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Abstract

As large language models (LLMs) are increasingly deployed
in high-stakes domains such as education, healthcare, and
law, accurately evaluating their nuanced reasoning process
becomes essential to ensure their safety, reliability, and trust-
worthiness. However, most existing benchmarks evaluate
LLMs at a coarse granularity. Current benchmarks lack a uni-
fied framework and rely on single-task datasets, overlooking
the intermediate steps of complex reasoning. This results in
redundant overlap across benchmarks, poor generalization to
multifaceted real-world tasks, and underutilizes the rich rea-
soning traces generated by advanced LLMs.

Datasets — https://github.com/CogProbe/CogEval.git

Introduction

Large language models (LLMs) have made rapid advance-
ments, achieving impressive performance across a wide
range of standard evaluation tasks and demonstrating strong
potential for real-world applications (Bubeck et al. 2023;
Webb, Holyoak, and Lu 2023a). As their use expands into
increasingly complex scenarios such as medical diagnosis
and legal reasoning (Singhal et al. 2023; Griot et al. 2025),
LLMs face a growing challenge: their performance in these
high-stakes contexts is inconsistent, with models frequently
making elementary logical errors despite high accuracy on
existing benchmarks (Yang et al. 2023). This variation in
performance highlights the need to develop a comprehen-
sive model capability profile that identifies the strengths and
weaknesses of different models, enabling targeted improve-
ment and better application matching. Therefore, it is es-
sential to design evaluation methods that not only measure
overall performance but also focus on the reasoning steps
involved in decision-making.

In recent years, several prominent benchmarks for evalu-
ating large language models (LLMs) have emerged, includ-
ing MMLU (Hendrycks et al. 2021), SciEval (Sun et al.
2024), and GPQA/SuperGPQA (Rein et al. 2023), which
emphasize cross-disciplinary knowledge and advanced rea-
soning; HELM (Liang et al. 2022), BIG-bench (Srivastava
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Figure 1: Existing benchmarks typically consist of overlapping,
static single-task evaluations that ignore task interactions and in-
termediate reasoning process, whereas real-world scenarios involve
interwoven tasks requiring complex, multi-step inference that can
be decomposed into orthogonal, measurable components via a
cognitive-theoretic framework.

et al. 2023), and PandaLM (Wang et al. 2024), which fo-
cus on comprehensive evaluations across multiple tasks and
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Figure 2: The framework of our benchmark design. We first establish a taxonomy containing five cognitive capabilities and 16 cognitive
operations for complex task and reasoning process decomposition, then construct an evaluation dataset covering 16 operations, and finally
propose a composite evaluation system tailored to operation characteristics.

metrics; and MM-Eval (Son et al. 2024), which targets
multilingual fairness and impartiality. These benchmarks
have substantially advanced the diversity and granularity of
model assessment, providing rich insights into the capabili-
ties of LLMs.

Despite these contributions, current benchmarks exhibit
critical limitations, which constrain the deployment of
LLMs in real-world applications. First, the single-task-
centric design suffers from poor generalizability. With the
rapid advancement of reasoning-intensive LLMs, models
have become capable of supporting increasingly complex
real-world applications, which typically require performing
multiple interconnected tasks simultaneously. However, ex-
isting evaluation frameworks that focus solely on single-
task assessments fail to effectively capture the interactions
and synergies among these interconnected tasks. (Cao et al.
2025; Mondorf and Plank 2024b). Second, the absence of
a unified theoretical framework leads to empirically crafted
assessment tasks that often overlap, thereby impeding sys-
tematic and comprehensive capability assessment (Chang
et al. 2024; Liang et al. 2022). Third, evaluating models
solely based on final outcomes without examining interme-
diate reasoning steps neglects valuable reasoning informa-
tion, which is essential for practitioners to gain deeper in-
sights into a model’s cognitive processes and identify poten-
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tial reasoning flaws (Saparov and He 2023; Nguyen et al.
2024). Hence, severely constraining researchers’ and prac-
titioners’ understanding and assessment of models’ actual
strengths and weaknesses, and preventing the creation of de-
tailed capability profiles necessary for matching appropriate
models to specific application scenarios.

