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Abstract

Large language models (LLMs) possess strong
capabilities in language understanding and gen-
eration, as well as remarkable problem-solving
abilities. In the educational domain, a represen-
tative application is to employ LLMs as learn-
ing assistants that answer students’ questions
and support their learning processes. In such
scenarios, it is crucial for the model to per-
ceive a student’s cognitive level and provide
explanations that are appropriate to that level.
However, whether LLMs can effectively ac-
complish this task has not yet been thoroughly
investigated. To address this gap, we introduce
CogBench, an evaluation benchmark designed
to assess the cognitive alignment capabilities of
LLMs in educational QA. CogBench comprises
2.1K mathematics questions, each associated
with multiple valid solutions that rely on knowl-
edge and reasoning at different cognitive levels.
Building on this structure, we formulate three
cognition-aware evaluation tasks and propose
three complementary metrics to quantify cogni-
tive alignment from multiple perspectives. Ex-
tensive experiments on 11 representative LLMs
reveal that, while models can often produce cor-
rect answers, they still struggle to consistently
generate explanations that are aligned with the
intended cognitive level. These results high-
light substantial room for improvement and es-
tablish CogBench as a diagnostic benchmark
for advancing cognitively aligned educational
AI systems. The code and dataset are released
at https://github.com/kg-bnu/CogBench.

1 Introduction

Large Language Models (LLMs) have shown re-
markable capabilities in natural language under-
standing and generation, leading to their rapid adop-
tion in educational applications such as intelligent
tutoring systems (Scarlatos et al., 2025), automated
question answering (Luo et al., 2024), and learning
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There is a cage containing several chickens and
rabbits. Counting them, there are 14 heads and
38 legs in total. How many chickens and how many
rabbits are there?

Let c = number of chickens, r = number of rabbits
Heads: c + r = 14   Legs: 2c + 4r = 38
2*c + 2r = 19, (c+2r) - (c+r) = 19 - 14 = 5
Then c = 14 - 5 = 9 Answer: 9 chickens and 5 rabbits.

I don’t get it. I’m just a fourth-grade student…

Oh, my apologies! Let me refhrase that for you.
There are 14 heads, so there are 14 animals in total.
If all were chickens, there would be 14 ×2 = 28 legs, 
but there are 38 legs, so the extra 38 − 28 = 10 legs 
come from rabbits (each rabbit adds 2 legs).
Thus 10 ÷2 = 5 rabbits, and 14 − 5 = 9 chickens.

I figured it out, thanks!

Figure 1: Illustration of cognitive alignment when using
LLMs in educational QA.

assistance tools (Aisyah et al., 2025). In these sce-
narios, LLMs are increasingly expected not only to
provide correct answers, but also to facilitate learn-
ing by providing explanations that are pedagogi-
cally effective and adaptive to individual learners.
This shift positions LLMs as potential personal-
ized tutors rather than mere information retrieval
systems, raising new challenges.

A fundamental requirement of effective instruc-
tion is cognitive alignment: explanations should
be tailored to the learner’s current knowledge state
and cognitive level. Given the same question, learn-
ers at different cognitive levels require substantially
different forms of explanation. For example (as il-
lustrated in Figure 1), for a classic heads-and-legs
word problem, in which the numbers of animals
are inferred from the total counts of heads and
legs, an explanation for lower-grade elementary
students typically relies on concrete reasoning or
step-by-step trial and error, whereas middle school
students are often taught to formulate and solve the
same problem using algebraic equations. However,
despite their strong general reasoning abilities, ex-
isting LLMs tend to produce explanations with a
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fixed level of abstraction, resulting in responses
that may be overly complex for younger learners or
insufficiently rigorous for more advanced students.
This cognitive mismatch limits the effectiveness of
LLMs as educational assistants.

Prior research on LLMs in education has primar-
ily focused on answer correctness, reasoning ac-
curacy, or overall helpfulness. Existing evaluation
benchmarks such as C-EVAL (Huang et al., 2023),
CMMath (Li et al., 2025b), EduBench (Xu et al.,
2025), E-EVAL (Hou et al., 2024) and MDK12-
Bench (Zhou et al., 2025) assess the problem-
solving abilities of LLMs across diverse educa-
tional stages, various teaching scenarios, and mul-
timodal educational questions. However, these
benchmarks typically include different questions
for different grades or levels, making it difficult
to disentangle problem difficulty from explanation
adaptability. As a result, they do not systematically
assess whether LLMs can generate explanations
that are cognitively aligned with learners when
faced with the same question. Moreover, existing
evaluation protocols rarely examine explanation
appropriateness in terms of knowledge usage and
reasoning depth, leaving a critical gap in the under-
standing of LLM behavior in pedagogical contexts.

In this work, we investigate the cognitive align-
ment of LLMs in educational question answering.
Specifically, we examine whether, given an iden-
tical question and an explicit specification of the
learner’s cognitive level, an LLM can generate re-
sponses that are not only factually correct but also
appropriate in terms of knowledge complexity and
reasoning depth. To support this study, we intro-
duce CogBench, a benchmark designed to system-
atically evaluate the cognitive alignment capabili-
ties of LLMs in educational scenarios. CogBench
is constructed by transforming existing K–12 math-
ematical questions into a one-question–multiple-
solutions form, where each problem is associated
with multiple valid solution traces that rely on dif-
ferent reasoning strategies and knowledge abstrac-
tions. This formulation enables controlled com-
parison of model behavior across cognitive levels
without confounding factors introduced by varying
question difficulty.

CogBench assesses the adaptive capacity of
LLMs through three cognition-aware QA tasks:
(i) direct question answering without cognitive
constraints, (ii) grade-constrained solution gener-
ation requiring alignment with a specified student
grade, and (iii) knowledge-constrained solution

generation that restricts reasoning to designated
curriculum knowledge. Together, these tasks as-
sess not only whether models can solve problems,
but whether they can adapt how they solve them
in response to cognitive constraints. To quanti-
tatively measure cognitive alignment, we further
propose three complementary evaluation metrics:
Cognitive Accuracy,, which measures answer cor-
rectness under cognitive constraints; Knowledge
Consistency, which assesses the extent and appro-
priateness of knowledge utilization; and Knowl-
edge Divergence, which quantifies variations in
knowledge usage across different cognitive levels.

