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ABSTRACT

With the rapid development of large language models (LLMs), various LLM-
based works have been widely applied in educational fields. However, most ex-
isting LLMs and their benchmarks focus primarily on the knowledge dimension,
largely neglecting the evaluation of cultivation capabilities that are essential for
real-world educational scenarios. Additionally, current benchmarks are often lim-
ited to a single subject or question type, lacking sufficient diversity. This issue
is particularly prominent within the Chinese context. To address this gap, we in-
troduce OmniEduBench, a comprehensive Chinese educational benchmark.
OmniEduBench consists of 24.602K high-quality question-answer pairs. The data
is meticulously divided into two core dimensions: the knowledge dimension and
the cultivation dimension, which contain 18.121K and 6.481K entries, respec-
tively. Each dimension is further subdivided into 6 fine-grained categories, cover-
ing a total of 61 different subjects (41 in the knowledge and 20 in the cultivation).
Furthermore, the dataset features a rich variety of question formats, including 11
common exam question types, providing a solid foundation for comprehensively
evaluating LLMs’ capabilities in education. Extensive experiments on 11 main-
stream open-source and closed-source LLMs reveal a clear performance gap. In
the knowledge dimension, only Gemini-2.5 Pro surpassed 60% accuracy, while
in the cultivation dimension, the best-performing model, QWQ, still trailed hu-
man intelligence by nearly 30%. These results highlight the substantial room for
improvement and underscore the challenges of applying LLMs in education.

1 INTRODUCTION

With the rapid emergence of large language models (LLMs), evaluation benchmarks have become
increasingly critical, shifting the focus of assessment toward broader and complex skills. To address
the demands of this complex paradigm, a variety of benchmarks have been proposed to evaluate
the diverse capabilities of LLMs. These benchmarks cover a wide spectrum of areas, including
knowledge and language understanding (e.g., MMLU (Hendrycks et al., 2021a), ARC (Clark et al.,
2018))), reasoning (e.g., GSM8K (Cobbe et al., |2021), AIME (Patel et al., [2024)), multi-turn open-
ended dialogue (e.g., MT-bench (Bai et al.| [2024)), and coding (e.g., MBPP (Austin et al.| 2021)).
Serving as indispensable tools for advancing LLM development, these benchmarks have been widely
adopted in recent influential works (Hurst et al., 2024} [Liu et al., 2024a; [Team, [2025b; (Comanici
et al.| 2025; [Taylor et al.,|2022; |Touvron et al., 2023} |OpenAl 2023} Hoffmann et al.| [2022).

In recent years, a series of powerful Chinese LLMs emerged, such as the Qwen (Yang et al.| 2024;
2025)), DeepSeek (Liu et al., 2024a};|Guo et al., 2025} Liu et al.,|2024b), achieving performance lev-
els comparable to overseas LLMs. With the growing application of LLMs in education, researchers
have also begun to propose Chinese education benchmarks, which can be broadly categorized into
two types: (1) datasets translated from other languages and (2) datasets natively constructed from
Chinese education corpora. Specifically, (1) Datasets translated from other languages refer to bench-
marks constructed by directly translating existing benchmarks from other languages into Chinese. A
representative work is CLUE (Xu et al.|[2020a)), which was translated from the English GLUE (Wang
et al 2019). However, a simple translation approach is insufficient for a rigorous evaluation of
LLMs in Chinese. These datasets often fail to reflect the unique linguistic and cultural challenges
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Figure 1: Overview of OmniEduBench. The benchmark comprises two dimensions: 41 subjects
across six categories in the knowledge, and 20 subjects across six categories in the cultivation.

of the Chinese education and inherently carry biases from their original environment, thus limiting
their ability to assess LLMs’ understanding of local education knowledge and teacher-student needs.

(2) Datasets natively constructed from Chinese educational corpora refer to benchmarks directly col-
lected from Chinese educational text resources, such as C-Eval 2023)), Edubench
et al.,[2023)), Scieval 2024), AGIEval (Zhong et al 2023), and SuperCLUE
2023)). However, most existing education benchmarks are often limited to a single subject or ques-
tion type, lacking sufficient diversity. Additionally, these datasets typically focus on the knowledge
dimension, overlooking the unique cultivation aspects that are essential in real-world education.

We present OmniEduBench, a comprehensive Chinese education benchmark designed to thoroughly
evaluate LLMs in terms of both knowledge understanding and skill cultivation in educational sce-
narios. OmniEduBench encompasses knowledge and cultivation dimension and comprises a total
of 24.602K high-quality question—answer pairs, covering 11 common exam question types (e.g.,
multiple choice (F3%5#1), multiple answer (£ 15/8), fill-in-the-blank (JEZS /), short answer ({82~
), composite questions (& &), term explanation (45 17 f# ), True/False (|7 &), calculation
(T E#), logical reasoning GZFEHEFE ), case analysis (Z2 57 477), and essay (1BiA#)), as il-
lustrated in Figure[I] The knowledge dimension includes 18.121K question—answer pairs spanning
41 subject areas, from humanities to science and engineering, and covering five difficulty levels:
elementary school, middle school, high school, college, and professional examinations. The cul-
tivation dimension comprises 6.481K question—answer pairs across 20 teaching-related comments,
including guided teaching, student emotional support, and moral education (see Table [T for details),
aiming to comprehensively assess the diverse competencies required in real-world educational set-
tings. Extensive experiments demonstrate that our proposed OmniEduBench presents a highly chal-
lenging and significant benchmark for Chinese educational evaluation. Additionally, we introduce
OmniEduBench HARD, a high-difficulty subset of OmniEduBench, specifically targeting particu-
larly demanding subjects such as advanced mathematics and competitions that require sophisticated
reasoning skills. Even the state-of-the-art LLMs achieve less than 50% accuracy on this subset,
highlighting the rigor and necessity of our proposed OmniEduBench education benchmark.

2 RELATED WORK

In this section, we present a comprehensive survey of large language models (LLMs) and bench-
marks related to our constructed OmniEduBench, encompassing both English and Chinese datasets.
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2.1 LARGE LANGUAGE MODELS

Recently large language models have advanced at an unprecedented pace. Leveraging increasingly
sophisticated architectures and ever-larger pretraining corpora, they have continuously pushed the
boundaries of performance in language understanding, reasoning, and generation tasks. Researchers
have explored various approaches to enhance LLMs’ capabilities. For example, Chain-of-Thought
prompting (Wei et al.,|2022; Team, [2025cib; |Guo et al., 2025; |Liu et al., 2024 a)) has been shown to be
highly effective in guiding models to perform step-by-step reasoning for complex problem-solving.
In addition, instruction tuning (Dong et al, [2025; Hu et al |2025} [Yang et al. [2024; 2025) and
reinforcement learning from human feedback (RLHF) (Ouyang et al., 2022; [Schulman et al., 2017)
have been widely adopted to align model outputs with human intentions and preferences, enabling
LLMs to generate responses that are more natural and reliable in open-ended dialogue and creative
tasks. Despite these remarkable advances, however, the question of how to comprehensively and
effectively evaluate the true capabilities of LLMs remains a critical and open challenge.