Luckily, we can conceptualize the complex reasoning pro-
cess as an information-processing system, allowing us to
leverage information processing theory from cognitive psy-
chology to break down complex tasks into discrete cognitive
capabilities. Specifically, draw inspiration from the adap-
tive control of thought-rational cognitive architecture (ACT-
R) (Anderson 1976) and complementary cognitive psychol-
ogy theories, which offers a unified theoretical basis for
modular and interactive cognitive processes, we propose a
hierarchical cognitive evaluation taxonomy. This taxonomy
comprises S macro cognitive-capability dimensions and 16
micro cognitive-operation dimensions. It disassembles the
multi-step reasoning process required for complex task solv-
ing into components, each targeting distinct cognitive capa-
bilities that are orthogonal and quantifiable.

To realize this taxonomy in practice, we develop the
Cognitive Operations Probing Benchmark (CogProbe). And
accordingly, we construct CogEval multilingual evaluation
dataset and propose an evaluation system derived from cog-



nitive experimental paradigms that is suitable for measuring
LLMSs’ cognitive capabilities.
Overall, our contributions are mainly fourfold:

* We present a systematic LLM evaluation framework
grounded in information-processing theory from cog-
nitive psychology, which decomposes problem-solving
into constituent cognitive capabilities. Unlike prior work
that focuses on single cognitive operations or proposes
experience-driven taxonomies, our cognitively-grounded
approach addresses key limitations of task-centric eval-
vation and provides a principled basis for assessing
reasoning-intensive LLMs and informing optimal model
selection for real-world applications.

We propose a hierarchical cognitive evaluation taxon-
omy, which maps LLMs’ latent cognitive capacities onto
16 cognitive operations, enabling fine-grained decou-
pling of complex reasoning processes;

Based on our taxonomy, we introduce CogProbe, a
multilingual diagnostic benchmark specifically designed
to systematically evaluate the cognitive capabilities of
LLMs. To operationalize CogProbe, we construct Co-
gEval, a multilingual evaluation dataset carefully an-
notated with explicit cognitive operation demands. Co-
gEval includes tasks sourced through a three-tiered ap-
proach: reusing existing LLM evaluation datasets, re-
forming tasks according to cognitive paradigms, and
recreating novel tasks to specifically measure associative
thinking, inductive reasoning and metacognitive opera-
tions.

We conduct extensive experiments on state-of-the-art
LLMs to evaluate their cognitive capabilities, locate cog-
nitive strengths and weaknesses, and construct detailed
capability profiles. We also compare cross-language per-
formance. Our findings reveal substantial performance
variations across cognitive dimensions, with notable de-
ficiencies in metacognitive capabilities, and demonstrate
that language also influences model performance.

Related Work

Benchmarking Mainstream evaluation benchmarks for
large language models (LLMs), such as GLUE (Wang et al.
2019), SuperGLUE (Wang 2019), MMLU (Hendrycks et al.
2021), GSM8K (Cobbe et al. 2021), and recent compre-
hensive suites like BIG-Bench (Srivastava et al. 2023),
HELM (Liang 2023), and FLASK (Ye et al. 2024), primarily
adopt static, task-oriented evaluation methodologies. They
predominantly rely on aggregate scoring of final outcomes,
often overlooking the intermediate reasoning steps critical
to problem-solving (Lanham 2023; Lyu 2023). As a result,
such evaluations may reward pattern matching or memoriza-
tion rather than genuine reasoning (Li 2023; Mondorf and
Plank 2024a).

Process-oriented Evaluation Attempts Recent studies
have begun to address this issue by explicitly evaluating
intermediate reasoning processes. Notably, the emergence
of chain-of-thought prompting (Wei 2022; Kojima 2022)
inspired benchmarks such as Multi-LogiEval (Patel et al.
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Cog. Capability (Macro) Cog. Operations (Micro)
Task Identification

Goal Decomposition
Factual Recall

Episodic Memory
Classification

Rule Execution

Logical Deduction

Causal Reasoning
Mathematical Computation
Association

Analogy

Inductive Reasoning
Self-checking

Rationality Evaluation
Error Correction

Working Memory Update

Goal Setting

Declarative Knowledge Retrieval

Procedural Rule Execution

Association and Analogy

Metacognitive Monitoring

Table 1: Hierarchical cognitive taxonomy for decompos-
ing complex reasoning into observable, measurable compo-
nents.

