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Abstract

As large language models continue to advance,
their application in educational contexts re-
mains underexplored and under-optimized. In
this paper, we address this gap by introducing
the first diverse benchmark tailored for educa-
tional scenarios, incorporating synthetic data
containing 9 major scenarios and over 4,000
distinct educational contexts. To enable com-
prehensive assessment, we propose a set of
multi-dimensional evaluation rubrics that cover
12 critical aspects relevant to both teachers and
students. We further apply human annotation to
ensure the effectiveness of the model-generated
evaluation responses. Additionally, we succeed
to train a relatively small-scale model on our
constructed dataset and demonstrate that it can
achieve performance comparable to state-of-
the-art large models (e.g., Deepseek V3, Qwen
Max) on the test set. Overall, this work pro-
vides a practical foundation for the develop-
ment and evaluation of education-oriented lan-
guage models.

1 Introduction

Large Language Models (LLMs) have recently
shown remarkable potential in educational contexts,
offering capabilities such as problem-solving, in-
teractive dialogue, and decision-making (Jia et al.,
2021; Rouzegar and Makrehchi, 2024; Li et al.,
2025). These abilities make LLMs promising tools
for tasks ranging from personalized tutoring to ed-
ucational content generation. However, despite
growing interest, research on their practical deploy-
ment in education remains limited.

A key limitation of previous work is their narrow
focus on knowledge-intensive tasks (Rein et al.,
2023; Team et al., 2025; Cobbe et al., 2021), which
fails to reflect the diverse educational scenarios
encountered in real-world settings. These efforts
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often overlook the complexity introduced by vary-
ing roles (e.g., professors, students, psychological
counselors), whose needs, goals, and interaction
styles differ significantly. More importantly, exist-
ing benchmarks (Huang et al., 2024b; Koutcheme
et al., 2024b; Yang et al., 2024) rarely align task
interactions with learners’ cognitive levels and
scenario-specific objectives, leading to evaluation
dimensions that lack pedagogical relevance. In
contrast, our work introduces EduBench, a bench-
mark designed not only to support educational ap-
plications, but also to promote the development
of robust and goal-aligned evaluation mechanisms
that reflect the diversity of modern educational
needs. By going beyond purely knowledge-based
tasks (Koutcheme et al., 2024a; Ng and Fung, 2024;
Huang et al., 2024a), EduBench re-centers edu-
cational AI research on the core values of educa-
tion—holistic development, personalized support,
and context-aware learning—while systematically
constructing data that captures the rich landscape
of roles, domains, and learning scenarios.

For constructing data, we create a diverse dataset
considering 9 different educational scenarios, in-
cluding assignment judging, proposing a study plan
given the profile of specific students, providing psy-
chological health. We design several educational
contexts in each scenario to further facilitate the
diversity of the data, such as question difficulties,
student grades (e.g., elementary school students,
high school students, graduate students, etc.), and
different subjects. Collectively, these categories
cover over 4,000 diverse educational contexts. For
these different contexts, we create different query-
ing data, resulting in a dataset containing 18,821
data points. Furthermore, to ensure the quality
of the data, we proportionally sample a total of
500 queries across different scenarios and evaluate
them using both human raters and multiple LLMs.
All evaluations follow a set of carefully designed
human-written criteria.
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Figure 1: The left section presents our 9 educational scenarios, along with their multi-dimensional educational
contexts and corresponding rubrics. The right section illustrates the results from human evaluation on EduBench.

In designing our evaluation rubrics, we focus on
three principal aspects. First, Scenario Adaptation
determines if the model’s response appropriately
addresses the conditions and constraints defined
by specific educational scenarios, task instructions,
and role-playing requirements. Second, Factual &
Reasoning Accuracy scrutinizes both the factual
correctness of the information presented and the
logical soundness of the reasoning applied. Third,
Pedagogical Application examines the response’s
adherence to established educational principles and
its potential to positively impact students’ learn-
ing experiences. Each major aspect contains 4
distinct sub-rubrics to evaluate the responses in
a finer-grained way. These rubrics are systemati-
cally allocated across nine educational scenarios
to ensure comprehensive coverage of diverse task
demands.

When evaluating the responses of different mod-
els, we notice a trade-off between accuracy and
cost when comparing human and LLM evaluators.
Hence, we choose to investigate the evaluation ca-
pabilities of different LLMs by comparing their
evaluative responses with those of human judges
in a small test set consisting of 198 diverse data
points. Our experiments on several LLMs reveal
that DeepSeek V3 achieves the best alignment with
human annotators. Results of using it to benchmark
five different LLMs show that: (1) The models’
understanding of the scoring guidelines remains
imperfect. (2) Not all models, when used as evalu-
ators, align closely with human ratings; DeepSeek

V3 stands out for its consistency, whereas GPT-4o
performs relatively weaker. (3) Smaller models in
general would perform worse than large models.

As smaller language models typically underper-
form significantly larger models, we further high-
light the utility of our data in boosting the perfor-
mance of smaller models. This is achieved through
knowledge distillation from powerful larger mod-
els, aiming to bridge the performance gap. We
implement a multi-source distillation strategy, ex-
tracting expertise for each scenario from the LLMs
with the highest performance on that scenario. Our
results demonstrate that a 7B model can attain per-
formance comparable to the state-of-the-art 671B
DeepSeek V3 model using a dataset size of around
17,000 training samples. We summarize our contri-
bution as follows:

1. We present the first LLM-powered educa-
tional benchmark with the largest scalable sce-
nario and context collection (4,000+ contexts),
along with a 12-dimension evaluation system.

2. We establish a series of findings and will
release all the model-generated and human-
annotated data that could benefit the LLM re-
search community regarding both educational
applications and LLM-based evaluations.

3. We show that our data could benefit smaller
models to achieve comparable performance
with powerful state-of-the-art LLMs.
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Figure 2: Overview of EduBench, with data curation on
the left, evaluation principles and human–LLM align-
ment in the middle, and downstream performance gains
for smaller models on the right.

2 Dataset Collection

In this section, we describe the dataset construction
methodology used in this paper. Our objective is
to build a comprehensive benchmark that reflects
realistic and diverse scenarios in the educational do-
main, covering both students’ and teachers’ needs
across multiple functional capacities with varied
levels of difficulty and content modalities.

To achieve this goal, we choose to synthesize
data using LLMs due to the limitations of real-
world educational data. In practice, data from cer-
tain domains remain sparse and exhibit unstable
quality, such as student psychological counseling.
To address this issue, we generate data based on
human-written seed scenarios, which provide struc-
tured guidance for LLMs and help mitigate data
sparsity in underrepresented scenarios.

2.1 Scenario Design

We categorize and organize a set of key education-
related tasks (Gan et al., 2023; Wang et al., 2024b),
each reflecting a distinct dimension of education.
Based on these tasks, we define a “scenario” as a
representative educational scenario that involves
typical user roles, cognitive skill demands, input-
output formats, and evaluation criteria. Build-
ing on the distinction in typical user roles, we
categorize these tasks into Student-Oriented Sce-
narios (Ng and Fung, 2024; Team et al., 2025;
Koutcheme et al., 2024a) and Teacher-Oriented
Scenarios (Zhang et al., 2025; Ghanem et al., 2022;
Huang et al., 2024a). This conceptualization en-
ables us to structure a wide range of tasks grounded
in real-world educational practice.

To support both learner assistance and instruc-
tional tasks, we categorize domains into two pri-
mary types.

Student-Oriented Scenarios: Problem Solving
(Q&A), Error Correction (EC), Idea Provision (IP),
Personalized Learning Support (PLS), Emotional
Support (ES).

Teacher-Oriented Scenarios: Question Gen-
eration (QG), Automatic Grading (AG), Teaching
Material Generation (TMG), Personalized Content
Creation (PCC).

These scenarios simulate key educational roles
and scenarios, enabling realistic evaluation of LLM
capabilities in classroom, tutoring, and curriculum
design settings. A detailed breakdown of each sce-
nario is provided in Appendix A.

2.2 Educational Context Design
To ensure scenario realism, learner alignment, and
meaningful evaluation, we construct diverse educa-
tional domain contexts that reflect the conditions
under which tasks naturally occur. Each context is
designed to capture variation across four primary
dimensions: subject taxonomy, task difficulty,
language setting, and question type. This diver-
sity enables EduBench to cover a wide range of
real-world educational scenarios, from K–12 to
postgraduate levels, and from basic recall to com-
plex reasoning.

Following the disciplinary category design of
EduNLP (Huang et al., 2024b) and SuperG-
PQA (Team et al., 2025), we categorize tasks based
on educational stages (e.g., K–12 vs. higher edu-
cation) and align them with different cognitive and
pedagogical goals. Each task is assigned a diffi-
culty level (easy, medium, hard) to reflect expected
learner proficiency. EduBench currently supports
both Chinese and English tasks to encourage bilin-
gual model evaluation. Question types are speci-
fied based on domain functionality: most scenarios
adopt common types such as Single Choice, Mul-
tiple Choice, and Short Answer, while specialized
scenarios follow scenario-specific definitions. De-
tails of all the designs of the educational context
can be found in Appendix B.

2.3 Question Generation for Scenario Tasks
Building on the structured scenario design, we
generate benchmark data using a systematic and
scalable pipeline tailored to educational scenarios.
First, we organize our coverage across nine major
scenarios grounded in an educational competency
framework (see Appendix A). Within each scenario,
we apply multi-dimensional categorization, includ-
ing subject taxonomy, task difficulty, and question
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Figure 3: The pie charts show the scenario distribution across Chinese (9,141) and English (9,680) samples in the
benchmark. The right panel presents a representative example from the Personal Learning Support scenario,
illustrating a student profile with corresponding personalized learning content include targeted exercises, curated
reading materials, and differentiated teaching plans.

type, to define fine-grained task scenarios.
For each scenario, we design prompt templates

that reflect realistic user intents, then use GPT-4o
to generate consistent data instances. For example,
in the mathematics domain, a scenario like “Middle
School – Short Answer Question” guides the model
in producing relevant QA pairs. Further prompt
design details and generated samples are available
in Appendix F.

2.4 Data Quality Assessment

To verify the quality of queries generated by LLMs,
as in Figure 4, we adapt a human-guided hybrid
evaluation mechanism. Guided by educational us-
ability requirements, we manually design a set of
scenario-aligned evaluation criteria, consisting of
two universal dimensions — linguistic quality and
content quality — together with task-specific di-
mensions corresponding to each scenario (see Ap-
pendix C). Based on these criteria, we proportion-
ally sample approximately 500 queries across sce-
narios for dual evaluation: (1) human annotators
score the queries, and (2) several high-performing
models generate automatic scores under the same
rules. We use the Mean Absolute Error (MAE) to
measure how much a model’s evaluation of a query
deviates from human ratings. For each evaluation
dimension, we compute the absolute difference be-
tween the model score and the human score, and

Figure 4: Workflow of Selecting the Most Human-
Aligned LLM and Conducting Full-Scale Evaluation.

then average this value over all queries that contain
this dimension. This yields the model’s deviation
from human judgments for that specific dimension.

By comparing the consistency between model
and human ratings in Table 6, we select QwQ-32B,
the model most aligned with human judgments, as
the final automatic evaluator, achieving a balance
between cost efficiency and assessment reliability.
This model is then applied to conduct full-scale
quality evaluation over the dataset. Results in Ta-
ble 1 demonstrate that the dataset maintains high
overall quality. The generated queries consistently
exhibit strong performance in linguistic quality,
content reliability, and task appropriateness, con-
firming the effectiveness of our design.
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Task Name Human-subset QwQ-subset QwQ-full

Error Correction 8.26 9.38 8.39
Problem Solving / Idea Provision 9.07 9.11 9.01
Automatic Grading 8.31 8.50 8.72
Teaching Material Generation 6.98 8.81 8.78
Question Generation 8.81 9.15 8.89
Emotional Support 8.07 8.77 8.88
Personalized Content Creation 8.17 8.78 8.95
Personalized Learning Support 8.31 9.00 9.00

Table 1: Query evaluation: the subset refers to queries
randomly selected for human and model evaluation and
the full refers to the entire benchmark.

3 Evaluation Rubric Design

With a set of well-established query data, we pro-
ceed to assess the ability of frontier LLMs to prop-
erly fulfill the diverse requirements (reflected by
the queries) and generate high-quality responses.

