning from human feedback. Lv et al. 
[71] have developed CogGPT, an LLM-driven agent with 
an iterative cognitive mechanism that outperforms existing 
methods in facilitating role-specific cognitive dynamics 
under continuous information flows. Prystawski et al. [72] 
have demonstrated that using chain-of-thought prompts 
informed by probabilistic models can improve LLMs’ abil-
ity to understand and paraphrase metaphors. Aw and Toneva 
[73] have found that training language models to summa-
rize narratives improves their alignment with human brain 
activity, thus indicating deeper language understanding. Du 
et al. [31] have reviewed recent developments addressing 
shortcut learning and robustness challenges in LLMs, and 
have suggested combining data-driven schemes with domain 
knowledge and introducing more inductive biases into model 
architectures.

To systematically address these limitations, we propose a 
structured evaluation and mitigation framework based on the 
findings reviewed above. First, researchers should use adver-
sarial testing protocols that systematically vary task formats 
and prompts to assess robustness, as demonstrated by the 
fragility of LLMs in altered theory-of-mind tasks. Second, 
calibration techniques such as temperature scaling and ver-
balized confidence estimation can help identify and reduce 
overconfidence. Third, implementing retrieval-augmented 
generation systems can mitigate confabulation by ground-
ing outputs in verified sources. Fourth, establishing stand-
ardized benchmark suites that include both in-distribution 
and out-of-distribution test cases would enable more relia-
ble cross-model comparisons. Finally, developing interpret-
ability tools that reveal internal reasoning processes would 
help identify failure modes before deployment in critical 
applications.

In conclusion, the assessment and improvement of LLM 
capabilities remain critical areas of research in the field 
of AI. The studies reviewed herein collectively highlight 
the importance of understanding and addressing cognitive 
biases and limitations in LLMs while exploring innovative 
methods to enhance their performance and alignment with 
human cognition. Future research should focus on devel-
oping more robust evaluation techniques, by integrating 
insights from cognitive science, and creating LLMs that 
exhibit deeper linguistic and cognitive understanding. By 
addressing these challenges, researchers could pave the way 
to more advanced and reliable AI systems that can better 
serve human needs and contribute to various domains of 
knowledge and application.

Integration of LLMs with  
cognitive architectures

Recent research has explored various approaches to integrate 
LLMs with cognitive architectures and enhance AI systems’ 
capabilities. Cognitive architectures such as Soar [74] and 
ACT-R [75] have long provided theoretical frameworks for 
understanding and modeling human cognition. This syner-
gistic approach leverages the strengths of both LLMs and 
cognitive architectures while mitigating their respective 
weaknesses. Romero et al. [76] have presented three inte-
gration approaches, modular, agency, and neuro-symbolic, 
each with its own theoretical grounding and empirical sup-
port. Kirk et al. [77] have explored the direct extraction of 
task knowledge from GPT-3 by cognitive agents, through 
template-based prompting and natural-language interaction. 
They have proposed a six-step process for knowledge extrac-
tion and integration into cognitive architectures. Joshi and 
Ustun [78] have proposed a method to augment cognitive 
architectures such as Soar and Sigma with generative LLMs, 
by using them as promptable declarative memory within the 
architecture. González-Santamarta et al. [79] have integrated 
LLMs into the MERLIN2 cognitive architecture for autono-
mous robots, by focusing on enhancing reasoning capabili-
ties and human-robot interaction.
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Several studies have demonstrated the potential benefits 
of combining LLMs with cognitive architectures in various 
domains. Zhu and Simmons [80] have presented a framework 
that combines LLMs with cognitive architectures to create an 
efficient and adaptable agent for performing kitchen tasks. 
Their approach, compared with LLMs alone, has demon-
strated greater efficiency and fewer required tokens. Nakos 
and Forbus [81] have discussed the integration of BERT into 
the Companion cognitive architecture, and demonstrated 
improvements in disambiguation and fact plausibility pre-
diction for natural language understanding tasks. Wray et al. 
[82] have reviewed the capabilities of LMs for cognitive sys-
tems and proposed a research strategy for integrating LMs 
into cognitive agents to improve task learning and perfor-
mance. They have emphasized the need for effective prompt-
ing, interpretation, and verification strategies. Zhou et al. 
[83] have proposed a Cognitive Personalized Search model 
that integrates LLMs with a cognitive memory mechanism 
inspired by human cognition to enhance user modeling and 
improve personalized search results.