2024), and related verification methods (Lightman et al.
2023; Ling et al. 2023). Although these approaches have ad-
vanced the field by highlighting reasoning pathways, they
remain largely empirical and lack systematic theoretical
frameworks, resulting in fragmented and inconsistent evalu-
ation criteria (Lanham 2023; Lyu 2023).

Cognitive Psychology in LLM Evaluation An emerg-
ing line of work applies cognitive psychology methods to
analyze LLM behaviors (Binz and Schulz 2023; Webb,
Holyoak, and Lu 2023b; Lampinen et al. 2024). Find-
ings reveal human-like but fragile traits: GPT models show
bounded working memory (Gong, Wan, and Wang 2024),
limited theory-of-mind generalization (Ullman 2023), and
heuristic biases in decision-making (Coda-Forno et al.
2024). CogBench integrates multiple such tasks into a broad
benchmark (Coda-Forno et al. 2024), but its empirically-
driven taxonomy lacks grounding in formal cognitive the-
ory, relying on heuristics rather than a unified cognitive ar-
chitecture. In contrast, CogProbe formalizes these insights
through an ACT-R—inspired taxonomy, enabling systematic
and interpretable cognitive evaluation.

Methodology

As shown in Fig. 2, we first decomposed the multi-step rea-
soning process required in solving complex task into dis-
crete, observable, and measurable components, based on in-
formation processing theories, then construct an evaluation
dataset, and finally propose an evaluation system tailored to
cognitive operation characteristics.

Hierarchical Cognitive Taxonomy Design

In order to dissect complex tasks into orthogonal and mea-
surable components, we resort to ACT-R architecture and
its supplemental research by Salvucci and Cox (Anderson
and Lebiere 1998; Salvucci and Anderson 2001; Cox, Oates,



Cog. Capability (Macro) Cog. Operations (Micro) Samples (En/Es/Cn) Evaluation Metrics Strategy
Goal Setting Task Identification 300 Accuracy Reform
Goal Decomposition 285 Accuracy; F1 Reform
. Factual Recall 1000 Accuracy Reuse
Decl. Knowledge Retrieval Episodic Memory 200 Accuracy Reuse
Classification 300 Accuracy Reform
Rule Execution 180 Accuracy Reform
Procedural Rule Execution Logical Deduction 211 Accuracy Reuse
Causal Reasoning 300 Accuracy Reuse
Mathematical Computation 399 Model scoring Reuse
Association 2000 Graph algorithm Re-create
Association and Analogy  Analogy 380 Accuracy; Model scoring Reuse
Inductive Reasoning 500 Accuracy; Avg. Query Re-create
Self-checking 4055 Accuracy Re-create
Metacognitive Monitoring Rationality Eyaluation 4055 Calibration Re-create
Error Correction 4055 Accuracy Re-create
Working Memory Update 4055 Model scoring Re-create

Table 2: The number of questions is based on the characteristics of cognitive operations. The data for the four metacognitive
operations comes from the other 11 operations (except associative thinking). After answering, the model is prompted to reflect,
provides a rationality evaluation (reasonable/irrational), a confidence score, and the reflection process. The proficiency of the

four metacognitive operations is then calculated.

and Perlis 2011). ACT-R theory posits that task execution
and problem-solving emerge from the coordinated activity
of five independent cognitive modules; accordingly, it de-
composes the process of solving complex tasks into modular
information-processing components, which are orthogonal
and operate in parallel (Fodor 1983; Anderson and Lebiere
1998; Taatgen and Anderson 2002). Therefore, assessing a
model’s performance across these five modules allows us
to predict the types of task scenarios for which it is best
suited. Next, because cognitive capabilities are latent and
not directly measurable and each is instantiated via a set
of corresponding micro-level cognitive operations (Ander-
son et al. 2004), we leverage additional cognitive theories
and define specific operations for each of the five macro ca-
pabilities. Together, these two levels form our hierarchical
macro—micro cognitive taxonomy, providing a principled,
theory-driven basis for fine-grained evaluation (Anderson
2004; Salvucci and Anderson 2001; Cox, Oates, and Perlis
2011).