In this section, we design a set of evaluation
rubrics from different dimensions to achieve such
a goal. Evaluating complex domains such as edu-
cation is challenging due to multiple participants
and multidimensionality. Previous studies have em-
ployed large language models (LLMs) for evalua-
tion purposes (Koutcheme et al., 2024b; Team et al.,
2025; Yang et al., 2024; Wang et al., 2024a; Ng
and Fung, 2024). Building on this foundation, we
proposed a newly designed, structured set of evalu-
ation rubrics that include 12 dimensions and reflect
both pedagogical goals and scenario-specific expec-
tations to enhance the accuracy and interpretability
of model evaluation. Our design comprises three
core dimensions: Scenario Adaptation, Factual &
Reasoning Accuracy, Pedagogical Application.

3.1 Overall Design

To enhance the accuracy and interpretability of
model evaluation, we design a series of evalua-
tion rubrics. By incorporating these criteria into
the evaluation prompts, we guide the model to as-
sign scores according to the specified rubrics based
on the given data, while also producing detailed
justifications during the evaluation process. The
approach of introducing rubrics or principles in
evaluation has been widely validated (Liu et al.,
2025; Sharma et al., 2025; Bai et al., 2022), with
some being manually designed and others gener-
ated by the model before or during the evaluation.

3.2 Rubric Design

We design distinct evaluation rubrics based on 3
scenarios, with 4 rubrics for each scenario to cover
its key aspects, resulting in 12 different rubrics.

Scenario Adaptation The Scenario Adaptation
rubric evaluates whether model responses are con-
textually appropriate and aligned with educational
expectations. It is assessed across four dimensions:
1) Instruction Following & Task Completion, 2)
Role & Tone Consistency, 3) Content Relevance &
Scope Control, 4) Scenario Element Integration.

Factual & Reasoning Accuracy The Factual &
Reasoning Accuracy rubric assesses the correctness
of information and the rigor of reasoning in model
responses. It includes four sub-rubrics: 1) Basic
Factual Accuracy, 2) Domain Knowledge Accuracy,
3) Reasoning Process Rigor, 4) Error Identification
& Correction Precision.

Pedagogical Application This rubric evaluates
whether responses embody sound educational prin-
ciples and effectively support student learning. It
consists of the following sub-rubrics: 1) Clarity,
Simplicity & Inspiration, 2) Motivation, Guidance
& Positive Feedback, 3) Personalization, Adapta-
tion & Learning Support, 4) Higher-Order Think-
ing & Skill Development.

The detailed explanations of these rubrics are
provided in Appendix D.

3.3 Dynamic Rubric Allocation
Given the diversity of educational tasks covered in
EduBench, a one-size-fits-all evaluation approach
is insufficient. Not all rubrics are equally rele-
vant or applicable across the nine distinct scenarios.
For example, Emotional Support tasks emphasize
contextual empathy and scenario alignment more
than factual precision, while scenarios like Prob-
lem Solving and Question Generation rely heavily
on rigorous reasoning and factual correctness.

To address this, we design a flexible evaluation
framework that dynamically allocates appropriate
rubrics based on the specific requirements of each
scenario. Each scenario is associated with a tai-
lored subset of evaluation dimensions that best re-
flect its instructional goals, content characteristics,
and target outcomes. This ensures both fairness
and relevance in the evaluation process. Detailed
rubric-scenario mappings and allocation rules are
provided in Appendix D.4.

3.4 Human-guided LLM-based Evaluation
Evaluating open-ended educational tasks is chal-
lenging due to the subjectivity and complexity of
responses. While human annotation offers high-
quality judgments, it is costly and difficult to scale.
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On the other hand, relying solely on LLM-based
evaluation raises concerns about reliability and con-
sistency across diverse scenarios.

We adopt a human-guided evaluation framework
by constructing a high-quality test set of 198 di-
verse examples (11 per scenario in both English
and Chinese), annotated by expert judges across
various task types, to measure the alignment be-
tween LLMs and human judgments.

This approach enables scalable and efficient as-
sessment aligned with human standards.

4 Experiments

Response generation We select 5 represen-
tative models: DeepSeek R1 (Guo et al.,
2025), DeepSeek V3 (Liu et al., 2024), Qwen
Max, Qwen2.5-14B-Instruct, and Qwen2.5-7B-
Instruct (Qwen, 2024). This selection provides
a broad view of how models of varying sizes and
types, such as standard and reasoning models, han-
dle educational tasks.

Response evaluation We select the following
LLMs: QwQ Plus (Qwen, 2025), GPT-4o (Ope-
nAI et al., 2024), DeepSeek R1 (Guo et al., 2025),
and DeepSeek V3 (Liu et al., 2024), as evalua-
tors due to their strong scenario understanding,
broad knowledge, and accurate intent recognition.
These models assess responses using our defined
rubrics, guided by dedicated prompts that include
language-specific descriptions to avoid language
bias. Prompt details are provided in Appendix E.

Test set We use 198 test samples (99 Chinese, 99
English), comprising questions from Section 2.3
and responses from five models. For data selection
of the test set, we sample all the data points from
different educational sub-contexts to ensure the
diversity and comprehensiveness of our evaluation.

We present the evaluation results from the best-
performing evaluator model: Deepseek V3, while
the complete results of model generation and eval-
uation are detailed in Appendix K.

4.1 Evaluation Details
As mentioned in Section 3.4, to ensure the ratio-
nality and verifiability of the evaluation, we em-
ploy both model-based and human-based point-
wise evaluations to assess the responses from dif-
ferent models. Specifically, each QA pair is eval-
uated separately by each evaluation model and by
3 human annotators. All evaluations are based on
the 12 rubrics that we have defined in Section 3.

During model evaluation, rubric information is
embedded into the prompt, requiring models to out-
put individual rubric scores in a single response. In
human evaluation, annotators study the rubrics in
advance and adhere strictly to the criteria during
annotation. We adopt a pointwise evaluation strat-
egy, as preliminary experiments reveal significant
positional bias in pairwise settings (Appendix J.3).
The scoring guidelines are detailed in Appendix G.

4.2 Experiment Results

Model-evaluation results DeepSeek R1 demon-
strates the best overall performance across different
rubrics, while Qwen2.5-7B-Instruct performs the
worst in Table 2. Moreover, DeepSeek R1 performs
the best on Higher-Order Thinking & Skill Devel-
opment, and Qwen2.5-7B-Instruct is the least sat-
isfactory in Error Identification & Correction Pre-
cision, with both models showing a clear gap com-
pared to others. In specific scenarios, DeepSeek R1
remains the best, while Qwen2.5-7B-Instruct out-
performs Qwen2.5-14B-Instruct in scenarios like
Emotional Support and Personalized Content Cre-
ation in Table 3. This shows the gap between mod-
els with smaller sizes is not very large and it drives
us to choose the 7B model as the student model
during our distillation experiments in Section 5.

Human-evaluation results DeepSeek R1 and
Qwen2.5-7B-Instruct still demonstrate the best and
worst performance respectively in Table 2, consis-
tent with the results from model-based evaluation.
Unlike model evaluation, human annotation shows
noticeably lower satisfaction with the performance
of all five models on the Reasoning Process Rigor
rubric. Qwen2.5-7B-Instruct performs particularly
poorly on this rubric, scoring only 5.90. In con-
trast, DeepSeek R1 shows consistently strong per-
formance on the Motivation, Guidance & Positive
Feedback rubric, even when other models fall short.
At the scenario level, DeepSeek R1 remains far
ahead in Table 3, while the performance gap be-
tween 7B and 14B of Qwen models is relatively
small, making the 7B model a cost-effective choice
in resource-constrained settings.

4.3 Analysis

4.3.1 Consistency Results
Consistency between evaluation models As
shown in Table 5, Kendall’s W values exceed 0.5
for nearly all models, indicating strong agreement.
DeepSeek V3 exhibits the highest consistency, with
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Evaluator Model BFA CSI CRSC DKA EICP HOTS IFTC MGP PAS RPR RTC SEI Average

DeepSeek V3

DeepSeek R1 9.51 8.75 9.44 9.45 7.61 8.53 9.47 7.76 9.64 8.85 9.14 9.06 8.93
DeepSeek V3 9.57 8.61 9.25 9.27 7.23 7.98 9.21 7.56 8.94 8.76 9.00 8.59 8.66
Qwen Max 9.38 8.53 9.12 9.23 7.43 7.99 9.16 7.85 9.05 8.57 9.00 8.61 8.66
Qwen2.5-14B-Inst 9.28 8.50 9.03 9.14 7.14 7.81 8.94 7.55 8.71 8.35 8.82 8.25 8.46
Qwen2.5-7B-Inst 9.27 8.55 9.08 9.12 6.77 7.86 8.96 7.05 8.95 8.42 8.82 8.53 8.44

Human

DeepSeek R1 8.97 8.60 8.98 8.94 8.86 8.56 8.77 8.20 9.26 7.95 8.91 8.92 8.74
DeepSeek V3 8.77 7.77 8.40 7.89 8.11 7.25 8.10 7.70 7.42 7.03 7.80 7.47 7.89
Qwen Max 8.81 8.01 8.52 8.27 8.23 7.59 8.10 7.70 7.89 7.31 8.09 7.74 8.02
Qwen2.5-14B-Inst 8.74 7.76 8.26 7.79 7.86 6.88 7.77 6.97 7.02 7.01 7.59 7.03 7.56
Qwen2.5-7B-Inst 8.49 7.63 8.04 7.82 7.45 6.93 7.65 7.05 7.38 5.90 7.82 7.35 7.46

(a) Rubric-level evaluation results under model-based and human evaluators

Abbreviation Full Name

IFTC Instruction Following & Task Completion
RTC Role & Tone Consistency

CRSC Content Relevance & Scope Control
SEI Scenario Element Integration

BFA Basic Factual Accuracy
DKA Domain Knowledge Accuracy
RPR Reasoning Process Rigor
EICP Error Identification & Correction Precision

CSI Clarity, Simplicity & Inspiration
MGP Motivation, Guidance & Positive Feedback
PAS Personalization, Adaptation & Learning Support

HOTS Higher-Order Thinking & Skill Development

(b) Full names of evaluation rubrics

Table 2: Rubric-level average scores evaluated by DeepSeek V3 and human evaluators across different evaluation
rubrics. For brevity, rubric names are abbreviated, with full definitions provided in the right subtable.

Evaluator Model Q&A PLS EC IP AG TMG ES QG PCC Average

DeepSeek V3

DeepSeek R1 9.49 9.65 9.27 8.75 7.27 9.45 9.38 9.33 9.71 9.14
DeepSeek V3 9.68 9.04 9.14 8.53 7.05 9.34 9.00 9.06 8.92 8.86
Qwen Max 9.18 8.88 9.06 8.52 7.23 9.24 9.04 9.05 9.29 8.83
Qwen2.5-14B-Instruct 9.07 8.72 8.97 8.30 6.77 9.21 8.74 9.02 8.80 8.62
Qwen2.5-7B-Instruct 9.15 9.07 9.01 8.47 6.44 9.21 8.85 8.69 9.00 8.65

Human

DeepSeek R1 7.17 9.11 8.71 8.80 8.42 8.86 9.15 8.79 9.35 8.71
DeepSeek V3 7.45 8.12 8.16 8.17 7.84 7.56 8.08 8.01 7.03 7.82
Qwen Max 7.72 7.94 8.21 8.15 7.89 7.99 7.85 8.39 8.42 8.06
Qwen2.5-14B-Instruct 7.66 7.38 7.92 7.56 7.55 7.84 7.31 7.91 7.36 7.61
Qwen2.5-7B-Instruct 6.78 7.63 7.93 7.74 6.79 7.86 7.79 7.55 7.42 7.50

Table 3: Scenario-Level average scores evaluated by DeepSeek V3 and human evaluator. Max values in each column
per evaluator are bolded. Full names of each scenarios can be found in Section 2.1.

its average-score rankings closely aligned with
those of other models.
Consistency between human and models The
overall rankings of the generation models from
both human evaluation and model evaluation show
similar trends. We also evaluated Kendall’s Coeffi-
cient of Concordance between different evaluators
in Table 5. The evaluation scores from models do
not align precisely with human judgments, which
may be attributed to their limited evaluation rubric
understanding. Overall, DeepSeek V3 exhibits the
highest correlation with human evaluations, while
GPT-4o shows the lowest. This pattern may be
attributed to the relatively larger model sizes and
broad training data distribution of DeepSeek V3.