2.2 ENGLISH EDUCATION BENCHMARKS

Researchers have proposed a variety of benchmarks to evaluate the capabilities of LLMs, which
can be broadly categorized into three types: (1) task-specific evaluations, such as reading com-
prehension (SQuAD (Rajpurkar et al., [2016))), machine translation (Bojar et al., 2014)), and sum-
marization (Hermann et al.l 2015); (2) general knowledge and advanced ability evaluations, for
example, the Massive Multitask Language Understanding (MMLU) benchmark (Hendrycks et al.,
2021a)), which collects questions from real-world exams and textbooks to provide a diverse, multi-
domain test that effectively probes the breadth and depth of model knowledge. Similarly, the BIG-
bench benchmark (Srivastava et al., 2022) comprises 204 diverse tasks; and (3) specialized ability
evaluations. In mathematical reasoning, benchmarks such as GSM8K (Cobbe et al., [2021)) and
MATH (Hendrycks et al., [2021b)) assess models’ ability to solve complex multi-step problems. In
code generation, HumanEval (Chen et al.l [2021) and MBPP (Austin et al., 2021) have become
standard benchmarks for measuring programming proficiency. Additionally, datasets such as MT-
bench (Zheng et al.| [2023)) have been introduced to evaluate performance in multi-turn, open-ended
dialogues. Despite the significant contributions of these datasets to advancing LLMs evaluation,
most of them remain heavily focused on English, with limited coverage of Chinese scenarios.

2.3 CHINESE EDUCATION BENCHMARKS

A series of comprehensive Chinese benchmarks have been proposed. For example, CLUE (Xu et al.,
2020b), as an early work, integrates multiple natural language understanding tasks and has become
an important reference for evaluating LLMs. Subsequently, benchmarks such as CMMLU (Li et al.,
2023)) and C-Eval (Huang et al., |2023) collect multi-disciplinary, multi-task questions from Chi-
nese university exams, professional qualification tests, and textbooks, effectively assessing models’
general knowledge and their understanding. Beyond general capability evaluation, researchers have
also developed Chinese benchmarks targeting specific advanced skills. For example, in mathemat-
ical reasoning, CMATH (Wei et al.| 2023) tests models’ abilities to solve complex mathematical
problems. Meanwhile, EduBench (Xu et al., 2025) constructs synthetic corpora for the education,
but its question types are relatively limited, making it difficult to fully capture models’ Chinese
potential. To address this critical gap, we propose OmniEduBench — a comprehensive Chinese ed-
ucation benchmark that uniquely combines knowledge and nurturing dimensions, providing a novel,
holistic framework for systematically evaluating LLMs’ potential as educational assistants.

3 OMNIEDUBENCH

Our proposed OmniEduBench education benchmark is designed as a natively Chinese education
evaluation benchmark that captures the unique linguistic and cultural knowledge of Chinese educa-
tion, encompasses diverse question types, and assesses LLMs not only on their knowledge capabili-
ties but also on the distinctive cultivation competencies required in real-world educational scenarios.
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Figure 2: Overview of the construction process, including collection, cleaning, filtering, verification.

3.1 TASK DEFINITION

Knowledge dimension focuses on evaluating the model’s mastery of subject-specific knowledge.
Tasks in this dimension include 11 common exam question types (e.g., multiple choice, multiple an-
swer, fill-in-the-blank, short answer, composite questions, term explanation, True/False, calculation,
logical reasoning, case analysis, and essay). These 11 question types span a wide range of disci-
plines, from humanities and history to science, engineering, and professional fields. The primary
goal is to assess the LLM’s problem-solving capabilities within the context of real-world education.

Cultivation dimension assesses LLMs on their ability to support holistic educational objectives
beyond mere knowledge acquisition. This includes guiding students’ thinking processes, fostering
moral and value development, enhancing emotional understanding, and promoting critical reasoning
skills. Tasks in this dimension are designed to reflect realistic learning scenarios, where models must
provide pedagogically sound feedback that aligns with students’ cognitive and emotional needs.

3.2 BENCHMARK CONSTRUCTION

In this section, we provide a detailed overview of the construction process for the proposed Om-
niEduBench education evaluation benchmark, as illustrated in Figure 2] The process consists of
four key stages: dataset collection, dataset cleaning, dual-machine filtering, and expert verification.

Dataset collection. OmniEduBench is designed to encompass a wide range of diverse scenarios to
enable comprehensive evaluation. To achieve this, we employ three distinct data collection methods,
carefully balancing diversity and efficiency in the construction of the OmniEduBench benchmark.

Manual collection of publicly available data. Existing benchmarks often lack sufficient diversity
in question types and knowledge coverage, making them inadequate for our 41 subjects in knowl-
edge dimensions. To address this gap, we manually collected additional data from publicly available
online resources (e.g., XuekeNet, ZujuanNet, ShijuanNet, ShitiNet) to enrich diversity and ensure
coverage of underrepresented scenarios, such as primary and career education. Furthermore, guided
by the Catalogue of Undergraduate Programs in Regular Higher Education Institutions [ﬂ issued by
China’s Ministry of Education, we curated a large body of review materials and exam questions
across 13 academic disciplines, including philosophy, education, law, literature, history, science,
engineering, agriculture, medicine, military science, management, and the arts. This effort signifi-
cantly improves distributional balance and provides a more faithful reflection of real applications.

Manual collection of private data. Data contamination remains one of the most critical challenges in
constructing evaluation datasets for LLMs. To mitigate this risk, we manually collected additional
data from private resources, such as internal school exam papers. Unlike widely circulated national
exams, these materials have never appeared on the public Internet or been included in large-scale
web crawls, effectively reducing the risk of leakage. Incorporating such private data enhances the
reliability and fairness of the benchmark, while providing a more rigorous assessment of models.

LLM-generated data. Given the difficulty of directly obtaining data in the cultivation dimension, we
leveraged LLMs to generate a substantial number of scenario-based question—answer pairs, aiming
to supplement gaps in existing resources. To ensure the quality of the synthetic data, we invited five

1http://www.moe.gov.cn/srcsite/AO8/moe_lO34/s4930/202403/
W020240319305498791768.pdf
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Table 1: Statistics of OmniEduBench and more detailed per-subject information are shown in the
Appendix. Bilingual names and abbreviations of six knowledge and six cultivation dimensions.