Our experimental results show that mainstream
LLMs prioritize factual correctness, often at the
expense of cognitive alignment. Cognition-aware
fine-tuning substantially improves alignment with
learners’ cognitive levels, but introduces a slight re-
duction in standard accuracy, revealing an inherent
trade-off between correctness and pedagogical ap-
propriateness. These findings underscore both the
limitations of current LLMs as educational tutors
and the value of targeted training for improving
their pedagogical reliability.

In summary, our contributions are threefold:
(1) We formalize cognitive alignment as a key

requirement for educational QA, highlighting the
need for LLM-generated explanations to match
learners’ cognitive levels in reasoning depth and
curriculum knowledge, beyond answer correctness.

(2) We introduce CogBench, a benchmark that
transforms K–12 mathematics problems into a one-
question–multiple-solutions format, enabling sys-
tematic evaluation of LLMs’ ability to adapt ex-
planations under unconstrained, grade-constrained,
and knowledge-constrained settings.

(3) We propose three metrics for evaluating the
LLMs’ capability of cognitive alignment, includ-
ing Cognitive Accuracy, Knowledge Consistency,
and Knowledge Divergence. We conduct exten-
sive experiments on 11 LLMs and provide fine-
grained analyses of their cognitive alignment be-
havior through both automatic metrics and human
evaluation.

2 CogBench Benchmark

CogBench is designed to evaluate the cognitive
alignment of LLMs in educational question answer-
ing by reformulating K–12 mathematics problems
into a one-question–multiple-solutions benchmark,
where each question is associated with several
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Figure 2: The overview of our framework.

correct solution traces reflecting different reason-
ing strategies and levels of knowledge abstraction.
Each solution is further aligned with curriculum-
defined knowledge components and grade levels
using a curriculum-grounded knowledge graph, en-
abling fine-grained assessment of whether model-
generated explanations appropriately match spec-
ified cognitive constraints. As illustrated in Fig-
ure 2, CogBench consists of three core components:
multi-solution QA generation, solution–cognition
alignment, and cognition-aware evaluation tasks
and metrics.

2.1 Multi-solution QA Generation

To obtain multiple valid solutions for each ques-
tion, we adopt a two-step generation process that
encourages solution diversity by manipulating de-
coding hyperparameters and applying probability
attenuation to the model’s output distribution.

2.1.1 Multi-turn Solution Sampling via
Controlled Decoding

We first generate diverse solution traces using a
multi-turn sampling strategy inspired by (Wang
et al., 2023). Specifically, each question is input
into an LLM multiple times, with decoding parame-
ters including top-k sampling, temperature, and nu-
cleus sampling varied to encourage diverse reason-
ing paths. The generated responses are evaluated
against the corresponding gold-standard answers,
and only those yielding correct final answers are
retained. This step produces an initial set of valid
solutions that differ in reasoning trajectories and
knowledge usage.

2.1.2 Generating Additional Solutions via
Probability Attenuation

While LLMs encode substantial knowledge in their
parameters, their outputs are often biased toward
high-probability tokens and are sensitive to prompt
variations (Li et al., 2025a). To further explore
the internal knowledge of language models and en-
courage the generation of distinctive solutions, we
introduce a probability attenuation mechanism that
reduces the likelihood of reproducing previously
generated or semantically similar answers. Specifi-
cally, we identify key concepts in existing solutions
as anchor tokens (Chang et al., 2023) and construct
an anchor-based probability distribution. Using the
Moore–Penrose pseudoinverse of the model’s em-
bedding matrix, we infer a semantic representation
of previously generated answers and attenuate their
corresponding token probabilities during decoding.
The model then samples from the adjusted prob-
ability distribution, encouraging the discovery of
novel yet valid solutions that may rely on different
knowledge and reasoning patterns.

2.2 Curriculum-Grounded Cognition Level
Alignment

To enable principled mapping between solution
strategies and cognitive levels, we construct
a curriculum-based, cognition-aware knowledge
graph and use it to align multiple solutions of the
same question with different levels of expected
mathematical understanding. Automatic alignment
based on semantic similarity is further validated
and refined by education experts, resulting in a
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high-quality, cognition-aware evaluation dataset.

2.2.1 Cognition-Aware Knowledge Graph
We extract cognition-aware mathematical knowl-
edge spanning the full K–12 curriculum from of-
ficial educational standards. Since students’ cog-
nitive abilities develop progressively from elemen-
tary to advanced stages, we organize the extracted
knowledge into a cumulative knowledge graph,
where subgraphs corresponding to higher grade
levels subsume those of lower grades and encode
increasingly sophisticated reasoning requirements.

Unlike prior educational knowledge graphs that
primarily focus on abstract concepts or topic hierar-
chies (Jhajj et al., 2024; Sun et al., 2024; Lu et al.,
2026), the proposed Cognition-Aware Knowledge
Graph (CAKG) emphasizes fine-grained problem-
solving knowledge by explicitly modeling solution
strategies and procedural reasoning patterns. By
associating each triple with specific grade levels
and curricular requirements, the CAKG provides
an explicit bridge between solution content and
expected cognitive proficiency.

2.2.2 Solution–Cognition Alignment
Given multiple valid solutions for the same ques-
tion, our objective is to assign each solution to an
appropriate cognitive level according to the knowl-
edge components and reasoning strategies it em-
ploys, rather than its final correctness alone. To this
end, we align solution traces with the curriculum-
grounded CAKG via semantic matching in a shared
representation space. Formally, we encode both
CAKG triples and solution texts using the Qwen3
Embedding model (Zhang et al., 2025). For each
knowledge triple ti ∈ T and solution sj , we obtain
vector representations:

Vti = Enc(ti),Vsj = Enc(sj) (1)

where Enc(·) denotes the embedding encoder.
Each solution embedding Vsj is treated as a seman-
tic query, and its relevance to curriculum knowl-
edge is measured by cosine similarity:

Sim(sj , ti) =
V⊤

sjVti

∥Vsj∥2∥Vti∥2
. (2)

We then retrieve the top-k knowledge triples most
relevant to sj , which is denoted as Rk(sj). Since
each knowledge triple in the CAKG is associated
with one or more grade levels reflecting curriculum
expectations, the retrieved set Rk(sj) induces a
candidate cognitive level for the solution.