4.3.2 Model Behavior Analysis
Model evaluations tend to assign higher scores
than human annotators. Our results demon-
strate that models assign scores approximately one
point higher than human’s at both rubric and sce-
nario levels. Models typically assign scores ex-
ceeding 9, while human annotators generally label
the same items with scores around 7, creating an
almost two-point discrepancy that highlights a sig-
nificant divergence in evaluation standards. We
attribute this gap to two factors: 1) Models may

misinterpret scoring criteria, which could be im-
proved through post-training, as current evaluators
are not reward models. 2) Reinforcement Learn-
ing from Human Feedback training makes models
reluctant to give negative feedback. However, we
believe post-training could mitigate this issue, and
we’ll explore this direction in future work.
Larger models typically outperform smaller
ones across scenarios. Top models like DeepSeek
R1 excel overall, while smaller ones (e.g.,
Qwen2.5-7B-Instruct) only succeed in limited tasks
and lag in complex rubrics (Domain Knowledge
Accuracy, etc.). Notably, for smaller models, size
is not definitive – the 7B Qwen2.5 occasionally
surpasses its 14B version.

5 Multi-source Distillation

Data selection based on EduBench. To fully lever-
age the strengths of different response generation
models across various scenarios, we adopt a multi-
source distillation pipeline. For each task, we select
the best-performing model on the test set as the re-
sponse generator, using it to answer educational
domain questions and construct the training dataset
for the distillation model; details are shown in Ap-
pendix L. To guarantee the integrity of the training
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Model BFA CSI CRSC DKA EICP HOTS IFTC MGP PAS RPR RTC SEI Average

DeepSeek R1 9.51 8.75 9.44 9.45 7.61 8.53 9.47 7.76 9.64 8.85 9.14 9.06 8.93
DeepSeek V3 9.57 8.61 9.25 9.27 7.23 7.98 9.21 7.56 8.94 8.76 9.00 8.59 8.66
Qwen Max 9.38 8.53 9.12 9.23 7.43 7.99 9.16 7.85 9.05 8.57 9.00 8.61 8.66
Qwen2.5-14B-Instruct 9.28 8.50 9.03 9.14 7.14 7.81 8.94 7.55 8.71 8.35 8.82 8.25 8.46
Qwen2.5-7B-Instruct 9.27 8.55 9.08 9.12 6.77 7.86 8.96 7.05 8.95 8.42 8.82 8.53 8.44
Distillation Qwen2.5-7B 9.26 8.56 9.27 8.95 6.89 8.43 9.41 7.32 9.56 9.26 9.09 8.95 8.75

Table 4: Performance comparison of our distillation model with other models based on rubric-level evaluations by
DeepSeek V3. Best results are bold while second best results are underlined. For our distillation model, we use
Qwen2.5-7B-Instruct as the base model. For simplicity, rubrics are abbreviated; full names are listed in Table 2b.

Model DeepSeek R1 GPT-4o QwQ-Plus DeepSeek V3 Human

DeepSeek R1 - 0.55 0.61 0.65 0.63
GPT-4o 0.55 - 0.57 0.58 0.56

QwQ-Plus 0.61 0.57 - 0.62 0.63
DeepSeek V3 0.65 0.58 0.62 - 0.63

Human 0.63 0.56 0.63 0.63 -

Table 5: Kendall’s W between different evaluation
models and human evaluation.

data, we further apply two filtering steps: (1) re-
moving samples that overlap with the test set to
prevent data leakage, and (2) discarding entries for
which no best-performing model response is avail-
able. Through the distillation pipeline, we obtain
a training set of 17,983 samples covering various
subtasks across all 9 educational scenarios.
Results. As shown in Table 4, after distillation,
the performance of the 7B model significantly im-
proved across 10 of the 12 rubrics, achieving perfor-
mance comparable to that of state-of-the-art mod-
els. Notably, it outperforms all other models, in-
cluding DeepSeek R1 and Qwen Max, in terms of
the Reasoning Process Rigor rubric.

6 Related Work

Evaluation Benchmarks of LLMs Mainstream
evaluation benchmarks for LLMs often prioritize
the assessment of general capabilities rather than
their applicability in educational contexts. This
gap has spurred specialized benchmarks that target
educational scenarios, although significant limita-
tions persist. For instance, EduNLP (Huang et al.,
2024b) offers a modular framework spanning 8
disciplines and 5 downstream tasks, but its ped-
agogical relevance is limited by narrow scenario
diversity and reliance on generic rubrics. In pro-
gramming education, benchmarks on code repair
evaluate LLMs in tasks such as code correction
and error explanation across classroom and open-
source settings (Koutcheme et al., 2024a,b). In con-
trast, benchmarks for academic question answering
and language learning focus on reasoning and text

simplification across many domains, but typically
adopt fixed formats that emphasize readability or
correctness over interactive pedagogy (Rein et al.,
2023; Team et al., 2025; Huang et al., 2024a).

Despite progress in general and domain-specific
benchmarks, educational applications remain con-
strained to narrow scenarios, typically focusing on
single-subject, fact-based Q&A, while overlooking
authentic contexts such as adaptive feedback and
collaborative learning.

LLMs for Education Applications A substan-
tial body of work investigates LLMs for educa-
tional applications across multiple settings, includ-
ing content generation, interactive tutoring, and
automated assessment. Prior studies show that
LLMs enable scalable production of coherent in-
structional materials (Jia et al., 2021; Ghanem et al.,
2022; Berman et al., 2024), support learning in
domains such as programming and mathematics
through guided instruction and personalized feed-
back, and support instructional practice by simu-
lating student behaviors or providing instructional
feedback (MacNeil et al., 2023; Wang et al., 2024c;
Pardos and Bhandari, 2023; Markel et al., 2023).
LLMs have also been widely adopted as automated
assessment tools for evaluating essays and math-
ematical answers, offering scoring and diagnos-
tic feedback to support learning (Cao et al., 2020;
Yang et al., 2020; Jiang et al., 2024), with many
evaluation settings further relying on option-based
formats (Rein et al., 2023). In terms of evalua-
tion and task design, existing studies commonly
adopt surface-level rubrics such as ROUGE or ac-
curacy (Shi et al., 2025) and typically focus on
classroom-only or Examination-oriented scenarios,
rather than modeling broader and more diverse ed-
ucational processes (Zhu et al., 2025).

Compared with prior work that focuses on
Examination-oriented settings and rigid multiple-
choice evaluations, our approach emphasizes both
scenario-specific and diverse evaluation criteria,
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while also expanding the range of educational sce-
narios. As a result, our work covers a broad spec-
trum of educational contexts and supports multiple
user groups within the educational domain.

7 Conclusion

In this work, we present the first comprehensive
benchmark for evaluating LLMs in diverse educa-
tional scenarios. By incorporating data across 9
major domains and over 4,000 distinct educational
contexts, it integrates model-generated query data
to reflect real-world needs. We further introduce
a set of multi-dimensional evaluation rubrics span-
ning 12 critical aspects, addressing the perspectives
of both educators and learners. Human annotations
are employed to validate the quality and relevance
of model-generated outputs, enhancing the bench-
mark’s reliability. Extensive experiments show that
smaller models trained on our dataset can rival
state-of-the-art LLMs, underscoring the potential
for efficient education-oriented LLMs. We believe
this benchmark could serve as a valuable resource
for the community and inspire further research in
optimizing LLMs for educational applications.

Discussion We believe that our work lays a foun-
dational step for LLM-based educational research,
offering a comprehensive benchmark and evalu-
ation framework that captures the diverse roles,
scenarios, and needs present in real-world educa-
tion. By systematically incorporating scenarios like
psychological counseling, assignment grading, and
personalized study planning, we bring previously
overlooked scenarios into the research landscape,
encouraging deeper exploration across subject ar-
eas, learner profiles, and task types. Our bench-
mark can serve as a springboard for future research
in designing better better benchmarks that fulfill
more diverse needs, robust evaluation models,
scenario-adapted educational LLMs, and even
LLM agents that can perform multi-role, interac-
tive support in classrooms or digital learning en-
vironments. Moreover, this work has immediate
practical value for educators and institutions,
offering structured tools that can help enhance effi-
ciency, personalize learning, and reduce workload.
The synthetic data construction methods we em-
ploy also open up new possibilities for scalable,
low-cost training and evaluation, though future
work could further improve context richness, re-
alism, and dynamic data generation. Ultimately,
we hope this work inspires the community to build

stronger foundation models for trustworthy and ef-
fective educational AI systems.

Limitations

This work has several limitations that point to
promising directions for future research. First, the
set of LLMs we evaluated is relatively limited, and
including a wider variety of models would offer
a more comprehensive understanding of system
performance. Second, while our work explores
the correlation between human and model evalu-
ations, there is still room to improve alignment.
We also employed only basic prompt engineering
techniques; more sophisticated prompting strate-
gies or the use of LLM agents may lead to better
results. Moreover, most of our evaluation rubrics
and task scenarios were manually designed, and
automating this process could enhance scalability
and consistency. In addition, the current test set
remains relatively limited in size, and expanding it
would further improve the robustness of evaluation
results. Finally, our methods have not yet been
tested in real-world educational environments with
practitioners, which will be important for validat-
ing practical applicability and impact.
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A Detailed Scenario Descriptions

This appendix provides comprehensive definitions
and explanations of all task scenarios included in
EduBench. Each scenario captures a specific edu-
cational use case, featuring unique roles, goals, and
evaluation considerations. The descriptions are or-
ganized into two categories—student-oriented and
teacher-oriented—based on the primary user group
served by the tasks.

A.1 Student-Oriented Scenarios
This section outlines scenarios in which AI sys-
tems directly assist students in their learning jour-
ney. The tasks are designed to reflect authentic stu-
dent needs, including solving academic problems,
receiving feedback on errors, obtaining personal-
ized learning recommendations, and even receiving
emotional support. These scenarios emphasize in-
teraction quality, content accuracy, and adaptability
to individual learning situations.

• Problem Solving: The ability of an AI sys-
tem to accurately solve questions posed by
students across various subjects and difficulty
levels.

• Error Correction: The capacity to identify
and correct student errors in assignments, ex-
ams, or daily exercises. Errors can range from
obvious mistakes to subtle issues such as vari-
able misuse in code or logical flaws in mathe-
matical reasoning. Evaluation focuses on the
accuracy of error detection and the quality of
correction.

• Idea Provision: This includes answering stu-
dent queries about knowledge points, home-
work guidance, or exam preparation. It is sub-
divided into basic factual explanations, step-
by-step solution analysis, and general aca-
demic advice. Responses are evaluated for
accuracy, clarity, and informativeness.

• Personalized Learning Support: Based on
student profiles (e.g., skill level, learning
goals), the system recommends learning paths,
exercises, or reading materials tailored to in-
dividual needs. Effectiveness is judged by the
relevance, difficulty alignment, and usefulness
of the recommendations.

• Emotional Support: This involves detecting
a student’s emotional state (e.g., anxiety be-
fore exams) from text and offering appropriate
supportive feedback or suggestions. Scenar-
ios include pre-exam stress, post-exam frus-
tration, or social isolation. Evaluation rubrics
include emotion classification accuracy, speci-
ficity of emotional cues, and quality of sug-
gestions.

A.2 Teacher-Oriented Scenarios
This section focuses on scenarios where AI systems
are used to support educators in instructional de-
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sign, assessment, and personalized teaching. These
tasks capture the typical responsibilities of teach-
ers—such as generating exam questions, grading,
and preparing learning materials—and evaluate
how effectively AI can augment or automate these
functions to improve teaching efficiency and qual-
ity.

• Question Generation: Generating questions
based on specified topics, difficulty levels, and
knowledge scopes. This includes both single-
topic and multi-topic (comprehensive) ques-
tion generation. Advanced requirements in-
volve generating explanations and formatting
full exams. Evaluation focuses on question
quality, relevance, and structural coherence.

• Automatic Grading: Supporting grad-
ing of objective questions (e.g., multiple-
choice, fill-in-the-blank) and subjective tasks
(e.g., project reports) based on scoring
rubrics. Feedback generation is also sup-
ported. Rubrics include scoring accuracy, rea-
sonableness, and feedback informativeness.

• Teaching Material Generation: Automati-
cally generating educational content such as
slides, teaching plans, and lecture notes. This
includes content structuring and supplement-
ing with relevant external materials like im-
ages or references.

• Personalized Content Creation: Generat-
ing differentiated content for students based
on their learning levels or personal profiles.
This includes both individualized assignments
and tiered content design (e.g., differentiated
learning objectives, teaching strategies, and
assessments for varying student levels). Eval-
uation focuses on the internal validity of each
item and cross-tier consistency.