Knowledge dimension Cultivation dimension

English name Abbreviation Chinese name English name Abbreviation Chinese name
Law & Politics LP FEESEA Character & Values Ccv g S M ENL
Foundational Disciplines FD HefieE Rt Personalized Development PD L
Humanities & History HH A5 3® Social & Interpersonal Skills SIS a5 ABRETE
Medicine & Health MH [ 2 55 Thinking & Cognitive Skills TCS BAESIHIRES
Interdisciplinary & Integrated Subjects 1S a5 X FER Teaching Feedback & Support TFS RIS SRR
Social Sciences & Economics Management SSEM R EZFEH | Emotional & Mental Health EMH BRSO (i
Category Subjects  Questions | Category ~Subjects Questions | Category Subjects Questions
In terms of dimension In terms of Knowledge In terms of Cultivation

Knowledge 41 18,121 LP 4 1,455 Cv 2 694
Cultivation 20 6,481 FD 11 7,918 PD 3 1,031

In terms of different level HH 10 5,331 SIS 3 736
K-12 Schools 10 4,384 MH 3 918 TCS 6 1,900
High school 11 6,735 IIS 4 914 TFS 1 193
College 30 6,364 SSEM 9 1,643 EMH 5 1,833
Total 61 24,602 ‘ Total 41 18,179 ‘ Total 20 6,387

Table 2: Comparison of OmniEduBench with existing benchmarks. Here, Mixed (X) indicates X
types of mixed question types, and General (K) signifies that the dataset covers all subjects and
educational stages with K categories. ZH and EN represent Chinese and English, respectively.

Benchmark \ Dimension Size Type Data source Domain Subject Language
Knowledge 13.9K  Multiple answer Publicly available General (4) 52 ZH
Knowledge 18.8K  Multiple choice LLM-generated General (9) 9 ZH & EN
Knowledge 17K Multiple choice Publicly available Math 1 ZH
Knowledge 435K  Multiple answer Publicly available K-12 23 ZH
Knowledge 2.8K Mixed (7) Publicly available High school 9 ZH
Knowledge 8.5K  Multiple choice Publicly available Math 1 EN
. Knowledge 12.5K  Multiple choice Publicly available Math 7 EN
OmniEduBench (ours) \ Knowledge & Cultivation  24.6K Mixed (11) Publicly & Private & LLM  General (12) 61 ZH

education experts to conduct discussions on 20 cultivation subjects and consulted relevant books,
papers, and other materials. The collected content was organized into a database, which was then
provided to the LLM to enhance the fidelity and accuracy of the generated data. For generated
questions, to increase their challenge, we designed highly confounding distractors via prompts and
conducted sampling checks and revisions with expert verification (please see more details in expert
verification). Finally, we collected a total of 927K question—answer (Q&A) pairs, including 21K
from publicly available data, 106K from private data, and 800K generated by LLMs.

Dataset cleaning. The entire data cleaning process consists of multiple steps. (1) We used
MinerU to convert the collected 927K Q&A pairs into Markdown (md) format,
enabling structured management and efficient information extraction. (2) Detailed metadata were
extracted for each question, including subject, grade level, question type, and knowledge tags, to
construct comprehensive question profiles that facilitate data management and subsequent analysis.
(3) Standard data cleaning procedures were applied, including deduplication, removal of questions
with missing key content, filtering of sensitive or inappropriate content, and exclusion of questions
that rely on external information.After the cleaning process, we obtained a total of 657K Q&A pairs.

Dual-machine filtering. To ensure OmniEduBench is a high-quality and challenging benchmark,
we implemented a dual-model filtering mechanism on an initial set of 657K Q&A pairs. Specifically,
we first evaluated all questions using QWQ32B 2025¢), retaining only those that the model
answered incorrectly. This initial filtering resulted in a subset of 430K Q&A pairs. These questions
then underwent a second filtering stage with the same strategy, this time using Qwen3-235B
2025), ultimately yielding the final set of 50K high-quality and challenging data.

Expert verification. We recruited 50 master’s students to perform an initial quality check on the
dataset based on five predefined dimensions (in Table[3)), removing any data that did not meet the cri-
teria, which resulted in a final set of 24.602K Q&A pairs for OmniEduBench. Among these 24.602K
Q&A pairs, 26.1% were sourced from publicly available data, 28.1% from private data, and the re-
maining 25.8% from LLM-generated data. Subsequently, we invited 5 senior verification experts to
conduct a rigorous quality review on a 15% random sample drawn separately from publicly avail-
able, private, and LLM-generated data of OmniEduBench. The review results in TableEL indicate
that the dataset maintains high overall quality, demonstrating both reliability and applicability.
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Table 3: Expert validation results for the OmniEduBench dataset.

Metric English name Metric Chinese name Average Standard deviation Inter-rater agreement

. =
Overall quality BIkpTE 4.8 0.1 0.90
. no] B vE
Clarity [] R A 45 0.2 0.85
Option perplexity I I 2 4.8 0.3 0.83
St S,
Accuracy RN 4.8 0.1 0.90
P 2=
Cultivation value B AME 4.6 0.2 0.88
I 51 04 5% ) 2 - FAAES RPN SR AT I, AR, % E AR EE?
The following statements are incorrect: Some students laughed and played while visiting the martyrs' cemetery, |
. . ’ en = . feel , how should | deal with it?
A PR E R 7 A AR LR SRR 0 R A A £ Ve anety, o snoue aes
A. The amount of water produced by the combustion of toluene and glycerol A B35 G R, AR E RO SR .
remains constant under the condition of equal amounts A. Criticize harshly on the spot, ask him to apologize and write a review.
B W AKERAEN F RGeS R SV AR 0 R R L B. {3 (¥ BRAE 3 B A% — A 1 9 & T
B. After the elimination reaction of ethyl bromoide, the ethylene produced can be B. Suspension of his extracurricular activities for one week as punishment.
directly tested with acidic potassium permanganate solution C. W JE HRAMR AT : VRANE TRATAAT 2 Bokax B ? JRGEAFIXFE AT N
C. RERMIFRAEGAESR A 5 SR R TR AR RS SR IR T ? JRA HH N E AL ER?
C. Aldehydes can undergo silver mirror reaction when co-heated with silver C. Talk to him after class: Do you know why we are here? Do you think such
ammonia solution under alkaline conditions behavior is worthy of the martyrs? How do you want others to remember you?
D BRER AV VAT VA AR R ) A PR R T SR 5k R 4 D. ik F RS RHEAE U BY, 55T — L2 L i
D. Sodium carbonate solution dissolves phenol to produce sodium phenol D. Let him serve as a docent on his next visit, responsible for introducing the
and sodium bicarbonate deeds of a martyr.
ER: B % D
Answer: B nswer: D
(a) Single-choice question type within the knowledge dimension (b) Single-choice question type within the cultivation dimension

Figure 3: Example of (a) a single-choice question in the knowledge from a college chemist. (b) A
single-choice question in the cultivation. English translations are shown for better readability.

3.3 EVALUATION CRITERIA

Based on the characteristics of different question types, we adopt two evaluation metrics: (1) Choice.
For questions with a standard answer, we directly evaluate the provided answer. This simplifies the
scoring process, as the model only needs to select the most appropriate option, thereby reducing
ambiguity in assessment. (2) LLM-assisted scoring. For short-answer questions that may have
multiple valid forms but are semantically equivalent, we employ an LLM-assisted scoring method.
This approach provides greater flexibility, avoids imposing unnecessary constraints on the model,
and allows for a more accurate evaluation of the model’s semantic understanding and expression.