Evaluation Dataset Construction

We adopt a data construction strategy directly grounded in
cognitive psychology theories and established experimental
paradigms. Rather than simply aggregating existing datasets,
we carefully select data and design prompt based on detailed
cognitive-psychological definitions of each cognitive oper-
ation, as illustrated in Appendix. To achieve this, we pro-
pose a structured three-tier approach to dataset construction:
reuse, reform, and recreate.

Reuse: Direct Mapping For micro-level operations ex-
plicitly captured by existing dataset, we directly integrate
these tasks without alteration. Our selection process ensures
that datasets precisely activate targeted cognitive operations
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through rigorous input-output analysis and core mechanism
identification validated by cognitive psychology experts.
Additionally, we verify that selected datasets exclude con-
founding factors from extraneous cognitive operations that
could compromise measurement purity.

Reform: Data Adaption Certain datasets demand adap-
tation when their native prompts fail to elicit the intended
cognitive operations or when the tasks, though conceptu-
ally related, are only indirectly aligned and therefore require
transformation. Data adaptation is based on two comple-
mentary strategies: prompt re-design, which preserves the
original task semantics while replacing native instructions
with standardized, cognition-oriented prompts; task trans-
formation, which reformulates only indirectly related tasks,
for example, recasting PlanBench’s path-planning problems
as goal-decomposition exercises by automatically extracting
their latent subgoals from the original questions.

Recreate: Data Creation For cognitive operations with
scarce data, we synthesize new datasets by tailoring clas-
sical experimental paradigms from cognitive psychology for
following dimensions (detailed description of these experi-
mental paradigms shown in Appendix):

* Inductive Reasoning We adapt the Wason 2—4-6 rule-
discovery paradigm (Wason 1960). Each trial presents
three numbers from an unknown lambda function R. The
model proposes up to 20 triplets, receiving yes/no” feed-
back from a discriminator. Success rate and query count
measure inductive accuracy and efficiency.

* Associative Thinking Drawing on semantic network
methods (Kenett 2024), we present the model with 2,000
cue words and, at temperatures 0.3 and 0.8, elicit three
rounds of ten lexical associates per cue. Temperatures of



0.3 and 0.8 were chosen to clearly distinguish determin-
istic from divergent associative behaviors, while avoiding
overly restrictive (< 0.2) or excessively random (> 0.9)
responses. We then compute pairwise symmetrical se-
mantic similarities among all associates to construct an
undirected graph for each temperature.

Metacognitive Operations: Four metacognitive opera-
tions (Self-checking, Rationality Assessment, Error Cor-
rection, and Working Memory Update) share a common
dataset drawn from our eleven micro-operation tasks (ex-
cluding associative thinking). After each initial response,
the model receives a “confidence prompt” to rate its con-
fidence and a “rationality prompt” to judge its reason-
ing. The model may then revise its answer. We compute
calibration (confidence—accuracy correlation), reflection-
driven accuracy change, and correction success rate to as-
sess self-monitoring sensitivity and corrective effective-
ness.

Multi-lingual Data Evolution Following the established
framework, we first constructed English datasets and then
generated corresponding Chinese and Spanish versions us-
ing Qwen-MT-Max model for translation.

Evaluation system

As shown in Tab. 2, our evaluation framework integrates
accuracy, F1 score, model scoring, confidence scoring, and
graph-theoretic metrics. Drawing from ACT-R theory, each
cognitive operation engages distinct cognitive modules with
unique underlying mechanisms. Thus, different metrics re-
flect fundamentally distinct cognitive constructs, consis-
tent with measurement validity principles in psychometrics
(Messick 1989). To capture operation-specific nuances, we
introduce the following specialized metrics:

* Graph Algorithm: Associative thinking is difficult to
capture using standardized metrics. Cognitive psychol-
ogy research adopts following metrics for its measure-
ment (Steyvers and Tenenbaum 2005; Kenett 2024) Ef-
ficiency (E) measures how rapidly information can tra-
verse the semantic network, indicating the model’s abil-
ity to jump between concepts. Clustering coefficient (C')
quantifies the tendency of associates to form tightly-knit
groups, reflecting local coherence. The small-world in-
dex (o) compares F and C to a random network, re-
vealing the balance between global reach and local den-
sity. Community count counts distinct semantic clusters,
while modularity (Q)) measures the strength of division
into those clusters. Semantic entropy (H) captures over-
all diversity of associations, with higher values denoting
broader lexical exploration.