B Educational Context Details

Subject Taxonomy: We follow a two-tier classifi-
cation system to reflect academic breadth:

• K–12 Subjects:
– Chinese, Mathematics, English,

Physics, Chemistry, Biology,
History, Geography.

• Higher Education Subjects:
– Sciences: Mathematics, Physics,

Chemistry, Biology, Astronomy

– Engineering: Computer Science,
Automation Control, Aerospace Sci-
ence and Technology

– Agriculture: Aquaculture, Crop Sci-
ence

– Economics: Applied Economics,
Theoretical Economics

– Education: General Education,
Physical Education

– Management: Business Administra-
tion, Public Administration

– Medicine: Basic Medicine, Clinical
Medicine

– Social Sciences and Humanities:
Sociology, Psychology, History, Law,
Management

– Literature and Arts: Linguistics,
Journalism, Theory of Music

– Military Science

Task Difficulty Design: Tasks are divided into
three levels:

• Easy – Basic knowledge and low cogni-
tive load.

• Medium – Intermediate tasks requiring
moderate understanding.

• Hard – Complex problems demanding
critical reasoning and expertise.

Language: • EduBench currently supports
tasks in Chinese and English.

Question Types: The question type dimension
captures the format of interaction or evalu-
ation expected from the model:

• Standard Scenarios (e.g., Problem
Solving, Idea Provision, Grading):

– Single Choice
– Multiple Choice
– Short Answer

• Emotional Support Scenarios:
– Mental Healthy
– Mild Anxiety
– Moderate Anxiety
– Severe Anxiety

• Personalized Learning Support & Per-
sonalized Content Creation:

– No explicit question type; task out-
puts are tailored recommendations or
generated content based on learner
profiles.
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Table 6: Comparison of Evaluation Scores Across Different Tasks and Annotation Sources

Task Name Human Labeling Large Language Models
R1 GPT-4o QwQ

Linguistic Quality 9.73 8.96 9.12 9.31
Content Quality 9.66 9.36 8.91 9.45
Error Correction 8.26 8.92 8.13 9.38
Problem Solving 9.07 9.03 8.37 9.11
Automatic Grading 8.31 7.75 7.96 8.50
Teaching Material Generation 6.98 7.41 7.74 8.81
Question Generation 8.81 7.84 8.29 9.15
Emotional Support 8.07 8.28 6.85 8.77
Personalized Content Creation 8.17 7.70 6.71 8.78
Personalized Learning Support 8.31 7.09 6.51 9.00

C Query Evaluation Principles

C.1 Linguistic Quality
Description Is the language expression of the
Query text clear, natural, fluent, and grammatically
correct? Are there any spelling, punctuation, or
word usage errors?

• 9-10: Professional and refined language ex-
pression, completely free of grammatical,
spelling, or punctuation errors, with natural
and fluent phrasing.

• 7-8: Clear language expression, generally flu-
ent, with possibly very minor spelling or punc-
tuation oversights that do not affect under-
standing.

• 5-6: Basically understandable, but contains
some obvious grammatical errors, awkward
word choices, or sentence structure issues,
causing some difficulty in comprehension.

• 3-4: Incoherent language expression, contain-
ing multiple severe grammatical or spelling
errors, resulting in ambiguous meaning.

• 1-2: Completely incoherent, grammatically
chaotic, filled with errors, making it almost
impossible to understand the true intent.

C.2 Content Quality
Description Is the content contained in the Query
logically self-consistent and relevant to the educa-
tional context?

• 9-10: Content is entirely logically self-
consistent and highly relevant to educational
objectives.

• 7-8: Content is basically logically reasonable
and strongly relevant to the educational con-
text. There might be minor details that are not
rigorous enough.

• 5-6: Content is largely relevant but contains
some unimportant factual errors or minor log-
ical flaws.

• 3-4: Content contains obvious logical con-
tradictions or has low relevance to the educa-
tional context.

• 1-2: Content contains severe logical contradic-
tions or is completely irrelevant to education.

C.3 Error Correction Task Quality

Description How good is this Query as an er-
ror correction task? The core lies in whether the
provided text contains a clear, typical, and worth-
correcting error, thus constituting a valuable evalu-
ation instance.

• 9-10: Perfect example. Contains a clear, typi-
cal (commonly made by students) error with
a definite correct answer, in a natural context,
making it highly valuable for evaluation.

• 7-8: Good example. Contains a clear error,
but the error might be less typical or too sim-
ple; still has high evaluation value.

• 5-6: Usable example. An error exists in the
text, but the error point might be unclear, am-
biguous, or the text itself is unnaturally writ-
ten.
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• 3-4: Low-quality example. The provided text
has no error, or the error is fabricated/mean-
ingless, offering little evaluation value.

• 1-2: Invalid example. No text requiring cor-
rection is provided, or the content cannot con-
stitute an error correction task

C.4 Problem Solving Task Quality

Description How good is this Query as a Q&A
task? The core lies in whether the question itself
is clear, effective, knowledge-rich, and has an an-
swerable answer.

• 9-10: High-quality question. The question
is clearly and explicitly stated, knowledge-
intensive, has a clear, verifiable answer, and
matches the target students’ cognitive level.

• 7-8: Good question. The question is clear and
answerable but might be too broad, too simple,
or slightly common-sense.

• 5-6: Average question. The question is some-
what vague or relies on unprovided context,
but its intent can be roughly guessed and an
attempt to answer can be made.

• 3-4: Low-quality question. The question
is based on incorrect assumptions, logically
flawed, or is a highly subjective ’pseudo-
question’ with no standard answer.

• 1-2: Invalid question. Not a question, or com-
plete nonsense; incomprehensible and unan-
swerable.

C.5 Automatic Grading Task Quality

Description How good is this Query as a judging
task (evaluating a student’s answer)? The core lies
in whether it completely contains the two elements:
question and answer, and whether the judgment of
the answer’s correctness possesses a certain level
of challenge and discriminative power.

• 9-10: High-quality judging task. The stu-
dent’s answer represents a typical error worth
analyzing or a partially correct answer worth
evaluating.

• 7-8: Good judging task. The correctness or
incorrectness of the student’s answer is too
obvious.

• 5-6: Usable judging task. The question is
overly simple, or the student’s answer is of
low quality (e.g., random guessing).

• 3-4: Low-quality judging task. Lacks core
elements, making the task impossible to estab-
lish.

• 1-2: Invalid judging task. Information is
chaotic, completely failing to constitute a
valid judging scenario.

C.6 Teaching Material Generation Task
Quality

Description How good is this Query as an in-
struction for teaching material generation? The
core lies in whether the instruction is clear, specific,
and has a clear teaching objective and educational
value.

• 9-10: High-quality instruction. The instruc-
tion is very specific (e.g., target grade, knowl-
edge point, material type, difficulty), the teach-
ing objective is clear, and it has high practical
value.

• 7-8: Good instruction. The instruction is clear,
with a definite teaching theme and material
type, but might lack some detailed constraints
(e.g., difficulty level).

• 5-6: Average instruction. The instruction is
too broad, lacks a specific target, but its basic
intent can still be understood.

• 3-4: Low-quality instruction. The instruction
is vague, or the requested material scope is too
large/impractical (e.g., generate a textbook),
making it difficult to execute.

• 1-2: Invalid instruction. The instruction is
meaningless or completely unrelated to teach-
ing material generation.

C.7 Question Generation Task Quality
Description How good is this Query as a gener-
ate questions from a knowledge point task? The
core lies in whether the provided knowledge point
is authentic, specific, and suitable for being trans-
formed into one or more test questions.

• 9-10: High-quality task. The knowledge point
is core, specific, highly testable, and comes
with clear constraints (e.g., question type, dif-
ficulty).
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• 7-8: Good task. The knowledge point is valid
and testable, but might be somewhat broad,
too simple, or lacks specific constraints for
question generation.

• 5-6: Usable task. The knowledge point is
too trivial or too grand, making question gen-
eration challenging, but it’s still possible to
generate related questions.

• 3-4: Low-quality task. The provided ’knowl-
edge point’ is incorrect, vague, or simply un-
suitable for generating questions.

• 1-2: Invalid task. No valid knowledge point
information is provided.

C.8 Emotional Support Task Quality

Description How good is this Query as a sce-
nario for student mental health? The evaluation
core is: Is the scenario description typical, authen-
tic, and specific, thus constituting a valuable case
for model learning and response?

• 9-10: High-quality case. The scenario de-
scription is extremely authentic, specific, and
highly representative, accurately capturing the
complex emotions and struggles of a student
in a specific situation (e.g., detailed descrip-
tion of self-doubt triggered by an exam failure,
worry about disappointing parents, and con-
fusion about future studies), forming a high-
quality, in-depth typical case.

• 7-8: Good case. The scenario description
is authentic and typical, clearly reflecting a
common struggle among the broader student
population (e.g., social anxiety in a new envi-
ronment, pressure from excessive homework),
making it a good, effective case.

• 5-6: Usable case. The core struggle is real,
but the description is too general, simplified,
or lacks necessary background information
(e.g., merely ’I feel bad, don’t want to go to
school’), resulting in insufficient targeting of
the case.

• 3-4: Low-quality case. The scenario descrip-
tion is unrealistic, exaggerated, sensational,
or deliberately creates dramatic conflict, not
resembling situations real students encounter,
offering low value as a training sample.

• 1-2: Invalid case. The scenario is entirely fic-
tional, logically chaotic, or the content is com-
pletely unrelated to the theme of student men-
tal health, unable to constitute a valid task.

C.9 Personalized Content Creation Task
Quality

Description How good is this Query as a pro-
vide advice based on profile task? The core lies in
whether the student profile is informative, logically
self-consistent, and whether the goal of the advice
is clear.

• 9-10: High-quality profile. The profile is rich
in multi-dimensional information (including
strengths/weaknesses, interests, habits), logi-
cally self-consistent, and the goal for seeking
advice is very clear.

• 7-8: Good profile. The profile contains multi-
ple valid information points, is logically clear,
and the advice goal is clear enough to generate
personalized advice.

• 5-6: Usable profile. The profile information
is scarce or relatively singular, but can still be
used to generate some general advice. The
advice goal is not clear enough.

• 3-4: Low-quality profile. The profile infor-
mation is insufficient, self-contradictory, or
completely lacks a direction for the sought
advice.

• 1-2: Invalid profile. The profile information is
empty or meaningless, cannot serve as a basis
for advice.

C.10 Personalized Learning Support Task
Quality

Description How good is this Query as a design
learning path task? The core lies in whether the
profile is effective, and whether it provides a clear
learning objective (starting point and desired end-
point).

• 9-10: High-quality task. Contains an
information-rich student profile and clearly
defines the learning starting point, endpoint,
and specific goals, possessing high planning
value.

• 7-8: Good task. Contains an effective student
profile and clear learning objectives, sufficient
for planning a reasonable path.
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• 5-6: Usable task. Either the profile infor-
mation or the learning objective is not clear
enough, but a general learning path can still
be inferred and designed.

• 3-4: Low-quality task. The profile informa-
tion is poor, and the learning objective is com-
pletely undefined, causing the path design to
lack basis and direction.

• 1-2: Invalid task. The profile or target infor-
mation is missing, unable to constitute a valid
learning path design task.

D Evaluation Rubric Design Details

D.1 Scenario Adaptation Criteria

The Scenario Adaptation rubric evaluates whether
the model’s output aligns with the scenario-specific
expectations and pedagogical goals. Below are
detailed descriptions of its four sub-components:

• Instruction Following & Task Completion:
This sub-rubric measures the model’s ability
to accurately interpret and complete assigned
tasks, such as solving problems, correcting er-
rors, or generating questions, while adhering
to the required output format and constraints.

• Role & Tone Consistency: This dimension
evaluates whether the language style, tone,
and level of expertise in the response are ap-
propriate for the designated role (e.g., teacher,
teaching assistant, peer) and the target learner
group (e.g., primary school students, univer-
sity students).

• Content Relevance & Scope Control: The
response is assessed for its focus on the spec-
ified topic or knowledge area, as well as its
ability to stay within the intended difficulty
level, subject boundaries, and content scope.

• Scenario Element Integration: This sub-
rubric measures the degree to which the model
effectively incorporates scenario-specific in-
formation, such as prior student responses,
individual learning preferences, or stated ped-
agogical objectives. This is especially impor-
tant in personalized learning and interactive
tutoring contexts.