3.4 STATISTICS

Through rigorous data filtering and expert validation, we collected 18.121K high-quality ques-
tion—answer pairs for the knowledge and 6.481K for the cultivation. As illustrated in Figure [I]
and summarized in Table [T} with more detailed per-subject statistics provided in the Appendix, the
dataset spans 12 major categories, as shown in Table[I} including K-12, higher school, university-
level courses, and cultivation aspects such as emotion and reasoning, covering a total of 61 specific
scenarios. Figures [3]and [4] present some representative examples in different dimensions and ques-
tion types. The questions exhibit wide variability in type and difficulty and are sourced from diverse
origins, primarily newly collected from public or private resources or manually constructed.

4 EXPERIMENTS

In this section, we evaluate the performance of state-of-the-art (SOTA) methods in both English and
Chinese. The experimental results indicate that OmniEduBench remains a competitive benchmark.

4.1 EXPERIMENTAL SETUP

Baselines. We evaluate 11 mainstream large language models (LLMs) in total, including 3 cutting-
edge closed-source models and 8 open-source models, one of which is a newly released education-
oriented model. The closed-source models are GPT-40 (Hurst et al., [2024), Gemini-2.5 Pro (Co-
manici et al., [2025)), and Claude-4 Sonnet (Team), |2025a). For the open-source models, we consider
two main factors. First, they are grouped by parameter size into small (§8B), medium (14B/32B/36B),
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Figure 4: Example of (a) a multiple-choice question in the knowledge from Biology. (b) A short-
answer question in the knowledge from Math. English translations are shown for better readability.

Table 4: Zero-shot average accuracy (%) across six categories in the knowledge. The highest accu-
racy is bold, and the second highest is underlined. More results are provided in the Appendix.

Model Parameters Access Creator | FD HH SSEM LP MH IIS | Average
Qwen3 8B Weights Alibaba 53.02 3853 36,58 30.17 3671 3775 | 43.86
Qwen3 14B Weights Alibaba 36.32 3678 3512 2729 36.82 35.67 | 35.62
MuduoLLM 14B Weights BNU & TAL 2820 40.82 3299 36.15 39.11 3140 | 33.68
QwQ 32B Weights Alibaba 61.25 4851 4224 4990 55.01 47.26 | 53.87
Seed-OSS 36B Weights ByteDance 48.81 50.14 4534 48.66 61.00 49.56 | 49.53
Qwen2.5 72B Weights Alibaba 19.53 3095 2057 1326 23.86 2090 | 22.76
Qwen3 235B (22B active) ~ Weights Alibaba 3424 4701 3621 4426 5871 46.61 40.82
DeepSeek-V3.1 671B (37B active) ~Weights DeepSeck 31.65 40.65 3500 29.42 50.54 45.19 | 36.05
HuatuoGPT-01_ans (Medicine) 7B Weights CUHK-Shenzhen | 23.67 24.23 2338 1879 29.74 20.94 23.46
Qwen2.5-Math-instruct_ans (Math) 7B Weights Alibaba 33.07 8.43 11.51 8.39 10.67 13.93 14.33
GPT-40 Undisclosed API OpenAl 21.15 2694 2392 2213 3475 27.13 24.17
Claude-4 Sonnet Undisclosed API Anthropic 4149 4429 3536 2756 3486 4234 | 4035
ERNIE-4.5-Turbo_ans Undisclosed API BaiDu 39.89 51.59 4561 52.07 59.15 4743 49.29
Spark_Pro_ans Undisclosed API iFlytek 2296 37.03 41.58 41.03 36.82 37.90 | 36.22
Gemini-2.5 Pro Undisclosed API Google 7383 5513 46.68 5540 60.68 54.16 62.76

and large (72B/235B/671B) scales. Second, they are categorized by functionality into: (a) general

instruction-following models (Qwen2.5 2024), Qwen3 (Yang et all 2025)); (b) gen-
eral reasoning models (QwQ 2025¢), Seed-OSS 2025b), DeepSeek-V3.1 (Liu et al|
2024b))); and (c) education-specific models (MuduoLLM (from BNU & TAL)} 2023)).

Implementation details. In our experimental setup, we evaluate all large language models under
both zero-shot and few-shot settings, with few-shot examples (0-, 1-, 3-, and 5-shot) drawn from
a separately partitioned development set, distinct from the evaluation set. All open-source models
are run using their official code, while closed-source models are accessed via official APIs. We
consistently use Gemini-2.5 Pro as the LLM-assisted scoring model, unless otherwise specified.
Following C-Eval (Huang et al.] 2023) and GSM8K (Cobbe et al, 2021)), we set temperature (T)
to 0 during inference, which corresponds to using greedy decoding. At each generation step, the
model selects the token with the highest probability, ensuring deterministic outputs that minimize
randomness and produce the most common and stable answers. We conducted three independent
runs and averaged the results. Due to T=0, results across three runs showed negligible differences.

Table 5: Zero-shot average accuracy (%) across six categories in the cultivation. The highest accu-
racy is bold, and the second highest is underlined. More results are provided in the Appendix.

Model Parameters Access Creator | TCS EMH SIS CV PD  TFS | Average
Qwen3 8B Weights Alibaba 7095 66.67 69.16 6225 70.13 77.20 | 68.62
Qwen3 14B Weights Alibaba 67.79 60.77 63.72 5620 6431 7150 | 63.60
MuduoLLM 14B Weights BNU & TAL 6442 60.77 6345 66.14 6751 6477 | 63.96
QwQ 32B Weights Alibaba 7316 06836 69.84 65.13 7177 72.02 | 70.27
Seed-OSS 36B Weights ByteDance 70.74 6530 66.03 62.82 67.12 7047 | 67.18
Qwen2.5 72B Weights Alibaba 67.89 6438 65.62 59.51 6557 67.88 | 6534
Qwen3 235B (22B active) ~ Weights Alibaba 67.84 61.10 6454 5576 6440 7047 | 63.74
DeepSeek-V3.1 671B (37B active)  Weights DeepSeek 7158 6541 69.02 6196 71.00 77.20 68.55
HuatuoGPT-01 _ans (Medicine) 7B Weights CUHK-Shenzhen | 42.58 4557 48.10 41.79 43.65 52.85 44.44
Qwen?2.5-Math-instruct_ans (Math) 7B Weights Alibaba 28.74 3144 20.52 27.52 1697 2228 26.34
GPT-40 Undisclosed API OpenAl 61.63 59.57 59.24 5533 5771 6580 | 59.57
ERNIE-4.5-Turbo_ans Undisclosed API BaiDu 70.11 6285 6630 56.77 67.02 70.47 65.65
Spark_Pro_ans Undisclosed API iFlytek 68.05 61.87 6495 61.10 67.80 72.02 65.24
Claude-4-sonnet Undisclosed API Anthropic 7195 70.05 7092 6455 69.25 71.50 70.03
Gemini-2.5-pro Undisclosed API Google 7226 66.07 70.79 65.71 70.32 6736 | 69.14
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Table 6: Average accuracy (%) across six categories in one-shot, three-shot, and five-shot settings
for the knowledge dimension. The highest accuracy is bold, and the second highest is underlined.