Average query: Beyond accuracy, we compute the mean
query length, i.e. the average number of queries required
before correct hypothesis submission. A shorter mean in-
dicates more efficient inductive inference.

Metacognitive operations profiling: We adopt accuracy
for Self-checking and Error Correction evaluation, cal-
ibration for Rationality Assessment and model scoring
for Working Memory Update. The final performances of
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each of the four metacognitive operations are reported
separately from the other twelve cognitive operations.
Because metacognitive sensitivity depends on underly-
ing task proficiency, observing metacognitive scores per
operation also provides insight into the model’s true com-
petence in that operation.

Model scoring: We use model scoring when correct-
ness cannot be directly compared with gold answers. For
analogical reasoning, the evaluator assesses logical co-
herence and similarity to gold-standard reasoning. For
mathematical reasoning, it both the logical validity of
intermediate steps and the correctness of the final nu-
meric result relative to the gold answer.

Evaluation of the Benchmark

For cognitive-alignment assessment, each sample is anno-
tated by four PhD-level cognitive-science experts indepen-
dently to confirm that each prompt and item unambiguously
invokes only the intended cognitive operation; pairwise Co-
hen’s k and Fleiss’ « reached [ 0.76 £ 0.04 ] and [ 0.79 ], re-
spectively (“substantial” agreement). Items with consensus
from > 3 annotators were retained. Non-English samples
were translated using Qwen-MT-Max model and validated
by human experts through structured sampling. We em-
ployed a Minimum Quota + Proportional Allocation strat-
egy to ensure balanced representation across cognitive op-
erations, yielding a representative 2 800-item sample. Bilin-
gual experts evaluated adequacy and fluency on 1-5 Likert
scales, achieving scores of Adequacy = 4.83 and Fluency
= 4.79 with inter-rater reliability of « = 0.81, indicating
high agreement. This procedure ensured semantic fidelity
and task consistency across languages.

Statistics of the Benchmark

Our final evaluation dataset comprises 30,330 instances
of three languages (10,110 instances per language) cover-
ing 16 micro-level cognitive operations under five macro-
capabilities. The number of samples is based on the charac-
teristics of cognitive operations. For Factual Recall, we se-
lect a broad range of data due to the diversity of real-world
knowledge. For Associative Thinking, we select 2000 cue
word to ensure the coverage and representativeness of result-
ing semantic network. The four metacognitive operations
share a single dataset (4055 samples per language), which
is generated from the model’s reflections on tasks involv-
ing the first 11 cognitive capabilities (excluding associative
thinking).

Experiment

Models’ performance across cognitive operations in the
three languages is summarized in Tab. 3, excluding asso-
ciative thinking and three metacognitive operations (self-
checking, rationality evaluation and working memory up-
date). Because metacognitive performance inherently de-
pends on both the specific cognitive operation and the
model’s self-reflective capabilities, we report detailed met-
rics for these metacognitive dimensions separately in



Cog. Operations

Llama3-8B Qwen3-32B (On) Qwen3-32B (Off) Qwen3-Plus (On) Qwen3-Plus (Off)

GPT-4.1

Model Performance on English Data

Task Identification ~ 0.108 (10.027) 0.252 (10.015)

0.183 (10.020)

0.341 (10.012) 0.246 (10.007) 0.487 (10.027)