D.2 Factual & Reasoning Accuracy Criteria
This rubric evaluates whether a model’s response
is grounded in factual correctness and logical rigor,
particularly in scenario-intensive or multi-step
tasks. It includes the following sub-components:

• Basic Factual Accuracy: This sub-rubric ex-
amines the accuracy of objective information,
including definitions, formulas, factual state-
ments, code syntax, and terminology.

• Domain Knowledge Accuracy: It assesses
the appropriateness and depth of subject-
specific knowledge presented in the response,
ensuring alignment with disciplinary stan-
dards across domains such as mathematics,
law, and computer science.

• Reasoning Process Rigor: This criterion fo-
cuses on the completeness and logical validity
of the model’s reasoning in tasks that require
multi-step derivations, explanations, or justifi-
cations.

• Error Identification & Correction Pre-
cision: In contexts involving diagnostics
or feedback, this sub-rubric evaluates the
model’s ability to accurately detect, localize,
and correct errors without introducing false
positives or negatives.

D.3 Pedagogical Application Criteria
This rubric evaluates whether a model’s response
demonstrates pedagogical effectiveness and con-
tributes meaningfully to learning outcomes. It in-
cludes the following sub-components:

• Clarity, Simplicity & Inspiration: This sub-
rubric assesses whether the explanation is ar-
ticulated clearly and accessibly, using appro-
priate language to promote understanding and
stimulate student interest or engagement.

• Motivation, Guidance & Positive Feedback:
It evaluates the model’s ability to encourage
learners through constructive feedback and
supportive guidance, promoting confidence
and independent thinking rather than relying
on direct answers alone.

• Personalization, Adaptation & Learning
Support: This criterion measures the re-
sponse’s ability to adapt based on the learner’s
background, proficiency level, and individual
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needs, including tailored suggestions, scaf-
folded prompts, and relevant resource recom-
mendations.

• Higher-Order Thinking & Skill Develop-
ment: This sub-rubric examines whether the
response promotes advanced cognitive skills,
such as critical thinking, problem-solving, cre-
ative reasoning, and the ability to transfer
knowledge to new contexts.

D.4 Rubric allocation for each scenario
To ensure that evaluation is both fair and context-
sensitive, we dynamically allocate evaluation
rubrics based on the instructional characteristics
and goals of each scenario. Not all rubrics are
applicable across all scenarios: for example, rea-
soning rigor is essential in problem-solving, while
emotional and adaptive support is critical in student
guidance tasks. The following table summarizes
the allocation of the designed rubrics (Section 3.3)
across the nine scenarios in EduBench:

This allocation ensures that each scenario is eval-
uated according to the dimensions most critical
to its pedagogical purpose. For instance, cogni-
tive rigor is emphasized in analytical tasks (e.g.,
problem-solving and grading), while adaptive sup-
port and contextual integration are prioritized in
student-facing personalization tasks (e.g., learn-
ing path design or mental health feedback). This
scenario-aware evaluation design enhances the in-
terpretability, accuracy, and instructional relevance
of the benchmark results.

E Evaluation Prompt Design

To ensure consistent and fair human evaluation
across multiple educational tasks and languages,
we carefully design a suite of evaluation prompts
aligned with our 12 fine-grained rubrics (see Sec-
tion 3). Each prompt is tailored to elicit targeted
human judgment on a specific aspect of model be-
havior, such as factual accuracy, instruction follow-
ing, reasoning rigor, or pedagogical impact.

Model Evaluation Prompt Design

I will provide you with an educational question
and its corresponding answer. Please evaluate
the given answer based on the provided assess-
ment criteria and scoring principles, and out-
put the score along with the reasons in JSON
format.

Scoring principles: {principle}
Question: {question}
Answer: {response}
The JSON format is defined as follows:

{
"detailed_scores": [
{
"principle": "principle 1",
"score": 0,
"reason": ""

},
...

]
}

F Prompt Design Examples

This appendix provides illustrative examples of the
prompt templates used during the question data
generation process described in Section 2.3. Each
example corresponds to a specific task scenario,
domain, and target competency, and is designed
to ensure the quality, diversity, and controllabil-
ity of the generated data. The question design
and repsonse generaion prompts are as follows:
Problem Solving F.1, Error Correction F.2, Idea
Provision F.3, Personalized Learning Support F.4,
Emotional Support F.5, Question Generation F.6,
Automatic Grading F.7, Teaching Material Genera-
tion F.8, Personalized Content Creation F.9.
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Evaluation Rubric Error Correction Idea Provision Grading Answering Questions Material Generation Question Generation Mental Health Personalized Content Creation Learning Support

Instruction Following & Task Completion ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Role & Tone Consistency ✓ ✓

Content Relevance & Scope Control ✓ ✓ ✓ ✓ ✓ ✓

Scenario Element Integration ✓ ✓ ✓ ✓ ✓

Basic Factual Accuracy ✓ ✓ ✓ ✓ ✓ ✓

Domain Knowledge Accuracy ✓ ✓ ✓

Reasoning Process Rigor ✓ ✓ ✓ ✓

Error Identification & Correction Precision ✓ ✓

Clarity, Simplicity & Inspiration ✓ ✓ ✓ ✓

Motivation, Guidance & Positive Feedback ✓ ✓ ✓

Personalization, Adaptation & Learning Support ✓ ✓ ✓

Higher-Order Thinking & Skill Development ✓ ✓ ✓ ✓

Table 7: Allocation of evaluation rubrics across nine educational scenarios in EduBench.

F.1 Problem Solving

Problem Solving Prompt Design

Please freely generate an appropriate question
based on the following subject and difficulty
level, and provide a standard answer. The
question type is {question_type}.
If the type is a short-answer question, for cer-
tain subjects, provide code and mathematical
calculations if necessary. Do not return extra
content.

Subject: {subject}
Difficulty Level: {level}

Return in JSON format:

"question":
"answer":

Description: This prompt corresponds to the
following capability requirement:
- Capability Requirement: Problem-Solving
Ability
- Basic Description: The ability to solve prob-
lems raised by students.
- Scenario Design: Answering questions
across different subjects.

Prompt Design for Obtaining Model Re-
sponses in This Scenario

{question}. Please generate the corresponding
answer based on the question.
"Answer":
Return in JSON format.

F.2 Error Correction

Error Correction Prompt Design

You are an expert teacher in all subjects,
helping students correct errors. Please freely
generate a question and an incorrect student
answer based on the following subject and
difficulty level, and provide corrections. The
question type is {question_type}.
If the type is a short-answer question, for cer-
tain subjects, provide code and mathematical
calculations if necessary. Do not return extra
content.

Subject: {subject}
Difficulty Level: {level}

Return in JSON format:

"question":
"original_answer":
"corrected_answer":
"correction_explanation":

Description: This prompt corresponds to the
following capability requirement:
- Capability Requirement: Error Correction
Ability
- Basic Description: The ability to identify
and correct errors in students’ homework, ex-
ams, or daily learning, providing targeted im-
provement suggestions.
- Scenario Design: Basic error correction: In-
put incorrect solutions, identify errors, and
correct them (e.g., code, math).

Prompt Design for Obtaining Model Re-
sponses in This Scenario

{question}{original_answer} You are provid-
ing error correction services for students’ an-
swers. Please provide a "Corrected Answer"
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and "Error Explanation" based on this ques-
tion and the original answer.
"Corrected Answer":
"Error Explanation":
Return in JSON format.

F.3 Idea Provision

Idea Provision Prompt Design

You are an expert teacher in all subjects,
helping students with problem-solving guid-
ance instead of providing standard answers.
Please freely generate a question based on
the following subject and difficulty level, and
provide guidance without giving the answer.
The question type is {question_type}.
If the type is a short-answer question, for cer-
tain subjects, provide code and mathematical
calculations if necessary. Do not return extra
content.

Subject: {subject}
Difficulty Level: {level}

Return in JSON format:

"question":
"provided_guidance":

Description: This prompt corresponds to the
following capability requirement:
- : Q&A Ability
- Basic Description: The ability to answer stu-
dents’ learning questions in real-time, cover-
ing knowledge point explanations, homework
assistance, exam preparation guidance, etc.
- Scenario Design: - Basic knowledge ques-
tions: Explanation of knowledge points (ac-
curacy, simplicity, inspiration). - Question-
solving analysis: Explanation of problem-
solving steps, decomposition of complex prob-
lems, analysis of involved knowledge points,
and summarization of experience. - General:
Including study techniques, exam strategies,
etc.

Prompt Design for Obtaining Model Re-
sponses in This Scenario

{question}Please provide an approach based
on this question.

"Provided Approach":
Return in JSON format.

F.4 Personalized Learning Support

Personalized Learning Support Prompt De-
sign

You are a personalized service customization
expert, providing tailored services to improve
learning efficiency. Please freely generate a
specific and appropriate student profile based
on the following subject and difficulty level,
and provide learning path planning sugges-
tions and personalized recommendations. The
question type is {question_type}.
If the type is a short-answer question, for cer-
tain subjects, provide code and mathematical
calculations if necessary. Do not return extra
content.

Subject: {subject}
Difficulty Level: {level}

Return in JSON format:

"student_profile":
"learning_path_planning_suggestions":
"personalized_recommendations":

Description: This prompt corresponds to the
following capability requirement:
- Capability Requirement: Personalized Ser-
vice
- Basic Description: Based on student pro-
files, provide customized services to enhance
learning efficiency.
- Scenario Design: - Learning path planning:
Arrange future courses based on current abil-
ity levels and learning goals. - Personalized
recommendations: Generate or recommend
practice exercises and reading materials based
on weak knowledge areas and learning habits.

Prompt Design for Obtaining Model Re-
sponses in This Scenario

{student_profile} Based on the student profile,
provide "Learning Path Planning" and "Per-
sonalized Recommendations",
"Learning Path Planning":
"Personalized Recommendations":
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Returned in JSON format.

F.5 Emotional Support

Emotional Support Prompt Design

You are an intelligent assistant capable
of identifying students’ emotional states,
analyzing the causes of emotional issues, and
providing relevant comfort and advice. Please
freely generate a multi-turn conversation
with a student studying {subject}, identify
their emotional state, analyze the causes
of emotional issues, and provide relevant
comfort and advice. The anxiety level is
{anxiety_level}.
Do not return extra content.

Academic Level: {level}

Return in JSON format:

"conversation_with_student":
"emotional_state_analysis":
"comfort_and_advice":

Description: This prompt corresponds to the
following capability requirement:
- Capability Requirement: Psychological
Support
- Basic Description: The ability to identify stu-
dents’ emotional states, analyze the causes of
emotional issues, and provide relevant comfort
and advice.
- Scenario Design: - Emotional recognition:
Identify emotional states (e.g., normal, mild
anxiety, severe anxiety) based on conversa-
tions with students. - Comfort and advice: Pro-
vide targeted comfort and advice for different
emotional issues (e.g., pre-exam anxiety, post-
exam frustration, social isolation). - Task sce-
nario: Input: Student’s text description or ques-
tions; Output: Emotional state recognition, tar-
geted advice, and possible follow-up action
suggestions. - Evaluation rubrics: Recognition
accuracy, emotional granularity, cause identifi-
cation, response relevance, and practicality of
advice.

Prompt Design for Obtaining Model Re-
sponses in This Scenario

{conversation_with_student}{anxiety_level}
Please provide "Emotional State Analysis"
and "Comfort & Suggestions" based on the
student’s emotional state and conversation.
"Emotional State Analysis":
"Comfort & Suggestions":
Return in JSON format.

F.6 Question Generation

Question Generation Prompt Design

You are an expert teacher in all subjects,
generating appropriate questions based
on knowledge scope and question types.
Please freely generate a knowledge point
and corresponding question based on the
following subject and difficulty level, provide
guidance, and give an answer. The question
type is {question_type}.
If the type is a short-answer question, for cer-
tain subjects, provide code and mathematical
calculations if necessary. Do not return extra
content.

Subject: {subject}
Difficulty Level: {level}

Return in JSON format:

"knowledge_point":
"question":
"provided_guidance":
"answer":

Description: This prompt corresponds to the
following capability requirement:
- Capability Requirement: Question Genera-
tion
- Basic Description: Generate questions based
on knowledge scope and question types, con-
sidering difficulty levels.
- Scenario Design: - Basic question gener-
ation: Generate questions for different diffi-
culty levels, question types, and knowledge
scopes. - Comprehensive question generation:
Cross-reference multiple knowledge points to
generate questions. - Additional requirements:
- Provide solutions and step-by-step scoring
references for questions. - Compile quizzes
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or exams based on syllabi to form structured
classroom assessments.