Model Parameters Access Creator | FD HH SSEM LP MH IIS | Average
One-shot setting

Qwen3 8B Weights Alibaba 52.80 4645 4190 29.76 4020 40.59 | 41.95

MuduoLLM 14B Weights BNU & TAL | 27.36  47.79 36.72 3498 40.74 34.35 36.99

Qwen2.5 72B Weights Alibaba 2142 4043 27.04 2096 28.10 22.65 26.77

Qwen3 235B (22B activate) Weights Alibaba 3772 60.79 44.03 4577 59.59 54.05 | 50.12

DeepSeek-V3.1  671B (37B activate) Weights DeepSeek 30.00 41.73  34.65 30.72 49.67 42.12 38.15

Three-shot setting

Qwen3 8B Weights Alibaba 5298 46.00 39.74 30.65 39.32 40.85 41.59
MuduoLLM 14B Weights BNU & TAL | 27.32 46.86 3579 33.81 39.54 3242 35.96
Qwen2.5 72B Weights Alibaba 2143 40.86 27.27 2041 27.12 23.88 26.83
Qwen3 235B (22B activate) ~ Weights Alibaba 37.52 60.70 43.40 4577 59.48 52.57 49.54
DeepSeek-V3.1  671B (37B activate)  Weights DeepSeek 29.09 4142 3402 2859 48.80 42.06 37.33
Five-shot setting
Qwen3 8B Weights Alibaba 56.86 46.70 39.44 30.65 3824 4223 42.35
MuduoLLM 14B Weights BNU & TAL | 26.93 46.57 36.28 3574 39.11 34.57 36.53
Qwen2.5 72B Weights Alibaba 2146 41.19 2696 20.82 26.03 28.56 27.50
Qwen3 235B (22B activate) Weights Alibaba 3740 60.41 44.13 4577 58.61 5558 | 50.32

DeepSeek-V3.1  671B (37B activate) Weights DeepSeek 29.39 41.17 3287 2845 4749 3895 36.39

4.2 MAIN RESULTS

We evaluated all baseline models on OmniEduBench, reporting both per-task category and overall
accuracy, as shown in Tables E| and @) Results show that in the knowledge dimension, Gemini-2.5
Pro achieves the highest accuracy at 62.78%, while in the cultivation dimension, the reasoning-
enhanced version of QWQ performs best with an accuracy of 70.27%. This performance highlights
the challenging nature and strong discriminative power of the constructed OmniEduBench.

In the knowledge dimension, it is evident that, except for Gemini-2.5 Pro, closed-source models
generally perform worse than open-source models on our OmniEduBench. For example, GPT-40
achieves an accuracy of 24.17%, far below that of Qwen3-8B. This may indicate that the GPT series
has relatively weak robustness when handling Chinese education exam-style questions. Meanwhile,
model architecture has a significant impact on performance, such as Seed-OOS outperforms the
Qwen family by more than 10%. In the cultivation dimension, models generally perform better than
in the knowledge dimension, which may be due to the fact that the cultivation tasks mainly consist
of multiple-choice questions, making them simpler compared to knowledge tasks with 11 common
exam question types. However, differences in performance between different model architectures
still exist. Overall, GPT-40 performs the worst in both dimensions, with accuracy largely concen-
trated around 59.57%, possibly because it has not been specifically optimized for this dimension.

4.3 ANALYSIS AND FINDINGS

In this section, we further conduct extensive experiments at multiple levels, including few-shot ex-
amples, OmniEduBench HARD, and various LL.M-assisted scoring methods.

Results in few-shot examples. In Table [] we present in-context experimental results using differ-
ent numbers of shots. As the number of shots increases, model performance generally improves;
however, the overall gain is limited when considering the average results. We speculate that the drop
in accuracy for some models is due to the fact that they have not (or not appropriately) incorporated
few-shot examples during the instruction tuning stage. These findings suggest that while few-shot
prompting can be beneficial for certain models, its effectiveness strongly depends on the model’s
pretraining and instruction tuning strategies. Moreover, the limited average improvement indicates
that simply increasing the number of shots may not always lead to substantial gains, highlighting
the need for more sophisticated methods to integrate few-shot examples effectively.

Results on OmniEduBench HARD. In Figures [5]and [6] we present the average accuracy of each
model on OmniEduBench HARD. The OmniEduBench HARD subset consists of the bottom 26%
of samples based on the performance of 11 evaluated models, totaling approximately 1.552K cul-
tivation samples and 7.620K knowledge samples (9.172K examples in total). To ensure the subset
reflects true difficulty rather than model-specific weaknesses, we invited 10 master’s students to
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Figure 5: Zero-shot average accuracy (%) on the knowledge dimension of OmniEduBench HARD.
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Figure 6: Zero-shot average accuracy (%) on the cultivation dimension of OmniEduBench HARD.

manually review these samples, confirming that the problems in the HARD subset generally align
with higher human-perceived difficulty. The experimental results show that: (1) all 11 LLMs exhibit
a significant performance drop on OmniEduBench HARD, with even the best-performing model,
Gemini, achieving less than 50% accuracy; (2) Qwen2.5-72 performs the worst, significantly lower
than the other models, indicating limited capability in handling difficult samples. These findings
indicate that further research is needed to enhance LLMs’ ability to generalize and maintain high
performance on hard subsets of educational benchmarks.

Results using different LLM-assisted scoring methods. In Table[7, we present the experimen-
tal results using different LLM-assisted scoring methods. The performance of the scoring model
directly affects the evaluation outcomes: higher-quality scoring models provide more accurate as-
sessments, leading to more precise measurements of the evaluated models’ capabilities. In this
study, we employed three scoring models of varying quality. Overall, GPT-40 performed relatively
poorly as a scoring model, failing to accurately evaluate the responses of LLMs. Consequently,
the overall effectiveness of LLM-assisted evaluation is reduced when GPT-4o0 is used, highlighting
the critical importance of selecting high-quality scoring models to ensure accurate and meaningful
assessments. These findings suggest that the choice of scoring model can substantially influence the
perceived performance of evaluated LLMs, and careful selection of scoring models is necessary.

5 CONCLUSIONS, DISCUSSIONS AND LIMITATIONS

In this paper, we present OmniEduBench, a comprehensive Chinese educational benchmark de-
signed to address the limitations of existing Chinese educational evaluation benchmarks. By mov-
ing beyond simple knowledge retrieval, the benchmark provides a holistic assessment of LLMs’
capabilities across two core dimensions: the knowledge and cultivation dimensions. We conducted
extensive experiments on 11 mainstream LLMs, revealing significant performance gaps. While
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Table 7: Zero-shot average accuracy (%) across six categories in the knowledge using different
LLM-assisted scoring methods. The highest accuracy is bold, and the second highest is underlined.