G. Decomp. (Acc/F1) 0/0 0/0.051 (40.002) 0/0.052(]0.001) 0/0.052(10.002) 0/0.053(10.002) 0/0.093 (10.005)
Factual Recall 0.830 (40.337)  0.775 (10.028) 0.410 (10.398) 0.834 (10.113) 0.570 (10.132) 0.881 (10.020)
Episodic Memory 0.830 (£0.004)  0.952 (10.003) 0.918 (J0.005) 0.978 (10.005) 0.961 (10.003) 0.970 (10.001)
Classification 0.097 (10.015)  0.863 (10.194) 0.817 (=) 0.881 (10.102) 0.839 (10.007) 0.247 (10.010)
Rule Execution 0.010 (70.023)  0.400 (10.270) 0.160 (10.013) 0.240 (=) 0.160 (=) 0.173 (10.073)
Logical Deduction  0.532 (J0.201)  0.684 (]0.050) 0.615 (J0.007) 0.615 (=) 0.583 (10.007) 0.630 (10.036)
Causal Reasoning ~ 0.746 (J0.390)  0.840 (10.136) 0.810 (40.050) 0.863 (10.300) 0.816 (10.210) 0.810 (70.006)
Math. Comput. 0.541 (=) 0.954 (=) 0.954 (=) 0.965 (=) 0.972 (=) 0.964 (=)
Induct. (Acc/AvgQ) 0/— 0.390 (10.024)/1.25 0.268 (=)/7.18 0.463 (10.169)/0.32 0.268 (]0.065)/5.36 0.024 (=)/6
Analogy 0.300 (10.070)  0.676 (10.079) 0.620 (10.013) 0.676 (10.079) 0.625 (10.021) 0.520 (70.030)
Model Performance on Chinese Data
Task Identification ~ 0.037 (J0.002)  0.256 (10.008) 0.220 (10.010) 0.248 (10.007) 0.239 (10.009) 0.354 (10.012)
G. Decomp. (Acc/F1) 0/0 0/0.052 (40.002) 0/0.052 ({0.002) 0/0.050(40.005) 0/0.052(40.006) 0/0.106 (]0.002)
Factual Recall 0.652 (10.193)  0.830(J0.143) 0.763 (10.043) 0.843 (10.173) 0.797 (10.120) 0.800 (10.067)
Episodic Memory 0.773 (10.045)  0.879 (10.003) 0.791 (40.008) 0.924 (10.007) 0.928 (10.008) 0.960 (10.015)
Classification 0.175 (10.026)  0.739 (J0.102) 0.698 (10.006) 0.847 (10.007) 0.809 (10.024) 0.856 (10.021)
Rule Execution 0.037 (40.007)  0.267 (10.193) 0.267 (=) 0.267 (10.013) 0.193 (10.126) 0.160 (70.093)
Logical Deduction  0.439 (10.072)  0.640 (]0.100) 0.540 (J0.029) 0.568 (10.036) 0.518 (10.094) 0.606 (=)
Causal Reasoning ~ 0.700 (J0.037)  0.830 (]0.143) 0.763 (10.043) 0.843 (10.067) 0.797 (10.12) 0.837 (10.127)
Math. Comput. 0.541 (=) 0.937 (=) 0.937 (=) 0.939 (=) 0.944 (=) 0.959 (=)
Induct. (Acc/AvgQ) 0/— 0.222 (=)/1 0.073 (=)/15.67 0.342 (=)/1 0.171 (10.033)/3.714 0/—
Analogy 0.459 (10.030)  0.739 (10.021) 0.654 (10.011) 0.746 (10.105) 0.664 (=) 0.551 (10.090)
Model Performance on Spanish Data
Task Identification ~ 0.142 (J0.006)  0.220 (0.007) 0.174 (10.001) 0.246 (10.007) 0.203 (70.005) 0.339 (10.002)

G. Decomp. (Acc/F1) 0/0 0/0.052 (10.002) 0/0.051 (10.001) 0/0.052 (}0.004) 0/0.055 (10.002) 0/0.083 (10.020)
Factual Recall 0.493 (10.384)  0.834 (10.113)  0.548 (10.172)  0.845 (10.176) 0.735(10.225)  0.861 (10.092)
Episodic Memory ~ 0.709 (10.058)  0.905 (10.008) 0.848 (=) 0.906 (10.002) 0.893 (10.095)  0.912 (10.051)
Classification 0.170 (J0.026)  0.728 (10.085)  0.679 (J0.010)  0.832 (10.076) 0.762 (10.048)  0.866 (10.031)
Rule Execution 0.003 (=) 0.004 (10.004) 0.0006 (=) 0.060 (10.002) 0.026 (10.020)  0.080 (10.040)
Logical Deduction ~ 0.503 (10.010) ~ 0.705 (10.079)  0.561 (10.079)  0.576 (}0.014) 0.568 (=) 0.670 (10.043)
Causal Reasoning ~ 0.743 (10.050)  0.837 (J0.143)  0.813(10.100)  0.840 (]0.280) 0.827 (10.243)  0.810 (}0.197)
Math. Comput. 0.607 (=) 0.942 (=) 0.937 (=) 0.949 (=) 0.959 (=) 0.946 (=)
Induct. (Acc/AvgQ) 0/— 0.243 (10.048)/0.3  0.244 (=)/5.8 0.463 (=)/0.16  0.244 (10.041)/7.5 0/—
Analogy 0.471 (J0.003)  0.620 (10.002)  0.564 (}0.002)  0.675 (10.106) 0.581 (J0.005)  0.480 (10.080)