Prompt Design for Obtaining Model Re-
sponses in This Scenario

{knowledge_point}{subject}{question_type}{level}
Please generate a question based on the sub-
ject, academic level, knowledge point, and
question type.
"Question":
Return in JSON format.

F.7 Automatic Grading

Automatic Grading Prompt Design

You need to implement: 1. Objective grad-
ing: Grade multiple-choice, true/false, and fill-
in-the-blank questions; provide step-by-step
scoring for open-ended questions. 2. Sub-
jective grading: Evaluate large assignments
and lab reports comprehensively (e.g., work-
load, completeness, knowledge application). 3.
Personalized feedback: Generate constructive
feedback, including potential knowledge gaps
and learning suggestions.
Please freely generate a question and a
student’s answer based on the following
subject and difficulty level, and grade the
answer. The question type is {question_type}.
If the type is a short-answer question, for cer-
tain subjects, provide code and mathematical
calculations if necessary. Do not return extra
content.

Subject: {subject}
Difficulty Level: {level}

Return in JSON format:

"question":
"student_answer":
"grading":
"grading_details":
"personalized_feedback":

Description: This prompt corresponds to the
following capability requirement:
- Capability Requirement: Automated Home-
work Grading
- Basic Description: Automatically grade stu-

dents’ homework and analyze results to pro-
vide suggestions.
- Scenario Design: - Objective grading:
Grade multiple-choice, true/false, and fill-in-
the-blank questions; provide step-by-step scor-
ing for open-ended questions. - Subjective
grading: Evaluate large assignments and lab
reports comprehensively (e.g., workload, com-
pleteness, knowledge application). - Person-
alized feedback: Generate constructive feed-
back, including potential knowledge gaps and
learning suggestions.

Prompt Design for Obtaining Model Re-
sponses in This Scenario

{question}{student_answer} Please provide
"Score", "Scoring Details", and "Personalized
Feedback" based on the question and student’s
answer.
"Score":
"Scoring Details":
"Personalized Feedback":
Return in JSON format.

F.8 Teaching Material Generation

Teaching Material Generation Prompt De-
sign

You are responsible for helping teachers
generate high-quality teaching materials,
including lesson plans, presentations, and
lecture notes. Based on textbook chapters
or knowledge points, automatically generate
structured lesson plans, including learning
objectives, key points, difficult points, and
classroom activity designs. The question type
is {question_type}.
If the type is a short-answer question, for cer-
tain subjects, provide code and mathematical
calculations if necessary. Do not return extra
content.

Subject: {subject}
Difficulty Level: {level}

Return in JSON format:

"knowledge_point":
"teaching_materials":
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Description: This prompt corresponds to the
following capability requirement:
- Capability Requirement: Teaching Material
Generation
- Basic Description: Generate high-quality
teaching materials, including lesson plans, pre-
sentations, and lecture notes.
- Scenario Design: - Course PPT or lecture
note generation: Automatically generate slides
or detailed notes based on textbook chapters
or knowledge points. - Lesson plan genera-
tion: Automatically generate structured les-
son plans, including learning objectives, key
points, difficult points, and classroom activ-
ity designs. - Course-related material genera-
tion or retrieval: Generate or search for rele-
vant materials, such as images, teaching cases,
links, and references.

Prompt Design for Obtaining Model Re-
sponses in This Scenario

{knowledge_point} Please provide "Teaching
Material" based on this knowledge point. The
teaching material should include teaching ob-
jectives, key points and difficulties, classroom
activity design, etc.
"Teaching Material":
Return in JSON format.

F.9 Personalized Content Creation

Personalized Content Creation Prompt De-
sign

You are an intelligent assistant capable of gen-
erating personalized learning content or tasks
based on individual student differences. Please
freely generate a student profile for a student
studying {subject}, and consider the following
three aspects: 1. One-on-one: Customize prac-
tice questions or reading materials based on
specific student profiles. 2. Tiered teaching:
For the same course content, generate differ-
ent teaching objectives, methods, assessment
methods, and homework assignments for stu-
dents at different levels. 3. Other: Combine
other capability requirements to design differ-
entiated ability evaluation data for individual
students, study groups, and classes.
Do not return extra content.

Academic Level: {level}
Strictly return in JSON format:

"student_profile":
"personalized_learning_content_or_\
tasks":

Description: This prompt corresponds to the
following capability requirement:
- Capability Requirement: Personalized Con-
tent Generation
- Basic Description: Generate personalized
learning content or tasks based on individual
student differences.
- Scenario Design: - One-on-one customiza-
tion: Based on specific student profiles, gener-
ate tailored practice questions or reading ma-
terials. - Tiered teaching: For the same course
content, generate different teaching objectives,
methods, assessment methods, and homework
assignments for students at different levels. -
Other considerations: Combine other capabil-
ity requirements to design differentiated ability
evaluation data for individual students, study
groups, and classes.

Prompt Design for Obtaining Model Re-
sponses in This Scenario

{student_profile} Based on the student profile,
generate a ’personalized learning content or
task’ for each student.
"personalized learning content or task":
Return in JSON format.

G Comprehensive Evaluation Rubric
Scoring Details

To systematically evaluate the quality of AI-
generated responses in educational settings, we
designed a comprehensive human evaluation rubric
comprising three main dimensions, each contain-
ing several fine-grained criteria. Each criterion is
rated on a 10-point scale with clearly defined level
anchors to guide consistent judgment. Details are
listed as follows:

G.1 Instructional Quality

G.1.1 Instruction Following & Task
Completion (IFTC)

Description: Did it fully understand and execute
the user’s instruction? Was the core task (e.g., solv-
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ing problems, error correction, question generation)
completed? Is the output formatting correct?

• 9-10: Fully understood and precisely executed
all instructions; achieved core task with per-
fect accuracy; output format is fully compli-
ant.

• 7-8: Accurately understood main instructions
and correctly completed the task; core goals
are well achieved; format is mostly correct
with only minor omissions or deviations.

• 5-6: Understood the general intent but may
miss some details; task largely completed but
with some inaccuracies or omissions; format-
ting attempts present but with notable flaws.

• 3-4: Misunderstood part of the instruction;
low task completion or major errors; format-
ting mostly incorrect.

• 1-2: Completely misunderstood or ignored
instructions; task not completed or totally in-
correct; formatting is chaotic or irrelevant.

G.1.2 Role & Tone Consistency (RTC)
Description: Does the language style, tone, and
level of professionalism match the assigned role
(e.g., teacher, teaching assistant, peer) and the tar-
get learner group (e.g., elementary, college)?

• 9-10: Excellent role-playing (e.g.,
teacher/TA); language style, profession-
alism, and tone (e.g., encouraging/serious)
are perfectly aligned with the assumed role
and audience.

• 7-8: Role and tone are mostly consistent and
appropriate for the scenario, with minor devi-
ation in individual expressions.

• 5-6: Attempts to match the role and tone can
be seen, but overall consistency is weak; some
expressions are disconnected from the role/s-
cenario.

• 3-4: Significant mismatch in role and tone;
comes across as unnatural or inconsistent.

• 1-2: No reflection of assigned role/tone; ex-
pression entirely inconsistent with the sce-
nario.

G.1.3 Content Relevance & Scope Control
(CRSC)

Description: Is the content tightly aligned with
the specified topic, theme, or question? Is it kept
within the specified difficulty level, scenario, or
scope?

• 9-10: Content is highly relevant to the spec-
ified topic/theme/question; strictly within re-
quired difficulty/scope/discipline without re-
dundant or irrelevant information.

• 7-8: Overall relevance is high; scope control is
good with possibly a small amount of slightly
off-topic or mildly overreaching information.

• 5-6: Mostly relevant, but includes some off-
topic or out-of-scope content; scope control
needs improvement.

• 3-4: Poor relevance; includes a significant
amount of irrelevant information or is largely
outside scope.

• 1-2: Content is largely irrelevant or com-
pletely outside the specified scope.

G.1.4 Scenario Element Integration (SEI)
Description: Did it effectively use scenario-
specific information (e.g., previous student an-
swers, learning preferences, specific teaching
goals)? Especially important in personalized,
Q&A, or error-correction contexts.

• 9-10: Fully integrated all key scenario ele-
ments (e.g., student history, learning prefer-
ences); output is highly personalized and well-
matched to the teaching context.

• 7-8: Used major scenario elements effec-
tively; response is targeted, possibly over-
looks minor details but does not affect overall
results.

• 5-6: Some use of scenario information, but
integration is shallow; personalization or con-
textual fit is average.

• 3-4: Only surface-level reference to scenario
information; did not integrate core elements
effectively; weak contextual connection.

• 1-2: Completely ignored scenario-specific in-
formation; output is generic, templated, and
irrelevant to the scenario.
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G.2 Content Accuracy

G.2.1 Basic Factual Accuracy (BFA)

Description: Are objective facts such as concept
definitions, formulas, dates, terminology, code syn-
tax, legal clauses correctly presented?

• 9-10: All stated factual elements (definitions,
formulas, dates, terms, syntax, etc.) are com-
pletely accurate.

• 7-8: Vast majority of facts are correct; possi-
bly contains very minor, non-critical typos or
omissions.

• 5-6: Most facts are correct, but there are some
notable factual errors that require review.

• 3-4: Contains several or key factual inaccura-
cies; information is not trustworthy.

• 1-2: Riddled with factual errors; information
is completely incorrect or misleading.

G.2.2 Domain Knowledge Accuracy (DKA)

Description: Is the use of subject matter knowl-
edge (math, programming, law, finance, etc.) not
only correct but also appropriately specialized and
aligned with domain standards?

• 9-10: Subject matter application is not only
accurate but also shows appropriate depth and
rigor; adheres to industry or academic stan-
dards.

• 7-8: Proper use of professional knowledge
reflecting a good degree of proficiency; minor
shortcomings in depth or detail not affecting
validity.

• 5-6: Basic accuracy in subject knowledge, but
somewhat surface-level or lacking rigor; some
confusion or omissions of non-core concepts.

• 3-4: Significant errors or major omission in
subject-specific content; lacks professional-
ism.

• 1-2: Serious domain errors; completely incor-
rect or misleading; does not meet any profes-
sional standards.

G.2.3 Reasoning Process Rigor (RPR)
Description: For content requiring reasoning (e.g.,
math steps, code logic, legal arguments, case anal-
ysis), is the logical flow complete and sound?

• 9-10: Reasoning is complete, clear, and rigor-
ous; all steps are correct; arguments are strong
and free of logical fallacies.

• 7-8: Reasoning is largely correct and logically
coherent with minor issues in individual steps
or details that do not affect the conclusion.

• 5-6: Reasoning is visible but contains unclear
logic, missing steps, or insufficient argumen-
tation, affecting the overall outcome.

• 3-4: Reasoning has major logical flaws, confu-
sion in steps, or critical omissions; reliability
is low.

• 1-2: Virtually no valid reasoning; logic is
chaotic; steps are incorrect or irrelevant.

G.2.4 Error Identification & Correction
Precision (EICP)

Description: In error correction scenarios, are er-
rors precisely identified (no missed or false posi-
tives)? Are the corrections correct and optimal?

• 9-10: Precisely identified all errors (no omis-
sion or false positives); provided completely
correct, clear, and optimal correction sugges-
tions.

• 7-8: Correctly located most major errors;
suggestions are generally accurate and effec-
tive with only minor omissions or less-than-
perfect advice.

• 5-6: Identified some errors but with clear
omissions or false positives; suggestions are
partially correct but may lack clarity, com-
pleteness or optimality.

• 3-4: Inaccurate error detection with critical
omissions or many false positives; suggestions
contain errors or are hard to comprehend.

• 1-2: Completely failed to detect errors; pro-
vided entirely incorrect or misleading correc-
tion advice.

21639



G.3 Pedagogical Effectiveness
G.3.1 Clarity, Simplicity & Inspiration (CSI)
Description: Are explanations, descriptions, and
feedback clear, concise, and easy for the target
learners to understand? Is the delivery inspiring
and thought-provoking?

• 9-10: Extremely clear and concise explana-
tions; fully accessible for target learners; vi-
brant and engaging delivery that inspires deep
thought and interest.

• 7-8: Clear and easy to understand; appro-
priate for learner level; somewhat thought-
provoking and can trigger reflection.

• 5-6: Generally understandable but may be
wordy, complex, or dull; limited inspirational
impact.

• 3-4: Lacks clarity; uses excessive jargon or
complex structures; difficult to comprehend;
uninspiring.

• 1-2: Confusing and hard to follow; disregards
learner needs; offers no inspiration and may
cause confusion.