Model Parameters Access  Creator | FD HH SSEM LP MH IIS | Average
QOwen3-A235B-assisted scoring method (Yang et al.}|2025)

QwQ 32B Weights Alibaba 61.26 5582 4522 50.10 55.66 48.36 56.39

Seed-OSS 36B Weights ByteDance | 51.16 63.04 51.55 50.38 62.31 57.33 55.49

GPT-40 Undisclosed API OpenAl 2359 36.77 2879 2392 3573 3140 28.96

Claude-4 Sonnet  Undisclosed APIL Anthropic | 43.54 55.52 4047 27.77 36:17 47.48 45.34
Gemini-2.5 Pro  Undisclosed API Google 75.01 65.67 5295 56.29 61.44 61.49 67.41

Gemini-2.5 Pro-assisted scoring method (Comanici et al.|{[2025)

QwQ 32B Weights Alibaba 61.25 43851 4224 4990 55.01 4726 53.87
Seed-OSS 36B Weights ByteDance | 48.81 50.14 4534 48.66 61.00 49.56 49.53
GPT-40 Undisclosed API OpenAl 21.15 2694 2392 2213 3475 27.13 24.17

Claude-4 Sonnet  Undisclosed API Anthropic | 41.49 4429 3536 27.56 34.86 42.34 40.35
Gemini-2.5 Pro  Undisclosed API Google 73.83 5513 46.68 5540 60.68 54.16 | 62.76

GPT-4o-assisted scoring method (Hurst et al {[2024)
QwQ 32B Weights Alibaba 56.61 4287 37.86 49.28 54.58 37.97 49.26
Seed-OSS 36B Weights ByteDance | 45.07 47.89 41.94 4852 60.78 43.54 46.61
GPT-40 Undisclosed API OpenAl 2038 23.78 22.03 2206 3431 23.30 22.51
Claude-4 Sonnet  Undisclosed APIL Anthropic | 40.43 4170 31.89 2790 35.08 34.79 38.48
Gemini-2.5 Pro  Undisclosed API Google 70.15 5138 44.13 55.88 60.57 46.83 59.49

some models performed well on the knowledge dimension, their performance on cultivation tasks
dropped substantially, with even the best-performing models trailing human-level performance by
nearly 30%. These findings indicate that despite recent advancements in LLM technology, cur-
rent models still lack the deep reasoning and pedagogical skills necessary to function effectively
as educational assistants. We believe OmniEduBench will serve as an important tool for guiding
future research. Looking ahead, OmniEduBench plans to explore more complex question types in
the cultivation dimension and introduce multimodal educational scenarios, further enhancing the
benchmark’s role in evaluating and guiding the comprehensive capabilities of LLMs and MLLMs.

Ethics statement. Our constructed OmniEduBench educational benchmark is built from publicly
available educational resources as well as authorized private resources permitting open-source use,
strictly adhering to copyright and licensing requirements. All data have been systematically pro-
cessed to remove personally identifiable information (PII) and sensitive content, ensuring privacy
and security. The dataset is intended solely for research purposes, aiming to advance the develop-
ment and evaluation of large language models (LLMs) in educational scenarios.

Reprodicibility statement. To ensure reproducibility, we provide detailed descriptions of the
dataset construction process, annotation criteria, and experimental settings in both the main paper
and the Appendix. The proposed OmniEduBench education dataset, together with preprocessing
scripts, evaluation metrics, and model prompts, will be publicly released upon acceptance. All
experiments were conducted using standard LLM APIs or open-source checkpoints, with model
versions, hyperparameters, and evaluation protocols explicitly documented. This ensures that other
researchers can faithfully replicate our results and readily extend the benchmark in future studies.
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A SUPPLEMENTARY MATERIAL

Use of LLMs. In this paper, LLMs were utilized in two primary ways: (1) as auxiliary tools for
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in benchmark experiments. To ensure data quality, no content directly generated by LLMs was
included in the released dataset. During manuscript preparation, LLMs were employed for minor
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A.1 SUPPLEMENTARY STATISTICS OF OMNIEDUBENCH

In Table[8] we present the bilingual names and abbreviations of all subjects in the knowledge dimen-
sion. In Table[9] we present the bilingual names and abbreviations of all subjects in the cultivation
dimension. In Tables[I0} [TT] and[T2] we present the detailed data distribution for all 61 subjects.

In Figures[7]and[8] more examples of various questions in the knowledge and cultivation dimensions.

TEAE KRR

Definition:Dasheng School of Ci Poetry:

ER WEFAXY ANERERRAEBHSETY, JEREHERERRFHE
3, R T YRERANERY, BUEBEARKORZIEARNSE. BHEEEUME
AL, KELHER, TEEMETRAA0ER UG, LROBALRE
FEMERIER 18, DAFR, SREMRUSEIEERR, ALK 1EELT  Z5%,
NEAHE ZAMER 2L, AR ABUERREH, fvﬂﬂff&ijp’r“ciio

Answer: The establishment of the Dasheng Mansion, a music institution in the late Northern Song Dynasty,
promoted the change of the style of words at that time, and the emergence of the Dasheng Poetry School
represented by Zhou Bangyan. Zhou Bangyan's lyrics are mainly based on harmony, and the long tone is
especially laid out, seeking the elegance of the words and sentences in the harmony of the rhythm,
extremely melancholic and frustrated, the slow words of the Northern Song Dynasty developed to Zhou
Bangyan's halal words, known for knowing the rhythm, preparing the law and the style of mellow elegance,
neither Liu Yong's 'words under the dust', nor Su Shi's ridicule of 'more incongruity', which has become a
model for later generations of poets to learn from, and the influence is extremely far-reaching.