Table 3: Model performance across languages and cognitive operations. Each cell shows the baseline score followed by the
change after reflection in parentheses; upward arrows (1) indicate improvement, downward arrows (|) indicate degradation,
and (=) denotes unchanged. For Induction, cells report accuracy / average queries, and for Goal Decompeosition, accuracy /

F1. Full model details are provided in the Appendix.

the Appendix. The performance changes shown in Ta-
ble 3 specifically represent models’ metacognitive error-
correction ability—i.e., their effectiveness in revising incor-
rect responses after explicit reflection. Associative think-
ing performance is quantified via graph-based metrics (effi-
ciency, clustering, modularity) extracted from semantic net-
works generated by each model, and is likewise reported
separately in the Appendix.

Evaluated Models We evaluate a total of 4 models rang-
ing from their model size and supported context length.
These models are categorized according to their model size.
To assess the influence of deep reasoning capabilities on
model performance, we conducted controlled comparative
experiments using Qwen3-Plus and Qwen3-32B models,
evaluating their performance with deep reasoning enabled
and disabled.
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Observation 1: Current LLMs fail to excel consis-
tently across cognitive dimensions. Current large lan-
guage models excel primarily in memory-driven tasks (e.g.,
Factual Recall, Episodic Memory), yet their performance
significantly deteriorates on complex reasoning and induc-
tion tasks. Reflection-induced fluctuations further reveal in-
herent cognitive brittleness, highlighting substantial room
for improvement in achieving balanced cognitive robustness.

Observation 2: Human cognitive difficulty hierarchies
similarly apply to large language models. Bloom’s Tax-
onomy posits six ascending cognitive levels—Knowledge
(remembering facts), Comprehension (understanding mean-
ing), Application (using information), Analysis (breaking
down information), Synthesis (combining elements), and
Evaluation (making judgments) (Anderson and Krathwohl
2001). LLM scores mirror this hierarchy: they excel at



lower-order levels (Knowledge/Comprehension), decline on
higher-order reasoning, and perform worst on metacogni-
tion. All models score above 0.65 in Factual Recall and
Episodic Memory, yet accuracy drops sharply for Rule Exe-
cution, Logical Deduction, and especially Induction. Reflec-
tion often decreases scores for smaller models (LLaMA3-
8B-Instruct, Qwen3-32B), whereas GPT-4.1 alone main-
tains—or modestly improves—self-regulation. Hence, cur-
rent LLMs have largely mastered basic recall but remain
limited in higher-order reasoning and self-monitoring.

Observation 3: “Think-Mode On” Yields Large but Un-
stable Gains. For both QWEN3-32B and QWEN3-PLUS,
enabling the internal think mode (explicit reasoning traces)
significantly boosts performance across most cognitive op-
erations, e.g., English Rule Execution improves notably
from 0.16 to 0.40 and Induction from 0.27 to 0.46. How-
ever, these same models experience pronounced negative
post-reflection deltas, such as a substantial —0.27 drop for
Qwen3-32B (On) in Rule Execution and a —0.17 loss for
Qwen3-Plus (On) in Induction.