These studies have collectively demonstrated the potential 
of integrating LLMs with cognitive architectures to create 
more robust, efficient, and adaptable AI systems. However, 
challenges remain, including ensuring the accuracy and rel-
evance of extracted knowledge, managing computational 
costs, and addressing the limitations of both LLMs and 
cognitive architectures. Future research directions include 
exploring more sophisticated integration methods, improv-
ing the efficiency of LLM-based reasoning, and investigat-
ing the application of these integrated systems in various 
domains.

Table 3 summarizes approaches to integrating LLMs with 
cognitive architectures.

Discussion and future directions

The intersection of LLMs and cognitive science has opened 
a fascinating new frontier in AI and understanding of human 
cognition. This review highlighted the substantial progress 
made in comparing LLMs and human cognitive processes, 
developing methods for evaluating LLMs’ cognitive ability, 
and exploring the potential of LLMs as cognitive models. 
However, it has also revealed several important areas for 
future research and consideration.

One of the most striking findings is the remarkable sim-
ilarity between LLMs and human cognitive processes in 
certain domains, particularly language processing and some 
aspects of reasoning. The ability of LLMs to exhibit human-
like priming effects and content effects in logical reasoning, 
and even to capture aspects of human sensory judgments 
across multiple modalities, suggests a deep connection 
between these artificial systems and human cognition. This 
similarity extends to the neural level: larger neural language 
models have shown representations increasingly similar to 
neural response measurements from brain imaging.

However, this review also underscores differences 
between LLMs and human cognitive processes, and prompts 
fundamental questions regarding the nature of understand-
ing in artificial systems. These questions have been debated 
since Searle’s [5] influential Chinese room argument, which 
challenged the notion that symbol manipulation alone can 
constitute genuine understanding. Humans generally outper-
form LLMs in reasoning tasks, particularly with out-of-dis-
tribution prompts, thus demonstrating greater robustness 
and flexibility. The struggle of LLMs to emulate human-like 
reasoning when faced with novel and constrained problems 
indicates limitations in their ability to generalize beyond 
their training data. Moreover, although LLMs exhibit near-hu-
man-level formal linguistic competence, they show patchy 
performance in functional linguistic competence, thus sug-
gesting a gap in deeper, context-dependent understanding 
and reasoning. These findings highlight the need for future 
research to focus on enhancing the generalization capabili-
ties of LLMs and improving their performance in functional 
linguistic competence.

The potential of LLMs as cognitive models is evidenced 
by studies demonstrating that fine-tuned LLMs can offer 
precise representations of human behavior and often outper-
form traditional cognitive models in decision-making tasks. 
These findings suggest a promising avenue for using LLMs 
to gain insights into human cognitive processes. However, 
caution is necessary in interpreting these findings, because 
the fundamental differences in architecture and learning 
processes between LLMs and the human brain must be con-
sidered. Future research should focus on developing more 
sophisticated methods for aligning LLMs with human cog-
nitive processes, integrating insights from cognitive science 
into the architecture and training of LLMs, and exploring 
novel ways to evaluate and compare LLM performance with 
human cognition across a wider range of cognitive tasks.