Noun explanation question within the knowledge dimension

(FEED) MREPRERAMETER
The dramatic conflict clues and plot development of "The West Chamber"

ER: FERE) HRBAREFHFLR—RNERARBEY—F, WEEE. k4 ARIB—HNHIR-ZETE, K4 AMZEANTEAR. H
REY RERWG. BRALRLANY, THRF. E_ATHYRREBNSR—AAXA. G2 H BE, RESEXADFEARIBEN KT
. R—AMEZE, BAMBERE, FEEE, SERAAREF., ARZBRZENTE, ORIEEXNSHEOBESZRABPILK, KPIREE
ZEMERAR, ARG, SRIENERMATAL. ERANVFE, KEMBH, &, AMAREANE, FRZRAZTH, fif&{ﬂﬁ’]ﬁ’mﬁﬁi/ﬂ
®o lbE, REIARELET —RIITLE. EKE%iAE‘W;!ﬁmk A, BFHERAGRERH, MNBTU L BRREET }%EL RIEA
RO AR, #. KRTEERERA ?z}ﬂml&ﬁ ERASLUMZAREEZAR, ﬂiﬁﬁl\ﬁ%;‘()\misﬁ BEE, ERATBTR
FINE %&Qﬁ%? 1E%E#lxﬁstﬂtﬂf3€ 7’% FERINT B KOS, AR N A3k A A REMAIESE, Bﬁﬁ?ﬁiﬂ,wﬁﬁﬂ

. RKBEHE. Lﬁﬁﬁﬁﬂﬂﬂmﬁtﬂ —E/EREE, KEEX'. %kkiﬁﬂﬁﬂﬂEERﬁﬁﬁ BEUAY: B
HLAGAR, EARBRANBHMENSHNR. BEARREAROBEWA. REBEBAWE, KEDAERRE

Answer: There are two clues to the dramatic conflit in “The West Chamber": ane s the conflct between the old lady and Zheng Heng on one side and Cul Yingying,
Zhang Sheng, and the matchmaker on the other, and the other is the conflict between Cui Yingying, Zhang Sheng, and the matchmaker. The former is the main line, and
the latter is the auxiliary line. The two clues restrict each other and unfold in a staggered manner. In the second book, Sun Feihu's siege of the Pujiu Temple is a big pass
Prior to this, the contradictions and conflicts between Yingying, Zhang Sheng and the old lady were latent After falling in love with Cui and Zhang at first sight, the two
fell in love with each other and hoped to get closer, and the contradiction between the old lady's rigorous management of the family and the frosty conduct, that is, the
invisible conflict between Yingying's desire for love and the old lady's maintenance of etiquette and the decency of the gatekeeper. The appearance of Sun Feihu
suddenly intensified the development of the plot. The old lady's wish, Zhang Sheng's retreat from the enemy, Cui and Zhang thought that heaven had fulfilled their
wishes, but the old lady changed her mind and their ideals came to naught. Since then, a series of theatrical conflicts have taken place, and the conflict between Cui,
Zhang and the old lady has surfaced, and, due to extreme dissatisfaction with the old lady, they have been united in private in an ‘illegal’ form. "Torture Red is another
major turning point in the dramatic conflict. Cui and Zhang's private union was discovered by the old lady, so they tortured the matchmaker, and there was a direct
conflict between the old lady and the matchmaker. The matchmaker seized the old lady's weakness and fought bravely, forcing the old lady to admit the relationship
between Cui and Zhang. But the contradiction was not resolved. After the old lady admitted the marriage of Cui and Zhang, she immediately put forward additional
conditions: Zhang Sheng must be an official in order to achieve the marriage, which made the dramatic conflict make waves again. Zhang Sheng agreed to the old lady's
conditions, and Cui and Zhang were forced to separate. But Cui Yingying clearly proposed that 'if you go to an official position this time, you will come back when you are
sick. The old lady insisted that the prime minister's mansion did not recruit a son-in-law in white, and Yingying believed: 'But there is a parallel lotus, which is stronger
than the conflict between the champion and the second person, which has obviously manifested itself as a conflict between the two marriage concepts. The fifth book i
the final resolution of the dramatic conflict. Despite Zheng Heng's efforts to destroy it, Zhang Sheng still married Yingying after returning from the official position, so
hat the story could end happily.

Essay Question within the knowledge dimension

Figure 7: Examples of different questions in the knowledge dimension and cultivation dimensions.
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Table 8: Bilingual names and abbreviations of all subject in the knowledge dimension.

Abbreviation English Name

Chinese Name

MATH
CHEM
BIO
PHY
NSCI
PSTAT
PPHY
CS
BCHEM
OS
AMATH
CNET
LANG
GEO
HIST
IART
ILING
HSTUD
HFA
IARCH
HACL
HWP
POL
IMOR
MGMT
HRM
TAX
PSCI
MARX
ELOG
NIJE
CLAW
CVLAW
LAW
TCM
WMED
NURS
IT
CEM
EDU
PSY

Mathematics

Chemistry

Biology

Physics

Nature & Science

Probability & Statistics

Plant Physiology

Computer Science
Biochemistry

Operating Systems
Advanced Mathematics
Computer Networks

Chinese Language
Geography

History

Introduction to Arts
Introduction to Linguistics
History Studies / Historiography
History of Foreign Art
Introduction to Archaeology
History of Ancient Chinese Literature
History of Western Philosophy
Politics

Ideology & Morality
Management

Human Resource Management
Taxation

Political Science

Marxist Theory

Economic Logic

National Judicial Exam
Criminal Law

Civil Law

Law / Jurisprudence
Traditional Chinese Medicine
Western Medicine

Nursing

Information Technology
Civil Engineering Materials
Education

Psychology

(L=
Y
UL
HIRG R

BRI 5 BT

TEY)
THEL

Esty/L e
BIERS

[EE i
THREVLIZE
B

ps kil

ik
Zﬂﬂ‘ﬁ/ﬁb
BE e
[y s
EENEE
Z R
P E AR E
[ipRZEd
=
/LA‘ILA\I:”:I?%
jogiitea
N1 BRE
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G 2

o B NS
RGP e
7% B
THNE 2
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PEEGEE
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TR THRERK
HE¥
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Table 9: Bilingual names and abbreviations of all subject in the cultivation dimension

Abbreviation

English Meaning

Chinese Name

Major Categories

TCS Thinking & Cognitive Skills BAESIASNRE
EMH Emotional & Mental Health BRE O FE R
SIS Social & Interpersonal Skills &5 AREE
CV Character & Values s S MEN
PD Personalized Development MENE
TFS Teaching Feedback & Support B RS CFF
Subcategories
IC Innovation & Creativity ST S A
PSS Problem-Solving Skills [ R R RE
CT Critical Thinking e R A
GRL Guided Reflective Learning B2 5] &
MA Metacognitive Abilities TCINENRE )
GKT Guiding Knowledge Transfer 5| SEMRITRERE T
ER Emotional Regulation TR RET)
EC Empathy & Compassion O
SCSE Self-Confidence & Self-Efficacy ~ H15/0v5 HE AR
PR Psychological Resilience OIS T
GM Growth Mindset TR R
TC Teamwork & Collaboration A M ERE
ECOM Effective Communication HRUOEERE T
SR Social Responsibility A TR
RA Responsibility & Accountability — Ti{ERESH Y
H Integrity & Honesty EES5WE
PLP Personalized Learning Paths MME S B
IDL Interest-Driven Learning LRI B2 >
HT Heuristic Teaching Er &% G
CTF Constructive & Timely Feedback S imtpE &S KAHE
Table 10: Statistics of OmniEduBench for K-12 in the knowledge dimension.
choice answer the-blank -answer questions ofal
Chinese TEL 350 8 1697 1261 51 3367
Mathematics ey 527 12 1865 1181 142 3727
Chemistry = 274 76 799 477 14 1640
History ik 67 24 63 211 5 370
Geography b 78 31 277 173 4 563
Moral Education A8 57 14 30 34 56 4 138
Politics BUA 260 241 281 64 12 858
Physics Y 82 15 178 46 16 337
Biology =) 115 94 360 124 0 693
Nature Science ~ HIRS RIS 8 0 23 22 0 53
Remoogy  FOEE | w2 w v 1 | o
Total SNl | 1793 533 5591 3616 249 | 11.782K
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Table 12: Statistics of OmniEduBench for 20 subjects in the cultivation dimension.