To ensure annotation reliability, we adopt a
human-in-the-loop curation procedure in which
education experts review the retrieved knowl-
edge triples and the induced grade-level assign-
ments. Experts verify semantic relevance, correct
potential mismatches, and refine the final solu-
tion–knowledge–grade alignment. This expert vali-
dation step mitigates embedding noise and curricu-
lum ambiguity, resulting in a high-quality bench-
mark that supports fine-grained evaluation of cog-
nitive alignment.

2.3 Cognition-Aware QA Tasks and Metrics

In CogBench, we design three complementary QA
tasks with increasing levels of cognitive constraint.
These tasks probe different aspects of a model’s
ability to control and adapt its reasoning depth and
knowledge usage.
Task 1: Unconstrained QA. In this setting, the
model is provided only with the problem statement
and is asked to produce a solution without any
explicit cognitive guidance. This task evaluates
the model’s default problem-solving behavior and
serves as a strong baseline for comparison.
Task 2: Grade-Constrained QA. In this task, the
model is given the problem statement together with
a specified grade level, and is instructed to generate
a solution that can be understood by a student at
that grade.
Task 3: Knowledge-Constrained QA. In this task,
the model is provided with the problem statement
and an explicit set of required knowledge, and is
instructed to solve the problem using only the spec-
ified knowledge.

To evaluate the cognitive alignment of large lan-
guage models beyond standard answer accuracy
(ACC), we introduce three complementary met-
rics: Cognitive Accuracy (CA), Knowledge Con-
sistency (KC), and Knowledge Divergence (KD).
Together, these metrics assess not only whether a
model produces correct answers, but also whether
its reasoning and knowledge usage are consistent
with curriculum-defined cognitive expectations.
Cognitive Accuracy (CA). CA measures the pro-
portion of responses that are both answer-correct
and cognitively aligned. A response is considered
incorrect if the model either produces an incorrect
final answer or fails to generate a solution that con-
forms to the required cognitive level. Formally,

CA =
#(cognition-aligned correct answers)

#(total answers)
. (3)
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Knowledge Consistency (KC). KC quantifies how
well a model’s solution adheres to the curriculum-
prescribed knowledge at a given grade level. Given
a question Q and a target grade g, let Kg denote
the set of knowledge components associated with
grade g in the CAKG, and let Km denote the set of
knowledge components adopted by the model. KC
is defined as

KC =
|Km ∩Kg|

|Kg|
. (4)

.
Knowledge Divergence (KD). KD measures the
extent to which a model differentiates its knowl-
edge usage across cognitive levels. Intuitively, a
cognitively aligned model should employ increas-
ingly distinct sets of knowledge components as the
target grade level changes. We compute KD using
the average pairwise Jaccard distance between the
knowledge sets used at different cognitive levels:

KD =
2

g(g − 1)

∑

1≤i<j≤g

(
1− |Ki ∩Kj |

|Ki ∪Kj |

)
, (5)

where g denotes the total number of cognitive levels
(grades), and Ki represents the set of knowledge
components used by the model for grade level i.
The normalization factor ensures that KD lies in the
range [0, 1], with higher values indicating greater
differentiation in knowledge usage across cognitive
levels.

When evaluating LLMs, the generated answers
and their associated knowledge are automatically
compared with the answers and annotated knowl-
edge at different cognitive levels for the same ques-
tions using these described evaluation metrics.

2.4 Benchmark Statistics
We curate and annotate 2.1K math problems, in-
cluding 1.2K open-source Olympiad problems 1

and 0.9K problems from CMMath (Li et al.,
2025b), spanning primary, middle, and high school
levels across K–12. Specifically, we use Qwen3-
30B-A3B as the base model to generate multiple so-
lutions using the method illustrated in Figure 2(1).
On average, each question has 2.16 solutions in
different cognitive levels and 3.2 knowledge com-
ponents. As shown in Figure 3 and Figure 4, each
question includes at least two solutions at differ-
ent cognitive levels, and the dataset spans primary
(grades 1–6), middle (grades 7–9), and high school
(grades 10–12), accounting for 40%, 35%, and 25%
of the problems, respectively.

1https://www.aoshuku.com/
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3 Experiments

We conduct comprehensive evaluations of the cog-
nitive alignment of LLMs, with the goal of address-
ing the following research questions:
RQ1: To what extent can mainstream LLMs adapt
their responses to align with learners at different
cognitive levels?
RQ2: To what extent does model fine-tuning im-
prove LLMs’ ability to generate cognitively aligned
responses?
RQ3: To what extent are different performance
aspects of LLMs correlated, and what do these cor-
relations reveal about the coupling or decoupling of
these abilities in educational question answering?
RQ4: To what extent do the proposed automatic
metrics agree with human judgments from educa-
tional experts in assessing cognitive alignment?