Table 3  Taxonomy of LLM-Cognitive Architecture Integration

Integration Approach Architecture Key Features Representative Work
Modular Various Separate LLM module for specific 

functions
Romero et al. (2023) [76] 

Agency Soar, Sigma LLM as an agent component Joshi and Ustun (2024) [78]

Neuro-symbolic Companion Hybrid reasoning combining neural 
and symbolic

Nakos and Forbus (2024) [81]

Memory-based Cognitive Personalized 
Search

Cognitive memory mechanism Zhou et al. (2024) [83]

Knowledge Extraction ACT-R Template-based prompting for 
knowledge transfer

Kirk et al. (2023) [77]

Embodied MERLIN2 Robot interaction and reasoning
González-Santamarta et al. 
(2023) [79]
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The application of LLMs in specific cognitive fields, such 
as causal reasoning, lexical semantics, and creative writing, 
demonstrates their potential to contribute to various areas of 
cognitive science research. However, it also highlights the 
need for continued refinement and specialization of LLMs 
for specific cognitive domains. The cognitive biases and lim-
itations of LLMs present both challenges and opportunities: 
they underscore the need for increased awareness and miti-
gation strategies, but also offer a unique opportunity to study 
cognitive biases in a controlled, artificial environment, and 
may potentially provide new insights into the nature and ori-
gins of these biases in human cognition.

The integration of LLMs with cognitive architectures is 
a promising direction for future research, aiming to lever-
age the strengths of both approaches while mitigating their 
respective weaknesses. Future work could focus on develop-
ing more sophisticated integration methods, improving the 
efficiency of LLM-based reasoning within cognitive archi-
tectures, and exploring the application of these integrated 
systems in various real-world domains.

From a biomedical perspective, the findings reviewed herein 
suggest several promising translational directions. The align-
ment demonstrated between LLM representations and neural 
activity patterns opens possibilities for using these models as 
tools for brain mapping, neural decoding, and the develop-
ment of brain-computer interfaces. In clinical contexts, LLMs 
might serve as computational phenotyping tools for character-
izing cognitive profiles in neurological and psychiatric condi-
tions. The ability of LLMs to generate human-like language 
also presents opportunities for developing more sophisticated 
diagnostic instruments and therapeutic interventions, particu-
larly for language and communication disorders.

However, achieving these biomedical applications requires 
addressing several challenges. The “black box” nature of 
LLMs limits their interpretability in clinical settings in which 
understanding the basis for decisions is crucial. Additionally, 
the potential for LLMs to perpetuate biases present in their 
training data prompts concerns regarding fairness and equity 
in healthcare applications. Future research should prioritize 
the development of interpretable LLM architectures, rigor-
ous validation against diverse clinical populations, and the 
establishment of ethical guidelines for deploying these sys-
tems in biomedical contexts.

Through our review, we identified seven specific research 
directions with potential to substantially advance the field.

1.	 Process-level comparisons: Future studies should move 
beyond behavioral benchmarks and compare the inter-
nal processing dynamics of LLMs and humans. Specific 
research questions include the following: Do LLMs exhibit 
analogues of incremental sentence processing? Can we 
identify neural network components that correspond to dis-
tinct cognitive modules? Methods such as representational 
similarity analysis across layers and time-resolved compar-
isons with EEG/MEG data offer promising approaches.

2.	 Developmental and learning trajectory analysis: How 
do LLM capabilities emerge during training, and do 
these trajectories parallel human cognitive development? 
Researchers should systematically probe model check-
points during training to identify critical periods and 

phase transitions, and potentially reveal universal prin-
ciples of learning that transcend biological and artificial 
substrates.

3.	 Causal intervention studies: Moving beyond correla-
tional findings, future work should use causal methods 
such as activation patching and ablation studies to deter-
mine which model components are necessary and suffi-
cient for specific cognitive capabilities. This work would 
help distinguish genuine cognitive mechanisms from spu-
rious correlations.

4.	 Cross-linguistic and cross-cultural validation: Most 
current research has focused on English-language models 
and Western populations. Systematic comparisons across 
languages and cultures would reveal whether LLM-
human alignment reflects universal cognitive principles 
or culture-specific patterns embedded in training data.