G.3.2 Motivation, Guidance & Positive
Feedback (MGP)

Description: Does the interaction provide encour-
agement and support? Is constructive and positive
language used? In answering or tutoring, does it
guide thinking or just give away answers?

• 9-10: Strongly supportive and encouraging;
consistently uses constructive and positive lan-
guage; offers highly effective heuristic guid-
ance instead of simply giving answers.

• 7-8: Generally supportive tone and positive
language; provides useful guidance though
occasionally too direct.

• 5-6: A mix of encouragement and neu-
tral/critical language; guidance is inconsis-
tent—sometimes helpful, sometimes overly
direct or lacking.

• 3-4: Lacks encouragement and support; lan-
guage is neutral or mildly negative; rarely
guides, often just answers or remains unhelp-
ful.

• 1-2: Negative or discouraging tone; no moti-
vation or support; fails to guide or gives mis-
leading suggestions.

G.3.3 Personalization, Adaptation &
Learning Support (PAS)

Description: Can it provide differentiated con-
tent, advice, or feedback based on a student’s level,
traits, or needs? Does it recommend effective learn-
ing paths or resources?

• 9-10: Highly personalized content/ad-
vice/feedback based on student level/trait-
s/needs; resource and learning path sugges-
tions are accurate, practical, and valuable.

• 7-8: Demonstrates some adaptation to student
situation; provides relevant learning advice or
resources with good utility.

• 5-6: Attempts personalization but with limited
effectiveness; recommendations are generic
and of limited value.

• 3-4: Little to no personalization; output is
the same for everyone; learning support is
insufficient or unrelated.

• 1-2: No personalization; output may con-
flict with student needs; offers no or incorrect
learning support.

G.3.4 Higher-Order Thinking & Skill
Development (HOTS)

Description: Does the interaction or content
help foster students’ critical thinking, creativity,
problem-solving, or knowledge transfer skills?

• 9-10: Skillfully designed to promote crit-
ical/creative thinking, problem-solving, or
transfer of knowledge (e.g., through open-
ended questions, comparative analysis, case
study, project-based tasks).

• 7-8: Includes guiding questions or moderately
challenging tasks that positively support the
development of higher-order thinking (e.g.,
analysis, evaluation, application).

• 5-6: Some attempt to encourage higher-order
thinking (e.g., simple reflective questions), but
limited in depth and scope; mainly focused on
rote understanding or basic application.

• 3-4: Interaction/content mostly revolves
around memory and comprehension; rarely
addresses higher-order thinking tasks.

• 1-2: Completely ignores higher-order skill
development; encourages rote memorization
and repetition; may inhibit thinking flexibility.
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H Human Annotator Cost

The cost for each QA pair is $2.22. We provided
198 questions (99 in English, 99 in Chinese) with 5
responses per question, totaling 990 QA pairs. The
final cost is approximately $2,194.

I Detailed Correlation Analysis Between
Model Evaluation and Human
Assessment across Dimensions

Table 8, Table 9, and Table 10 report the corre-
lations between model-based evaluations and hu-
man assessments across all dimensions. Overall,
the agreement with human judgment varies no-
tably across evaluator models and evaluation di-
mensions. In Instructional Quality, DeepSeek V3
shows the strongest alignment with human ratings
on most dimensions, while QwQ-Plus performs
best on Content Relevance & Scope Control. In
Content Accuracy, QwQ-Plus achieves the high-
est correlation with human evaluation on most di-
mensions, whereas DeepSeek V3 performs best on
Reasoning Process Rigor. In Pedagogical Effective-
ness, the best-performing evaluator differs by di-
mension, with DeepSeek R1 showing particularly
strong agreement with human judgments on moti-
vational and personalization-related aspects. These
results suggest that no single evaluator consistently
matches human judgment across all dimensions,
highlighting the multidimensional nature of educa-
tional evaluation.

J Pre-Experiments

J.1 Existence of self-preference

Given the potential influence of both the response
generation model and the evaluation model, it is
crucial to verify whether a model tends to favor its
own responses. To examine this, we use each of
the three response-generation models as evaluators
to assess the responses they themselves generated.
Specifically, for each question, we construct pair-
wise comparisons among the responses generated
by the three models. The evaluator model is then
asked to select the better response from each pair.
By counting the number of times each model’s
output is preferred and comparing the distribution
of win rates across different evaluators, we assess
whether models exhibit self-preference biases.

As shown in the Table 11, the overall trends
are consistent across the three different evaluators,
with no substantial differences observed in the ex-

act win rates. Notably, none of the evaluators ex-
hibit a strong preference for the responses they
themselves generated. These results suggest that
model self-preference is not a significant concern,
thereby granting us greater flexibility in the choice
of evaluation models.

J.2 Discrimination between normal model
and reasoning model

After ruling out self-preference biases, we fur-
ther investigate whether models of different
types—such as reasoning models and normal mod-
els—exhibit biases toward each other. To this end,
we design an experiment in which two external
models, QwQ (a reasoning model) and GPT-4o (a
normal model), are used to evaluate the responses
generated by DeepSeek V3 and DeepSeek R1. The
evaluation follows the same pairwise comparison
protocol as in the self-preference setting: for each
question, the evaluator selects the better response
from a pair. By comparing the evaluation outcomes
across the two evaluators, we aim to assess poten-
tial inter-model biases.

As shown in Table 12, the reasoning model ex-
hibits a clear preference for responses generated
by other reasoning models, whereas the general-
purpose model demonstrates a more balanced eval-
uation. Notably, the reasoning model’s bias is sub-
stantial, with a win ratio as skewed as 9 to 1 in
favor of reasoning models. These results highlight
the importance of incorporating both reasoning and
normal evaluators in the assessment process to mit-
igate evaluation bias. Relying on only one type of
model may lead to unfair or distorted conclusions.

J.3 Discrimination between different positions
When using pairwise evaluation, a natural concern
arises as to whether evaluators might exhibit posi-
tional bias—i.e., favoring responses based on their
order of presentation. To control for this factor,
we randomly sample 200 instances from the eval-
uation dataset and present them to the evaluator
in both the original and reversed order. For each
comparison, we record the position of the selected
response (e.g., incrementing the Former count if
the first response is chosen, and Latter if the sec-
ond is chosen). This allows us to assess whether
response position systematically influences evalua-
tion outcomes.

The experimental results reveal that GPT-4o ex-
hibits a notable positional bias, with the former re-
sponse being selected significantly more often than
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Model Instruction Following & Task Completion Role & Tone Consistency

DeepSeek R1 GPT-4o QwQ-Plus DeepSeek V3 Human DeepSeek R1 GPT-4o QwQ-Plus DeepSeek V3 Human

DeepSeek R1 - 0.56 0.66 0.69 0.63 - 0.48 0.55 0.65 0.71
GPT-4o 0.56 - 0.55 0.52 0.53 0.48 - 0.55 0.56 0.53

QwQ-Plus 0.66 0.55 - 0.63 0.58 0.55 0.55 - 0.58 0.59
DeepSeek V3 0.69 0.52 0.63 - 0.65 0.65 0.56 0.58 - 0.7

Human 0.63 0.53 0.58 0.65 - 0.71 0.53 0.59 0.7 -

Content Relevance & Scope Control Scenario Element Integration

DeepSeek R1 GPT-4o QwQ-Plus DeepSeek V3 Human DeepSeek R1 GPT-4o QwQ-Plus DeepSeek V3 Human

DeepSeek R1 - 0.57 0.61 0.65 0.61 - 0.55 0.59 0.7 0.66
GPT-4o 0.57 - 0.6 0.6 0.55 0.55 - 0.53 0.56 0.54

QwQ-Plus 0.61 0.6 - 0.62 0.64 0.59 0.53 - 0.61 0.63
DeepSeek V3 0.65 0.6 0.62 - 0.61 0.7 0.56 0.61 - 0.7

Human 0.61 0.55 0.64 0.61 - 0.66 0.54 0.63 0.7 -

Table 8: Kendall’s W between different evaluation models and human evaluation in Instructional Quality.

Model Basic Factual Accuracy Domain Knowledge Accurac

DeepSeek R1 GPT-4o QwQ-Plus DeepSeek V3 Human DeepSeek R1 GPT-4o QwQ-Plus DeepSeek V3 Human

DeepSeek R1 - 0.51 0.66 0.68 0.59 - 0.6 0.59 0.58 0.57
GPT-4o 0.51 - 0.57 0.56 0.59 0.6 - 0.59 0.62 0.56

QwQ-Plus 0.66 0.57 - 0.62 0.63 0.59 0.59 - 0.64 0.64
DeepSeek V3 0.68 0.56 0.62 - 0.54 0.58 0.62 0.64 - 0.54

Human 0.59 0.59 0.63 0.54 - 0.57 0.56 0.64 0.54 -

Reasoning Process Rigor Error Identification & Correction Precision

DeepSeek R1 GPT-4o QwQ-Plus DeepSeek V3 Human DeepSeek R1 GPT-4o QwQ-Plus DeepSeek V3 Human

DeepSeek R1 - 0.55 0.59 0.69 0.62 - 0.53 0.56 0.54 0.52
GPT-4o 0.55 - 0.57 0.6 0.55 0.53 - 0.55 0.58 0.59

QwQ-Plus 0.59 0.57 - 0.57 0.64 0.56 0.55 - 0.68 0.67
DeepSeek V3 0.69 0.6 0.57 - 0.65 0.54 0.58 0.68 - 0.66

Human 0.62 0.55 0.64 0.65 - 0.52 0.59 0.67 0.66 -

Table 9: Kendall’s W between different evaluation models and human evaluation in Content Accuracy.

the latter, even after the order is reversed. As shown
in Table 13, when the evaluated responses are iden-
tical aside from their order, the former response
is chosen at a disproportionately high rate—by a
factor of 3 to 7—compared to the latter. In contrast,
QwQ demonstrates a more balanced evaluation,
with selection counts remaining consistent before
and after the reversal, indicating minimal positional
bias.

K Extra Results

We present the additional experimental results in
this section, including the evaluation results of
the five response models by the three additional
evaluators: GPT-4o, DeepSeek R1, and QwQ-Plus.
The evaluation is conducted across two dimensions:
rubric-level and task-level assessments. The task-
level score is the average score of the rubrics under
each task. The detailed results can be found in
Table 16 and Table 15.

L Distillation Training Setting

After obtaining human and model evaluation results
on sample data, we can optimize the selection of
model-generated data based on evaluation scores
to maximize data quality and efficiency.

We propose two data selection strategies. The
first strategy involves selecting the best generation
model within each scenario. The specific process
includes calculating the average scores of all eval-
uation rubrics from both human and model eval-
uators on the sample data, ranking the generation
models in each scenario according to these average
values, and then selecting samples generated by the
best-performing model in each scenario from all
distilled data.

The second strategy focuses on selecting optimal
models for each evaluation rubric. We calculate
the average score of each generation model on in-
dividual rubrics, rank them accordingly to identify
the best model for each rubric. During the final dis-
tilled data screening phase, if a piece of data was
generated by a model that has been recognized as
optimal in any evaluation rubric, it will be included
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Model Clarity, Simplicity & Inspiration Motivation, Guidance & Positive Feedback

DeepSeek R1 GPT-4o QwQ-Plus DeepSeek V3 Human DeepSeek R1 GPT-4o QwQ-Plus DeepSeek V3 Human

DeepSeek R1 - 0.56 0.56 0.54 0.57 - 0.54 0.58 0.59 0.67
GPT-4o 0.56 - 0.57 0.52 0.51 0.54 - 0.58 0.57 0.58

QwQ-Plus 0.56 0.57 - 0.56 0.56 0.58 0.58 - 0.53 0.61
DeepSeek V3 0.54 0.52 0.56 - 0.56 0.59 0.57 0.53 - 0.54

Human 0.57 0.51 0.56 0.56 - 0.67 0.58 0.61 0.54 -

Personalization, Adaptation & Learning Support Higher-Order Thinking & Skill Development

DeepSeek R1 GPT-4o QwQ-Plus DeepSeek V3 Human DeepSeek R1 GPT-4o QwQ-Plus DeepSeek V3 Human

DeepSeek R1 - 0.61 0.71 0.74 0.74 - 0.58 0.69 0.69 0.68
GPT-4o 0.61 - 0.56 0.62 0.59 0.58 - 0.62 0.6 0.6

QwQ-Plus 0.71 0.56 - 0.71 0.71 0.69 0.62 - 0.68 0.66
DeepSeek V3 0.74 0.62 0.71 - 0.72 0.69 0.6 0.68 - 0.68

Human 0.74 0.59 0.71 0.72 - 0.68 0.6 0.66 0.68 -

Table 10: Kendall’s W between different evaluation models and human evaluation in Pedagogical Effectiveness.