3.1 Evaluated LLMs
We evaluated 11 LLMs including 6 open-source
LLMs and 5 proprietary advanced LLMs. Open-
souce LLMs are DeepSeek-Chat (DeepSeek-AI
et al., 2025), GPT-OoS-20B (OpenAI et al.,
2025), Glm4 (GLM et al., 2024), Glm4.5 (Sun
et al., 2024), Qwen3-30B-A3B (Yang et al.,
2025) and Qwen3-235B-A22B (Yang et al., 2025).
Proprietary LLMs are GPT-5 (OpenAI, 2025),
GPT-5-Min (OpenAI, 2025), Claude-4-Opus (An-
thropic, 2025), Claude-4-Sonnet (Anthropic, 2025),
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Model Unconstrained Grade-Constrained Knowledge-Constrained

ACC CA KC ACC CA KC KD ACC CA KC

Claude-4-Opus 0.804 0.433 0.546 0.773 0.536 0.753 0.778 0.691 0.430 0.557
Claude-4-Sonnet 0.773 0.423 0.557 0.742 0.505 0.722 0.790 0.687 0.361 0.517
DeepSeek-V3 0.845 0.476 0.567 0.845 0.520 0.614 0.755 0.850 0.469 0.542
Gemini-3-Pro 0.889 0.534 0.604 0.857 0.560 0.642 0.596 0.877 0.473 0.539
Glm-4 0.824 0.460 0.550 0.837 0.512 0.615 0.738 0.852 0.467 0.524
Glm-4.5 0.853 0.481 0.574 0.841 0.519 0.611 0.756 0.858 0.462 0.548
GPT-5 0.942 0.517 0.552 0.918 0.542 0.591 0.687 0.928 0.466 0.497
GPT-5-Mini 0.861 0.505 0.587 0.852 0.536 0.631 0.579 0.848 0.452 0.523
GPT-OoS-20B 0.886 0.525 0.592 0.854 0.529 0.627 0.561 0.859 0.460 0.529
Qwen3-235B-A22B 0.881 0.517 0.593 0.865 0.538 0.620 0.731 0.900 0.442 0.487
Qwen3-30B-A3B 0.873 0.511 0.587 0.860 0.521 0.610 0.724 0.891 0.438 0.487

Table 1: Model Performance Comparison. ACC = Accuracy, CA = Cognitive Accuracy, KC = Knowledge
Consistency, and KD = Knowledge Divergence. Knowledge divergence (KD) quantifies differences in the model’s
knowledge utilization across prompts with varying cognitive levels and is therefore computed only under grade-
constrained settings.

Gemini-2.5-Flash and Gemini-3-Pro. We evaluated
LLMs through API endpoints in September and
December 2025.

3.2 Main results (RQ1)

Table 1 summarizes the overall performance of 11
LLMs. Under the unconstrained QA setting, where
no cognitive-level cues are provided and models
must implicitly infer the appropriate level from
the question alone, both cognitive accuracy and
knowledge consistency are substantially lower than
standard answer accuracy. Specifically, the high-
est cognitive accuracy and knowledge consistency
reach only 0.534 and 0.604, respectively, compared
to a peak accuracy of 0.942. These results indicate
that, although LLMs can occasionally produce re-
sponses that align with the cognitive level implied
by the original exam questions, such alignment is
incidental rather than systematic. The large gap
between accuracy and cognition-aware metrics sug-
gests that models predominantly rely on advanced
parametric knowledge acquired during pretraining,
even when simpler or more curriculum-aligned rea-
soning would be more appropriate. Overall, these
findings highlight that, in the absence of explicit
cognitive constraints, mainstream LLMs still strug-
gle to achieve fine-grained and reliable alignment
with the intended cognitive levels of educational
questions.

When explicit cognitive-level specifications are
provided, LLMs exhibit moderate but consistent
improvements in cognitive alignment, whereas con-

straining models with curriculum-aligned knowl-
edge does not yield the same benefit. As shown in
Table 1, prompting LLMs with a specified cogni-
tive level increases the best cognitive accuracy and
knowledge consistency to 0.560 and 0.753, respec-
tively, compared to the unconstrained QA setting.
In addition, the highest knowledge divergence rises
to 0.790, indicating that models are more sensitive
to cognitive-level distinctions and can adjust their
reasoning patterns across different learner specifica-
tions. In contrast, explicitly providing cognitively
aligned knowledge leads to a degradation in align-
ment metrics. This counterintuitive effect can be
attributed to the fact that knowledge injection tends
to activate higher-level reasoning patterns and more
specialized linguistic expressions associated with
that knowledge during pretraining (Murthy et al.,
2025). As a result, models are biased toward ad-
vanced parametric knowledge, making it difficult
to flexibly adapt their explanations to the intended
cognitive level, even when the injected knowledge
itself is curriculum-aligned.

3.3 Results of Finetuned LLMs (RQ2)

To examine whether the cognitive alignment capa-
bility of LLMs can be enhanced through training,
we fine-tune the Qwen3-30B-A3B model using
the benchmark dataset, which is split into train-
ing, validation, and test sets with a 4:3:3 ratio. As
shown in Table 2, fine-tuning leads to clear im-
provements in both cognitive accuracy and knowl-
edge consistency, while standard accuracy and
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knowledge divergence exhibit slight decreases. It
indicates that training explicitly oriented toward
cognitive alignment encourages the model to prior-
itize curriculum-appropriate reasoning and knowl-
edge usage, even at the cost of reduced reliance
on advanced parametric knowledge that may yield
higher standard accuracy. The reduction in knowl-
edge divergence further suggests that fine-tuning
narrows the model’s solution space, making its
reasoning strategies more consistent across cog-
nitive levels rather than maximizing differentiation.
While this may limit diversity in knowledge usage,
it reflects a stronger inductive bias toward generat-
ing explanations that conform to specified cogni-
tive constraints. Overall, these results demonstrate
that fine-tuning introduces an inherent trade-off be-
tween factual optimization and cognitive alignment,
with the latter benefiting from targeted training.

We further analyze the individual contributions
of supervised fine-tuning (SFT) and direct prefer-
ence optimization (DPO). The comparison between
Qwen-FT w/o DPO and Qwen-FT w/o SFT reveals
that DPO plays a dominant role in improving cog-
nitive alignment, whereas SFT alone yields only
marginal gains. This suggests that, although SFT
enables the model to encode multi-level cognitive
knowledge, the absence of explicit generative pol-
icy constraints guided by cognitive preferences lim-
its its ability to reliably produce cognitively aligned
responses. In contrast, DPO effectively enforces
alignment at the generation level by optimizing the
model toward cognitively preferred outputs. Ad-
ditional details of the fine-tuning procedure are
provided in Appendix A.