We hypothesize that this instability arises because the ex-
plicit reasoning required by think mode exposes underly-
ing inconsistencies in the models’ representations. Instead of
mastering symbolic reasoning, these models depend on brit-
tle, surface-level statistical associations, which collapse dur-
ing critical reflection, resulting in accuracy declines. For in-
stance, in the Inductive Reasoning task, when “think mode”
is off, both QWEN3-32B and QWEN3-PLUS systematically
perform multiple queries to reach correct answers (average
queries typically range between 3 and 8, with QWEN3-32B
requiring as many as 15.67 queries in Chinese). However,
with think mode activated, the models frequently guess im-
mediately (average queries < 1 across all languages), in-
dicating a shift from inductive reasoning toward superficial
pattern matching.

Observation 4: Metacognition is the key for diagnos-
ing genuine capability. Metacognition is the capacity to
monitor and critically evaluate one’s own cognitive pro-
cesses (Nelson and Narens 1990). It distinguishes genuine
conceptual understanding from superficial pattern matching
(Flavell 1979). Models relying on shallow statistical asso-
ciations often show performance declines when explicitly
prompted to reflect, misjudging their earlier correct answers
as errors. Conversely, stable or improved accuracy after re-
flection signals robust internal representations and genuine
mastery. Here is an example from inductive reasoning of
Qwen3-plus:
Initially, given the numeric example (z,v,z2)

(47,12, 59), the model incorrectly proposed a broad rule:

lambda z,y,z: (x+y==2z2)or (x ==y + 2)

Upon explicit reflection, the model then correctly revised its
answer:
lambda z,y,z: x +y == 2

This correction clearly demonstrates the model’s ability to
critically reassess and rectify its initial erroneous response
upon reflection.
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Lang. Temp. E C or Q Comm. Avg. Ent.
EN 0.3 0.400 0.107 1.30 0.941 29 1.74
0.8 0426 0.189 1.42 0.941 29 1.96
ES 0.3 0.221 0.490 9.49 0.831 32 1.82
0.8 0.209 0.430 12.48 0.838 25 2.06
CN 0.3 0273 0426 8.61 0.768 22 1.95
0.8 0.387 0.516 1.72 0.335 19 2.29

Table 4: Semantic network metrics for associative thinking
assessment using GPT-4.1.

Observation 5: Cross-linguistic differences primarily re-
flect training-data exposure rather than linguistic struc-
ture, except in associative thinking. Our results sug-
gest that performance differences across languages primar-
ily stem from disparities in training-data exposure, rather
than intrinsic linguistic features. In most cognitive opera-
tions (e.g., Factual Recall, Logical Deduction, Rule Execu-
tion), performance differences between Chinese and Span-
ish remain minimal, both trailing English, indicating that
data quantity and quality dominate model generalization ca-
pabilities rather than language structure per se. However,
a clear exception arises in Associative Thinking (Table 4),
where intrinsic linguistic structures strongly influence cog-
nitive performance. Specifically, due to the semantic rich-
ness inherent in logographic characters, Chinese semantic
network achieves the “small-world sweet spot”—balanced
efficiency (£=0.39) and clustering (C = 0.52) with moder-
ate modularity (@) = 0.34)—closely matching human high-
creativity patterns (Kenett 2024). English output is fast but
shallow (high E, low C); Spanish is locally rich but glob-
ally fragmented (high C, low F), and both exhibit excessive
modularity. These phenomena align well with cognitive lin-
guistic theories, suggesting that language structures and cul-
tural experiences inherently shape cognitive and associative
processes differently across languages (Whorf 1956; Lakoff
and Johnson 1980).

Conclusion

We propose a cognition-centric evaluation framework utiliz-
ing curated datasets and multidimensional metrics to profile
large language models across tasks and languages. Exper-
iments reveal that (i) models excel at memory-based tasks
but struggle with higher-order reasoning, validating our cog-
nitive hierarchy aligned with Bloom’s taxonomy; (ii) en-
abling explicit reasoning (“‘thinking mode”’) improves accu-
racy but introduces volatility, particularly in smaller mod-
els, presenting a trade-off favorable in step-by-step reason-
ing tasks; (iii) metacognition critically differentiates genuine
cognitive competence from superficial correctness; and (iv)
cognitive performance across evaluated high-resource lan-
guages primarily reflects training data exposure, though as-
sociative thinking uniquely mirrors language-specific struc-
tures. These insights highlight the necessity of detailed cog-
nitive profiling for effective model selection, deployment,
and targeted improvements.
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