English Name Chinese Name Count
Emotional Regulation Skills B RTERET) 325
Innovation & Creativity BT 5 & /) 275
Heuristic Teaching A& HH 434
Sense of Responsibility & Accountability TGS 330
Problem-Solving Skills (A R R R 288
Team Collaboration Skills PATIMERE 291
Empathy & Sympathy [F3 05 4 385
Self-Confidence & Self-Efficacy BE05 B AR 358
Constructiveness & Timeliness of Feedback AR S 196
Integrity & Honesty IEESHE 371
Psychological Resilience & Anti-Frustration Ability /UIEFI4H:S T 7 393
Personalized Learning Paths M BBE 292
Reflective Learning fi,u P25 5 224
Guiding Knowledge Transfer FRITRERE 384
Metacognitive Skills TCINERRE ST 338
Interest-Driven Learning SLERIR B > 320
Critical Thinking L B 428
Growth Mindset ﬁkkiﬂﬂéﬁ 393
Social Responsibility b TR 317
Effective Communication Skills ﬁﬁi‘/’j Ae7) 139
Total BT | 6.481K

HHE LA A FRER DRI B T8, ﬁ’r&%)ﬂigui‘?%ﬁb HAA TR . w15
EEH$7 BRI IR0 53 A R B EE ST B

ABADETARRAR, thARARGERRIFAC. RIY 1%?#)?%9’]?—?}3 SIEMRE, HIEsHET.
B. TRt A it rEﬁA RNBABE DRI —RITHIHE, BRETHIR.
C. RIEMXAZEFER, RIAEE, FIFIRHELFRIOIRRE,
D. HRGNIZEALR, LBIRAER T XMELT -
A student in my class exhibited aggressive behavior due to domestic violence, and other teachers recommended expelling him. |
think he needs help rather than punishment. How to convince a colleague? Please choose the answer that best reflects 'empathy
and empathy' and 'problem-solving skills': A. This child is not bad by nature, he just uses aggression to protect himself. We should
analyze the reasons behind his behavior and develop a support plan.
8. Expelling him will only make him hate society more, so why not do a behavioral assessment with a psychologist and then
decide on an intervention plan
C. Anyway, he is not my biological son, you decide, don't blame me for not reminding me when something happens.
D. I think he should go to a special school, ordinary classes can't control this kind of child at all.

X B

wwer: /

Question within the cultivation dimension

BAEFBL RN BREGE, EAME, AMEEHAR. BATRILEEXMFIRFERN? Hit
PR AEARIL SGEIRaN S S) FI AR RS B 1 BB
A RSZI B, LT,

B.XWEEL, WIULILEH K.
C.HEEXEFAMERCHMENE, B KNBREEN SECENEREN, RERITHH
KhE,
D. H—HIRERIRTR, BEREASIALRHNRE, HWR—TE
| always feel bored when recmng ancient poems, | can't remember them, and | don't know what they are used for. How can we
make traditional culture learning meaningful? Please choose the answer that best reflects "interest-driven learning" and
"knowledge transfer ability":
A. You have to copy it several times, practice makes perfect.
B. To take the exam, you must memorize it.
C. Try to use these verses in your diary or composition, such as 'There will be times when the wind and waves will be long' to
encourage yourself to face the pressure of the exam, and you will find that it has practical power.
D. Find a pop song you like, see if there are lyrics quoted from ancient poems, and compare the artistic conception.

BXR: C

o Y

Question within the cultivation dimension

Figure 8: Examples of different questions in the knowledge dimension and cultivation dimensions.
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972
973
974
975
976
977
978
979
980
981
982
983
984
985
986
987
988
989
990
991

992
993 EMPHLET: y2 = axPWERAF, SFEREAKNELRITA, BR S,

(1) &|AB| =10, SREERABH SMEALER, (2) ERR: FEMApLT L
994 FrAMSF, TREIESFHEESN, (3) iEH: MABKHERZRNEAS
995 WL R,

It is known that the focus of the parabolic I': y>=4x is F, and the straight line with a slope

996 of k crosses F I"at points A and B. (1) If | AB|=10, find the abscissa of the midpoint of

997 the line segment AB; (2) Prove: Among all the points on the parabolic I, the distance
from the vertex to the focal point F is the smallest; (3) Proof: The circle with AB as the

998 diameter is tangent to the collimator of the parabolic I

999 BER () 4 2 RIMEHER—RP(, ), HEREF(L, 0)WIEE N [PF|=v((x-1)2+y2)=v((x-

1000 1)2+4x)=V(x2+2x+1)=|x+1|. Fx20, #|PF|=x+1. Lx=0ff, |PF|BUE/MEL, WAPHTR(O, 0). MR

EIRARFMBERRN . (3) 1BA(Xa, Y1), B(X2, Y2), ABHRAM, Elb#zeeX,
| AB|=| AF [ +|BF |=(xa+1)+(Xa#+1)=Xa+x2+2, MABHEZE, HEOMABAIRA (xa+x2)/2, 43

1001 R= A8 | /2= (xa +x2+2) /2. BIUMEDESx=-10TERA=] (xa+x3)/2 - (-1)|=(xatxa42)/2. Hd=R, HOZESHE
E2iEp)

1002 Answer: (1) 4;(2) Suppose any point P(x, y) on the parabola has a distance from the focus F(1, 0) as | PF|=V((x-

1 003 1)%+y?)=V((x-1)+4x)=V(x*+2x+1)=|x+1| . Because x20, so | PF|=x+1, When x=0, | PF|take the minimum value of 1, where

Pis the vertex (0, 0). Therefore, the distance from the vertex to the focal point F is the smallest. (3) Let A(x, y1), B(x2, y2), and
the midpoint of AB is M. Defined by parabola, | AB|=|AF|+| BF|=(xi+1)+(x;+1)=xi+x,+2, For a circle with AB as the
diameter, the abscissa of the center M is (xi+x)/2, and the radius R=| AB|/2=(x+x,+2)/2. The distance from the center of
the circle M to the collimator x=-1 d=| (x1+x2)/2 - (-1)|=(x1+x2+2)/2., Since d = R, the circle is tangent to the collimator

1004
1005
1006
1007
1008
1009
1010
1011
1012
1013
1014
1015
1016
1017
1018
1019
1020
1021
1022
1023
1024
1025

Figure 9: Examples of different questions in the knowledge dimension and cultivation dimensions.
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