Model ACC CA KC KD

Qwen (base model) 0.88 0.47 0.54 0.72
Qwen-FT 0.83 0.63 0.68 0.61

w/o DPO 0.86 0.46 0.54 0.69
w/o SFT 0.85 0.57 0.62 0.65

Table 2: Comparison of cognitive alignment perfor-
mance before and after fine-tuning. Qwen = Qwen3-
30B-A3B, Qwen-FT = fine-tuned Qwen3-30B-A3B,
w/o DPO = Qwen-FTw/o DPO, w/o SFT = Qwen-
FTw/o SFT.

3.4 Inter-correlation Among Accuracy,
Cognitive Alignment, and Knowledge
Usage (RQ3)

As illustrated in Figure 5, a significant positive
linear correlation is observed between cognitive

accuracy and standard accuracy, with the latter con-
sistently exceeding the former. It indicates that,
although models capable of producing correct an-
swers tend to achieve higher cognitive accuracy,
factual correctness alone does not guarantee cogni-
tive alignment. Instead, LLMs exhibit a systematic
bias toward prioritizing answer correctness over
generating responses that are aligned with learn-
ers’ cognitive levels.

In contrast, cognitive accuracy shows a strong
positive correlation with knowledge consistency,
suggesting that the appropriate and curriculum-
aligned use of knowledge is a critical prerequi-
site for producing cognitively aligned responses.
This finding highlights that cognitive alignment
is closely coupled with how knowledge is utilized,
rather than merely whether an answer is correct.

Interestingly, knowledge divergence exhibits lit-
tle to no correlation with the other metrics. This
observation reflects the fact that knowledge diver-
gence captures a distinct aspect of model behavior,
which is largely independent of both answer cor-
rectness and alignment quality.
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Figure 5: The relationship among diverse metrics.

3.5 Results of Human Evaluation (RQ4)
To validate the effectiveness of the proposed au-
tomatic metrics, we conduct a human evaluation
involving five experts in education. We randomly
sample 500 questions and ask the evaluators to as-
sess the cognitive alignment of responses generated
by all models, focusing on the appropriateness and
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Metric Criteria Score
Consistency Evaluates whether the knowledge level employed by LLMs in answering pedagogical questions

aligns with the cognitive levels of students.
0 – 5

Diversity Evaluates whether the knowledge used by LLMs when answering pedagogical questions varies
according to the cognitive level of the students.

0 – 5

Table 3: Human evaluation metrics.

differentiation of reasoning across cognitive levels.
Table 3 shows the human evaluation metrics and
criteria.

Figure 6 shows that results of human evaluation.
Comparing to the results in Table 1, the trends ob-
served in human judgments of Consistency and
Diversity closely mirror those measured by the au-
tomatic metrics cognitive accuracy and knowledge
divergence, respectively. This qualitative agree-
ment suggests that the proposed metrics capture
key aspects of cognitive alignment that are also
recognized by human evaluators.

To further quantify the agreement between hu-
man and automatic evaluations, we compute the
Pearson correlation coefficient (normalized to 100)
for each model, as illustrated in Figure 7. The
results show strong and consistent correlations be-
tween cognitive accuracy and human-rated Consis-
tency, as well as between knowledge divergence
and human-rated Diversity, across different LLMs.
These findings indicate that the proposed automatic
metrics reliably reflect expert judgments of cogni-
tive alignment and demonstrate substantial poten-
tial as scalable alternatives to human evaluation
in assessing the cognitively aligned capabilities of
LLMs.
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Figure 6: Results of human evaluation.

4 Related Work

Educational Benchmarks. Existing benchmarks
primarily assess LLM via accuracy on educational
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Figure 7: Correlation between automatic and human
evaluations.

questions across disciplines, including EXAMS-
V (Das et al., 2024), E-EVAL (Hou et al., 2024),
CMATH (Wei et al., 2023), M3KE (Liu et al.,
2023), CMMaTH (Li et al., 2025b), MathEval (Liu
et al., 2025a), Mathador-LM (Kurtic et al., 2024),
MDK12-Bench (Zhou et al., 2025), and DeepMath-
103K (He et al., 2025). Some benchmarks further
annotate knowledge structures or domains (e.g.,
CK12 (You et al., 2024), MathBench (Liu et al.,
2024), MATHSCAPE (Liang et al., 2025)) or evalu-
ate educational problem-solving by treating LLMs
as question creators (e.g., Dr.Academy (Chen et al.,
2024), EduBench (Xu et al., 2025)). However, none
explicitly assess LLMs’ cognitive alignment across
learners with diverse cognitive levels.
Knowledge Boundary. Inspired by knowledge
boundary probing (Li et al., 2025a; Deng et al.,
2025; Du et al., 2025; Yin et al., 2024), we study
whether LLMs can generate solutions aligned with
diverse human cognitive levels. Existing meth-
ods expand knowledge boundaries to improve rea-
soning via internal knowledge learning and prob-
ing (Liang et al., 2024; Azaria and Mitchell, 2023;
Feng et al., 2024; Chen et al., 2025; Liu et al.,
2025b; Ren et al., 2025; Tan et al., 2023; Shi et al.,
2024), but tend to bias LLMs toward high-level
knowledge, causing cognitive misalignment.

5 Conclusion

In this work, we introduce a benchmark for evalu-
ating the adaptive alignment capabilities of LLMs
in answering questions across different cognitive
levels. Our results reveal substantial space for im-
provement, and future work will focus on enhanc-
ing LLMs’ cognitive alignment in terms of both

21249



disciplinary breadth and cognitive depth.