Evaluator Win times

Qwen Max Qwen Max(68) < DeepSeek V3(101) < DeepSeek R1(193)
DeepSeek V3 Qwen Max(82) < DeepSeek V3(86) < DeepSeek R1(196)
DeepSeek R1 Qwen Max(68) < DeepSeek V3(110) < DeepSeek R1(186)

Table 11: To investigate whether models exhibit a pref-
erence for their own generations, we employ each data-
generating models as evaluators to assess the datasets
they produced. Specifically, we construct pairwise com-
parisons by selecting answers generated by two different
models at a time. The evaluator is then asked to choose
the better response from each pair. By aggregating the
number of times each model’s outputs are preferred, we
examine potential self-preference biases.

Evaluator Gen_Models Win_times

Normal Normal 442
Reasoning 399

Reasoning Reasoning 914
Normal 100

Table 12: Comparison of evaluation results between
different model types.

in the final finetuning dataset.
We use the following settings for model training:

The learning rate is set to 1.0× 10−5, with a batch
size of 1 per GPU device. Gradient accumulation
is applied over 8 steps, resulting in an effective
batch size of 8. For parameter updating, we em-
ploy full fine-tuning, where all model parameters
are updated during training. All experiments are
conducted on 4 NVIDIA A100 GPUs, each with
40GB of memory.

Evaluator Order Former_win Latter_win

GPT-4o Normal 873 117
Reverse 742 248

QwQ Normal 605 385
Reverse 387 603

Table 13: The table presents the evaluation results after
reversing the order of the responses, allowing us to
examine whether the evaluator exhibits any positional
bias.
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Scenario All Data For Training

Zh En Tot Zh En Tot

Problem Solving 1,306 1,328 2,634 1,272 1,284 2,556
Error Correction 620 1,350 1,970 603 1,334 1,937
Idea Provision 1,342 1,350 2,692 1,300 1,322 2,622
Personalized Learning Support 348 561 909 67 435 502
Emotional Support 1,344 1,074 2,418 1,331 1,059 2,390
Question Generation 1,358 1,338 2,696 1,331 1,322 2,653
Automatic Grading 931 1,073 2,004 912 1,058 1,970
Teaching Material Generation 1,324 1,347 2,671 1,306 1,255 2,561
Personalized Content Creation 568 259 827 557 235 792

Total 9,141 9,680 18,821 8,679 9,304 17,983

Table 14: Statistics of data distribution across different scenarios. Each data instance is categorized by specific
dimensions: most scenarios are classified by Stage, Difficulty, and Subject; exceptions include Emotional Support
(classified by Stage and Anxiety Level) and Personalized Learning Support / Personalized Content Creation
(classified by Stage and Subject). Cn and En denote the sample counts in Chinese and English, respectively. Tot
denote total counts of data in each scenario.

Evaluator Model Q&A PLS EC IP AG TMG ES QG PCC Average

DeepSeek R1

DeepSeek R1 9.81 9.83 9.05 9.11 7.74 9.46 9.71 9.22 9.73 9.29
DeepSeek V3 9.67 9.12 8.97 8.82 8.32 9.31 9.34 8.65 9.23 9.05
Qwen Max 9.07 9.11 8.86 8.84 7.99 9.15 9.40 8.89 9.29 8.96
Qwen2.5-14B-Instruct 8.94 8.79 8.68 8.23 7.83 9.06 8.52 8.35 8.80 8.58
Qwen2.5-7B-Instruct 8.34 9.01 8.64 8.16 6.64 9.33 8.75 8.23 9.06 8.46

DeepSeek V3

DeepSeek R1 9.49 9.65 9.27 8.75 7.27 9.45 9.38 9.33 9.71 9.14
DeepSeek V3 9.68 9.04 9.14 8.53 7.05 9.34 9.00 9.06 8.92 8.86
Qwen Max 9.18 8.88 9.06 8.52 7.23 9.24 9.04 9.05 9.29 8.83
Qwen2.5-14B-Instruct 9.07 8.72 8.97 8.30 6.77 9.21 8.74 9.02 8.80 8.62
Qwen2.5-7B-Instruct 9.15 9.07 9.01 8.47 6.44 9.21 8.85 8.69 9.00 8.65

GPT-4o

DeepSeek R1 9.32 9.38 9.05 8.78 8.51 9.25 9.15 8.98 9.08 9.06
DeepSeek V3 9.22 9.15 9.14 8.77 8.54 9.12 9.05 9.00 8.95 8.99
Qwen Max 9.50 9.17 9.01 8.69 8.70 8.99 8.96 8.92 9.05 8.99
Qwen2.5-14B-Instruct 9.34 9.25 8.92 8.51 8.11 8.99 9.11 8.77 8.82 8.87
Qwen2.5-7B-Instruct 9.22 9.17 8.92 8.84 8.04 9.05 9.00 8.62 8.94 8.87

QwQ-Plus

DeepSeek R1 9.85 9.87 9.24 9.05 8.78 9.75 9.85 9.09 9.88 9.49
DeepSeek V3 9.59 9.43 9.06 8.66 8.18 9.29 9.66 8.47 9.24 9.06
Qwen Max 9.90 9.25 9.03 8.78 8.11 9.54 9.56 8.79 9.70 9.18
Qwen2.5-14B-Instruct 9.83 9.21 9.05 8.23 7.88 9.22 9.45 8.48 9.02 8.94
Qwen2.5-7B-Instruct 9.02 9.28 8.79 8.82 7.16 9.33 9.31 7.98 9.35 8.78

Human

DeepSeek R1 7.17 9.11 8.71 8.80 8.42 8.86 9.15 8.79 9.35 8.71
DeepSeek V3 7.45 8.12 8.16 8.17 7.84 7.56 8.08 8.01 7.03 7.82
Qwen Max 7.72 7.94 8.21 8.15 7.89 7.99 7.85 8.39 8.42 8.06
Qwen2.5-14B-Instruct 7.66 7.38 7.92 7.56 7.55 7.84 7.31 7.91 7.36 7.61
Qwen2.5-7B-Instruct 6.78 7.63 7.93 7.74 6.79 7.86 7.79 7.55 7.42 7.50

Table 15: Scenario-Level Average Scores Evaluated by Different Evaluators. Max values in each column per
evaluator are bolded. Full names of each scenarios can be found in Section 2.1.
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Evaluator Model BFA CSI CRSC DKA EICP HOTS IFTC MGP PAS RPR RTC SEI Average

DeepSeek R1

DeepSeek R1 9.55 8.67 9.64 9.53 8.66 8.39 9.61 7.30 9.80 9.17 9.64 9.45 9.12
DeepSeek V3 9.58 8.47 9.48 9.30 9.32 7.53 9.39 7.48 8.92 9.05 9.32 9.10 8.91
Qwen Max 9.42 8.49 9.46 9.24 9.09 7.67 9.25 7.44 8.97 8.62 9.34 9.05 8.84
Qwen2.5-14B-Instruct 9.08 8.28 9.20 8.82 8.98 7.16 8.87 6.86 8.20 8.57 9.02 8.51 8.46
Qwen2.5-7B-Instruct 8.73 8.22 9.00 9.00 8.30 7.27 8.72 6.61 8.68 8.05 9.23 8.55 8.36

DeepSeek V3

DeepSeek R1 9.51 8.75 9.44 9.45 7.61 8.53 9.47 7.76 9.64 8.85 9.14 9.06 8.93
DeepSeek V3 9.57 8.61 9.25 9.27 7.23 7.98 9.21 7.56 8.94 8.76 9.00 8.59 8.66
Qwen Max 9.38 8.53 9.12 9.23 7.43 7.99 9.16 7.85 9.05 8.57 9.00 8.61 8.66
Qwen2.5-14B-Instruct 9.28 8.50 9.03 9.14 7.14 7.81 8.94 7.55 8.71 8.35 8.82 8.25 8.46
Qwen2.5-7B-Instruct 9.27 8.55 9.08 9.12 6.77 7.86 8.96 7.05 8.95 8.42 8.82 8.53 8.44

GPT-4o

DeepSeek R1 9.48 8.73 9.59 9.17 9.05 8.35 9.13 8.45 9.18 8.89 9.11 8.65 8.98
DeepSeek V3 9.54 8.72 9.51 9.05 9.14 8.05 9.16 8.59 8.95 8.75 9.02 8.63 8.93
Qwen Max 9.58 8.65 9.43 8.83 9.07 8.08 9.14 8.56 8.97 8.89 8.95 8.64 8.90
Qwen2.5-14B-Instruct 9.45 8.51 9.44 8.88 8.93 7.83 9.02 8.20 8.88 8.60 9.07 8.43 8.77
Qwen2.5-7B-Instruct 9.45 8.57 9.38 8.85 8.59 8.00 9.01 8.20 8.85 8.65 9.02 8.65 8.77

QwQ-Plus

DeepSeek R1 9.78 8.47 9.78 9.82 9.70 8.19 9.65 8.35 9.86 9.61 9.70 9.58 9.37
DeepSeek V3 9.42 8.25 9.57 9.09 9.52 7.22 9.36 7.62 9.23 9.23 9.39 9.32 8.93
Qwen Max 9.64 8.39 9.59 9.47 9.30 7.48 9.45 7.68 9.39 9.10 9.48 9.36 9.03
Qwen2.5-14B-Instruct 9.49 8.20 9.48 8.98 9.20 7.10 9.15 7.64 8.77 8.83 9.41 9.06 8.78
Qwen2.5-7B-Instruct 9.08 8.10 9.31 8.98 8.91 7.02 9.03 7.18 9.09 8.61 9.30 9.33 8.66

Human

DeepSeek R1 8.97 8.60 8.98 8.94 8.86 8.56 8.77 8.20 9.26 7.95 8.91 8.92 8.74
DeepSeek V3 8.77 7.77 8.40 7.89 8.11 7.25 8.10 7.70 7.42 7.03 7.80 7.47 7.89
Qwen Max 8.81 8.01 8.52 8.27 8.23 7.59 8.10 7.70 7.89 7.31 8.09 7.74 8.02
Qwen2.5-14B-Instruct 8.74 7.76 8.26 7.79 7.86 6.88 7.77 6.97 7.02 7.01 7.59 7.03 7.56
Qwen2.5-7B-Instruct 8.49 7.63 8.04 7.82 7.45 6.93 7.65 7.05 7.38 5.90 7.82 7.35 7.46

Table 16: Rubric-level average scores evaluated by different evaluators under various rubrics. For simplicity, we use
abbreviations for the rubrics. Full names of each rubric can be found in Table 2b.

Model BFA CSI CRSC DKA EICP HOTS IFTC MGP PAS RPR RTC SEI Average

DeepSeek R1 9.21 8.80 9.26 9.41 9.02 8.77 9.10 8.07 9.41 8.13 9.25 8.94 8.95
DeepSeek V3 9.01 7.05 8.73 8.16 8.18 6.87 8.38 7.43 7.53 7.05 9.21 7.66 7.94
Qwen Max 9.05 7.41 8.85 8.55 8.21 7.54 8.52 7.53 8.24 7.41 9.25 8.05 8.22
Qwen2.5-14B-Instruct 8.96 7.13 8.56 7.92 8.00 6.54 8.01 6.76 6.98 7.13 9.10 7.20 7.69
Qwen2.5-7B-Instruct 8.81 6.14 8.37 8.01 7.33 6.77 7.99 6.94 7.55 8.09 9.26 7.60 7.74

Table 17: Rubric-Level Human Evaluation Results over Three Rounds

Model Q&A PLS EC IP AG TMG ES QG PCC Average

DeepSeek R1 7.65 9.56 8.83 9.05 8.40 9.09 9.30 8.91 9.42 8.91
DeepSeek V3 7.58 7.37 8.32 8.34 7.79 8.01 8.35 8.17 7.82 7.97
Qwen Max 7.95 8.79 8.27 8.43 7.78 8.34 8.37 8.69 8.21 8.31
Qwen2.5-14B-Instruct 7.93 7.44 7.89 7.79 7.58 7.92 7.60 8.16 7.21 7.72
Qwen2.5-7B-Instruct 7.04 7.64 8.07 8.16 6.77 8.21 8.12 7.73 7.53 7.70

Table 18: Task-Level Human Evaluation Results over Three Rounds
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