5.	 Clinical validation studies: For biomedical applications, 
rigorous clinical trials comparing LLM-based cognitive 
assessments with gold-standard neuropsychological instru-
ments are needed. Specific research questions include 
the following: Can LLMs detect early cognitive decline? 
Do they show differential sensitivity to specific cognitive 
domains affected in various neurological conditions?

6.	 Brain-inspired architectural innovations: Future LLM 
designs could draw specific inspiration from neural organ-
ization principles. These include the following: (a) modu-
larity, incorporating specialized subnetworks for distinct 
cognitive functions, similarly to the brain’s functional 
specialization; (b) sparse connectivity, replacing dense 
attention by sparse, structured connections that reduce 
computational cost while potentially improving gener-
alization; (c) neural modulation, implementing gating 
mechanisms analogous to neuromodulatory systems that 
dynamically regulate information flow according to con-
text and task demands; (d) recurrent processing, integrat-
ing iterative refinement loops that allow representations to 
evolve over time, as in predictive coding frameworks; and 
(e) continual learning, developing mechanisms for life-
long learning without catastrophic forgetting, inspired by 
hippocampal-cortical memory consolidation. Although 
biological plausibility is not a prerequisite for useful AI 
systems, brain-inspired modifications have potential to 
yield architectures that better capture the computational 
principles underlying human cognition.

7.	 Rigorous paradigms for causal reasoning evalua-
tion: Distinguishing genuine causal understanding from 
sophisticated statistical fitting requires carefully designed 
experimental paradigms. We propose several approaches, 
as follows: (a) interventional tasks, testing whether LLMs 
can predict the effects of hypothetical interventions, not 
just observational associations; (b) counterfactual rea-
soning, evaluating performance in “what if” scenarios 
that require reasoning about alternative possibilities; (c) 
novel causal structures, presenting causal relationships 
not represented in training data to assess true generaliza-
tion; (d) causal mechanism explanation, requiring mod-
els to articulate why causal relationships hold, not just 
that they hold; and (e) robustness to confounders, test-
ing whether models can identify spurious correlations 
and distinguish them from genuine causal effects. Such 
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paradigms would help determine whether LLMs possess 
genuine causal reasoning capabilities or merely exploit 
statistical regularities in their training data.

In conclusion, the intersection of LLMs and cognitive sci-
ence offers exciting possibilities for advancing understand-
ing of both artificial and human intelligence. However, it 
also presents substantial challenges that require careful con-
sideration and further research. As this frontier continues 
to be explored, maintaining a balanced perspective will be 
crucial, acknowledging both the remarkable capabilities of 
LLMs and their current limitations. By doing so, researchers 
can work toward developing AI systems that not only per-
form well on specific tasks but also contribute to understand-
ing of cognition itself, while ensuring that advances in the 
field translate into meaningful benefits for human health and 
well-being.

Limitations of this review

Several limitations of this review should be acknowl-
edged. First, because of the rapidly evolving nature of LLM 
research, some findings might be superseded by the time of 
publication. Second, approximately 40% of the references 
in this review were arXiv preprints that had not undergone 
formal peer review. Although this aspect reflects the fast-
paced nature of the field and ensures coverage of the most 
recent developments, readers should interpret findings from 
preprints with appropriate caution as these references await 
validation through the peer-review process. We prioritized 
peer-reviewed publications for core arguments wherever 
possible. Third, because our literature search was limited 
to English-language publications, relevant work published 
in other languages might potentially have been excluded. 
Fourth, given the inherent interdisciplinary nature of this 
topic, we might have inadvertently emphasized certain 
perspectives (e.g., computational) over others (e.g., philo-
sophical or clinical). Finally, given the breadth of the field, 
our selection of studies, although systematic, necessar-
ily involved subjective judgments regarding relevance and 
importance.
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