Limitations

This work investigates the extent to which LLMs
can adaptively generate responses aligned with stu-
dents’ cognitive levels in K–12 education. How-
ever, there are still several limitations. First, our
evaluation is currently confined to the mathematics
domain and a fixed set of cognitive levels; extend-
ing the benchmark to a broader range of subjects
and more diverse cognitive progressions is neces-
sary to assess the generality of our findings. Sec-
ond, the cognitive knowledge graph used in this
study, while curriculum-grounded, remains limited
in coverage and granularity. Developing a more
comprehensive and fine-grained cognitive knowl-
edge base would further strengthen both the eval-
uation and the training of cognition-aware LLMs.
Third, fine-tuning for cognitive alignment slightly
degrades standard accuracy, suggesting a trade-off
between pedagogical appropriateness and maximal
problem-solving performance. Further investiga-
tion is required to balance these objectives in real-
world educational systems.
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A Details of LLM Fine-tuning

To explore whether the cognitive alignment ability
of LLMs can be enhanced, we use a fine-tuning
strategy to the existing Qwen3-30B-A3B model.
Following the evaluation, we adopt a two-stage
training framework based on QLoRA (Dettmers
et al., 2023) to investigate whether language mod-
els could improve adaptive cognitive alignment
capability through fine-tuning, enabling the train-
ing of large models under limited GPU memory
constraints. We leverage the proposed CAKG to-
gether with the curated QA pairs to construct the
instruction–response dataset DSFT = {(zi, si)Ni=1},
where zi denotes either a knowledge point or an
instruction derived from CAKG or from a given
question, and si provides the corresponding expla-
nation or solution aligned with a specific cogni-
tive level. Each question qj has multiple solutions
{s1i , s2i , s3i , ..., sli}Ll=1 aligned with the varying cog-
nitive levels of the students. Our objective in the
supervised fine-tuning stage is to maximize the like-
lihood of the appropriate response conditioned on
its instruction:

LSFT(θ) = − 1

N

N∑

i=1

Ti∑

t=1

log pθ (si,t | zi, si,<t)

(6)
where Ti is the length of the target sequence yi and
θ are the model parameters.
To further align the model with diverse cogni-
tive levels, we utilize direct preference optimiza-
tion with a curated preference dataset DDPO =
{(qj , s+j , s−j )}Mj=1, where s+j is the preferred an-
swer corresponded to a specific cognitive level, s−j

is the less preferred alternative for question qj . The
loss is defined as:

LDPO(θ) =− 1

M

M∑

j=1

log σ

(
β

[
log

pθ(s
+
j | qj)

pref(s
+
j | qj)

− log
pθ(s

−
j | qj)

pref(s
−
j | qj)

])
(7)

where σ(·) denotes the sigmoid function, pref is the
reference model distribution, and β is a temperature
scaling parameter.
Finally, we minimize the combined objective:

L(θ) = LSFT(θ) + λLDPO(θ) (8)

where λ controls the trade-off between supervised
fidelity and preference alignment.

B Details of Experiment Settings

All experiments were conducted in a Python 3 en-
vironment with PyTorch 2. We evaluated LLMs
through API endpoints in September and Decem-
ber 2025. Model fine-tuning was carried out on a
single NVIDIA A100 GPU. All hyperparameters of
the LLMs are listed in Table 4. β is a temperature
scaling parameter and λ controls the trade-off be-
tween supervised fidelity and preference alignment,
both used in model training.

Parameter Value

temperature 1.0
max_length 1000
top_p 0.9
β 0.23
λ 0.27

Table 4: Hyperparameters.

C The effectiveness of probability
attenuation

To explore the effectiveness of probability attenua-
tion, we investigate whether LLMs possess an in-
herent cognitive-aware capability to generate more
cognitively aligned answers under attenuated prob-
ability distributions. As shown in Table 5, under
the grade-constrained QA setting, most models
demonstrate consistent improvements in cognitive
accuracy and knowledge consistency after using
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Model Pa ACC CA KC KD

LLaMa2-7B (Touvron et al., 2023) ✗ 0.710 0.403 0.215 0.581
✓ 0.692 0.427 0.290 0.563

LLaMa3-8B (Grattafiori et al., 2024) ✗ 0.706 0.462 0.303 0.479
✓ 0.659 0.513 0.384 0.424

Qwen3-8B (Yang et al., 2025) ✗ 0.794 0.480 0.254 0.636
✓ 0.712 0.556 0.398 0.672

LLaMa2-13B (Touvron et al., 2023) ✗ 0.767 0.432 0.265 0.612
✓ 0.734 0.483 0.347 0.571

Qwen3-30B-A3B (Yang et al., 2025) ✗ 0.860 0.521 0.610 0.724
✓ 0.814 0.558 0.634 0.665

Table 5: The impact of probability attenuation on cogni-
tive alignment in LLMs. Pa = Probability attenuation.

probability attenuation, indicating that LLMs in-
trinsically encode knowledge across multiple cog-
nitive levels and that attenuation can bias decod-
ing toward grade-aligned knowledge. However,
by suppressing knowledge representations that ex-
ceed the specific grade, probability attenuation also
disrupts the models’ original optimal reasoning
paths, leading to a general decline in overall an-
swer accuracy. This constrained decoding narrows
the effective candidate knowledge components and
reduces knowledge divergence for most models.
Although Qwen3-8B exhibits an opposite trend,
suggesting that the effect of attenuation depends
on the model’s internal knowledge organization.
These results reveal a trade-off between maximiz-
ing answer accuracy through broader knowledge
access and constraining cognitive alignment for
education.

D Prompts

Here are the key prompts used in this work:

Prompts of generating answer based question titles

[System Input]:
You are an expert in K–12 education. Please respond
in a rigorous academic tone.
[User Input]:
Please generate an answer for the following math
question, including a brief mathematical analysis:
Question: {title}
Please provide:
1. A brief problem-solving approach
2. Detailed calculation steps
3. The final answer
Please reply in brief academic Chinese.
[Answer]:

Prompts of generating answer based question titles
and grades

[System Input]:
You are an expert in K–12 education. Please respond
in a rigorous academic tone.
[User Input]:
Please use the following math problem and grade
information to generate an answer with a brief math
analysis:
Question: {title}
Grade: {grade}
You must based on the knowledge level of students in
this grade to answer question, please provide:
1. A suitable problem-solving approach for this grade
2. Detailed calculation steps
3. The final answer
Please reply in brief academic Chinese.
[Answer]:

Prompts of generating answer based question titles
and their aligned knowledge

[System Input]:
You are an expert in K–12 education. Please respond
in a rigorous academic tone.
[User Input]:
please generate an answer with a brief mathematical
analysis based on the following math problem and
related knowledge points:
Question: {title}
Related Knowledge Points:
{knowledge}
You must based on the provided Related Knowledge
Points to answer question:
1. A problem-solving approach based on the relevant
knowledge points
2. Brief calculation steps
3. Final answer
Please reply in brief academic Chinese.
[Answer]:

E Case Study

As illustrated in Figure. 8, standard answers were
generated using the proposed evaluation frame-
work. The results indicate that the fine-tuned
Qwen3-30B-A3B effectively generates aligned an-
swers for learners across diverse cognitive levels.
This case study shows that the fine-tuned model
adapts its reasoning strategies to different cogni-
tive levels, rather than only generating the correct
results. Answers at lower cognitive levels rely on
intuitive and step-by-step reasoning, while higher-
grade responses employ more abstract mathemati-
cal concepts and formal expressions. This demon-
strates that the fine-tuned model can capture not
only answer correctness, but also alignment across
different cognitive levels.

21254



F Ethics Statement

The dataset used in this study was sourced from
an open-access dataset released with an academic
paper as well as Olympiad mathematics problems
collected from a public website. In the data process-
ing, we strictly avoided the use of any personally
identifiable information, and the dataset in cludes
no inappropriate content. In addition, the data an-
notation was conducted through a collaborative
workflow involving five expert annotators in edu-
cation and an automated annotation system. All
annotators were fully informed in advance about
the intended use and presentation of the data, en-
suring that the entire annotation process complied
with relevant ethical standards. Specifically, we
first generated initial solutions using a pre-written
Python program, after which annotators performed
verification and quality control. To assess annota-
tion reliability, we computed Krippendorff’s alpha,
which exceeded 0.87. To reasonably manage work-
load, each annotator worked no more than four
hours per day and was compensated in accordance
with the local statutory hourly minimum wage.
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Question: 计算 1 + 3 + 5 + 7 + 9  = ?

Question: Calculate 1 + 3 + 5 + 7 + 9  = ?

Standard Answers

grade1：我们可以在可能的情况下把数字进行分组，使它们凑成 10，这样可以简化加法运算。下面是一步
一步的方法：###第一步：寻找能凑成 10的数对- 1 + 9 = 10 - 3 + 7 = 10 - 5单独留下 ###第二步：把数对和
剩余的数相加- 10（来自 1 + 9） - 10（来自 3 + 7） - 5（剩余的） ### 第三步：把结果相加- 10 + 10 + 5 =

**25**###最终答案：**1 + 3 + 5 + 7 + 9 = 25**（使用“凑十法”）
Grade 1 : We can group numbers to make tens where possible, which helps simplify addition. Here's how

you can do it step by step: ### Step 1: Look for pairs that make 10 - 1 + 9 = 10 - 3 + 7 = 10 - 5 is left alone. ###

Step 2: Add the pairs and the remaining number - 10 (from 1 + 9) - 10 (from 3 + 7) - 5 (leftover) ### Step 3: Add

the results - 10 + 10 + 5 = **25** ### Final Answer: **1 + 3 + 5 + 7 + 9 = 25** (using the Make-ten strategy)

grade6：我们可以利用前 $ n $ 个奇数之和的性质：>前 $ n $ 个**奇数**的和等于 $ n^2 $。 >也就是说：
> $$ > 1 + 3 + 5 + \cdots + (2n - 1) = n^2 > $$###第一步：数一数有多少项数列是：$$1, 3, 5, 7, 9$$这是**前
5 个奇数**。### 第二步：应用公式因为这是前 5 个奇数，所以可以使用公式：$$1 + 3 + 5 + 7 + 9 = 5^2 =

25$$### 最终答案：$$\boxed{25}$$

Grade 6: We can use the property of the sum of the first $ n $ odd numbers: > The sum of the first $ n $ **odd

numbers** is equal to $ n^2 $. > That is, > $$ > 1 + 3 + 5 + \cdots + (2n - 1) = n^2 > $$ ### Step 1: Count the

number of terms The sequence is: $$ 1, 3, 5, 7, 9 $$ This is the **first 5 odd numbers**. ### Step 2: Apply the

formula Since it's the first 5 odd numbers, we can use the formula: $$ 1 + 3 + 5 + 7 + 9 = 5^2 = 25 $$ ###

Final Answer: $$ \boxed{25}$$

grade10：要求和为：$$1 + 3 + 5 + 7 + 9$$我们可以使用等差数列前 $ n $ 项和的公式：$$S_n =

\frac{n}{2}(a_1 + a_n)$$其中：- $ S_n $表示前 $ n $项的和，- $ n $是项数，- $ a_1 $是首项，- $ a_n $是
末项。###第一步：确定各项- 首项 $ a_1 = 1 $ - 末项 $ a_n = 9 $ - 数列：1, 3, 5, 7, 9 - 项数 $ n = 5 $###第
二步：代入公式$$S_5 = \frac{5}{2}(1 + 9) = \ frac{5}{2} \ times 10 = 5 \times 5 = 25$$### 最终答案：
$$\boxed{25}$$这是等差数列 $ 1 + 3 + 5 + 7 + 9 $的和
Grade 10 :To calculate the sum of the arithmetic sequence: $$ 1 + 3 + 5 + 7 + 9 $$ We can use the formula for

the sum of the first $ n $ terms of an arithmetic sequence: $$ S_n = \frac{n}{2}(a_1 + a_n) $$ Where: - $ S_n $

is the sum of the first $ n $ terms, - $ n $ is the number of terms, - $ a_1 $ is the first term, - $ a_n $ is the last

term. ### Step 1: Identify the terms - First term $ a_1 = 1 $ - Last term $ a_n = 9 $ - The sequence: 1, 3, 5, 7, 9 -

Number of terms $ n = 5 $ ### Step 2: Plug into the formula $$ S_5 = \frac{5}{2}(1 + 9) = \frac{5}{2} \times 10 =

5 \times 5 = 25 $$ ### Final Answer: $$ \boxed{25} $$ This is the sum of the arithmetic sequence $ 1 + 3 +

5 + 7 + 9 $.

Qwen3-30B-A3B

grade1：做得很好，你已经尝试解决这个问题了！让我们一步一步把这些数加起来： 1 + 3 = 4 4 + 5 = 9 9 + 7 

= 16 16 + 9 = 25 所以，**1 + 3 + 5 + 7 + 9 = 25** 干得漂亮！
Grade 1: Great job on trying to solve this! Let's add the numbers step by step: 1 + 3 = 4   4 + 5 = 9   9 + 7 = 16  

16 + 9 = 25 So, **1 + 3 + 5 + 7 + 9 = 25** Nice work! 

grade6：当然可以！让我们一步一步把这些数加起来： 1 + 3 = 4 4 + 5 = 9 9 + 7 = 16 16 + 9 = 25 

所以，**1 + 3 + 5 + 7 + 9 = 25** 做得很好！这些都是奇数，把它们加起来得到 25。
grade6：Sure! Let's add the numbers step by step: 1 + 3 = 4   4 + 5 = 9  9 + 7 = 16  16 + 9 = 25. So,  **1 + 3 + 5 + 

7 + 9 = 25** Nice job! These are all odd numbers, and adding them gives you 25. 

grade10：当然可以！让我们一步一步把这些数加起来： 1 + 3 = 4 4 + 5 = 9 9 + 7 = 16 16 + 9 = 25 

所以，**1 + 3 + 5 + 7 + 9 = 25**。 答案：**25**。 小提示：这些是连续的奇数。
前 *n* 个奇数的和总是等于$ n^2 $。这里我们有 5 个奇数（1, 3, 5, 7, 9），所以
$ 5^2 = 25 $。
grade10： Sure! Let's add the numbers step by step: 1 + 3 = 4 4 + 5 = 9 9 + 7 = 16 16 + 9 = 25. So, **1 + 3 +

5 + 7 + 9 = 25**. Answer: **25**. Bonus tip: These are consecutive odd numbers. The sum of the first

*n* odd numbers is always $ n^2 $. Here, we have 5 odd numbers (1, 3, 5, 7, 9), so $ 5^2 = 25 $. That’s a neat

shortcut!

Fune-tuned Qwen3-30B-A3B

grade1：当然可以！让我们一步一步把这些数加起来。我们要加的是： 1 + 3 + 5 + 7 + 9 让我们来找一找能
凑成 10 的数对： - 1 + 9 = 10 - 3 + 7 = 10 现在我们有两个 10： 10 + 10 = 20 还剩下 5。
现在再相加： 20 + 5 = 25 最终答案：**25** 

grade1 : Of course! Let’s add these numbers step by step.We are adding:1 + 3 + 5 + 7 + 9Let’s look for pairs

that add up to 10:1 + 9 = 10 3 + 7 = 10 Now we have two tens: 10 + 10 = 20 That leaves 5. Now add them

together: 20 + 5 = 25 Final answer: 25

grade6：当然可以！让我们利用**奇数**的性质来计算这个和： **1 + 3 + 5 + 7 + 9** 我们知道**奇数**有一
个特别的规律。奇数是比偶数多 1 的数，它们依次是：1, 3, 5, 7, 9…… 当我们把一串奇数相加时： - **前 n 

个奇数的和等于 n²（n 的平方）**——这是一个非常有趣的规律！ ### 让我们把它用在这里：我们要加的是：
**1** + **3** + **5** + **7** + **9** 这些数有多少个呢？让我们来数一数： - 1 → 第一个奇数 - 3 → 第二个 - 5 

→ 第三个 - 7 → 第四个 - 9 → 第五个所以，一共有 **5 个奇数**。现在使用这个规律： **前 5 个奇数的和 = 5² 

= 25** ### 所以答案是：**25** 

grade6： Of course! Let’s use the properties of odd numbers to calculate this sum: 1 + 3 + 5 + 7 + 9 We know

that odd numbers follow a special pattern. An odd number is one more than an even number, and they go like

this:1, 3, 5, 7, 9…When we add a sequence of odd numbers: The sum of the first n odd numbers is equal to n²

(n squared) — a very interesting rule! Let’s apply it here: We are adding: 1 + 3 + 5 + 7 + 9 How many numbers

are there? Let’s count them: 1 →first odd number 3 →second 5 →third 7 →fourth 9 →fifth So, there are 5 odd

numbers in total. Now apply the rule: The sum of the first 5 odd numbers = 5²= 25 Therefore, the answer is: 25

grade10：当然可以！让我们使用**等差数列**的方法来计算 **1 + 3 + 5 + 7 + 9**。我们可以观察到，这些
数是： **1, 3, 5, 7, 9** 它们构成了一个**等差数列**，其中： -首项 **a = 1** -公差 **d = 2** -项数 **n = 

5** 现在使用**等差数列求和公式**：$$S_n = \ frac{n}{2} \ times [2a + (n - 1)d]

$$ 把数值代入公式： $$S_5 = \ frac{5}{2} \ times [2 \ times 1 + (5 - 1) \ times 2]$$ $$S_5 = \ frac{5}{2} \ times 

[2 + 4 \ times 2] = \ frac{5}{2} \ times [2 + 8] = \ frac{5}{2} \ times 10 = 5 \ times 5 = 25

$$ ### 最终答案：**25**

grade10：Of course! Let’s use the arithmetic sequence method to calculate 1 + 3 + 5 + 7 + 9. We can observe 

that these numbers are: 1, 3, 5, 7, 9 They form an arithmetic sequence, where: First term a = 1 Common 

difference d = 2 Number of terms n = 5 Now we use the sum formula for an arithmetic sequence: S_n = 

\frac{n}{2} \times [2a + (n - 1)d] Substitute the values into the formula: S_5 = \frac{5}{2} \times [2 \times 1 + (5 -

1) \times 2] S_5 = \frac{5}{2} \times [2 + 4 \times 2] = \frac{5}{2} \times [2 + 8] = \frac{5}{2} \times 10 = 5 \times 5 

= 25 Final answer: 25

Figure 8: The fine-tuned Qwen3-30B-A3B could generate aligned answers across diverse cognitive levels. English
translations are provided beneath the relevant Chinese text in blue.
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