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Abstract001

The application of large language models002
(LLMs) in the field of education is becoming in-003
creasingly widespread, and question generation004
based on LLMs has begun to attract more atten-005
tion. This is because it can save educators’ time006
and enable personalized learning. However, ex-007
isting studies mostly focus on the local ratio-008
nality of the content generated by models, lack-009
ing a systematic comparison between the gen-010
erated questions and human-crafted questions011
in terms of their overall characteristics. This012
work proposes an evaluation framework that013
covers both the content and form of questions,014
which comprehensively measures the gap be-015
tween question generation by LLMs and that by016
humans, and puts forward a series of improve-017
ment methods targeting this gap. Specifically,018
we focus on seven dimensions to measure the019
differences between human-crafted and model-020
generated questions. Based on these find-021
ings, we propose a zero-shot method (Chain-of-022
Thought Prompting for Question Generation,023
CPQG) that operates without external knowl-024
edge bases. By combining CoT reasoning with025
prompt engineering, CPQG significantly en-026
hances the model’s intrinsic generation qual-027
ity. Extensive experiments demonstrate that028
CPQG effectively narrows the gap between029
model-generated and human-crafted questions.030
Compared with the baseline, CPQG enables031
7B-sized models to achieve a 10% average per-032
formance gain and even surpass GPT-4 in mul-033
tiple dimensions.034

1 Introduction035

Large Language Models (LLMs) have achieved re-036

markable success in natural-language understand-037

ing (OpenAI and others, 2024; DeepSeek-AI et al.,038

2025), question answering (Zhang et al., 2023;039

Lu et al., 2022), and text generation (Li et al.,040

2024), sparking intense interest in their application041

to intelligent education (Dan et al., 2023; Zhang042
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Figure 1: Results of quality comparison between model-
generated questions and human-generated questions in
three aspects (question stem, explanation, and answer).

et al., 2025). Recently, several initiatives have de- 043

veloped education-oriented LLMs (ELLMs), such 044

as EduChat (Dan et al., 2023), MathGPT1, and 045

MuduoLLM (Zhu et al., 2025). Building on these 046

advancements, researchers have explored person- 047

alized education (Bhutoria, 2022; Maghsudi et al., 048

2021), tutoring systems (Gao et al., 2025; Wang 049

and others, 2025), and learning content genera- 050

tion (Shao et al., 2024; Valentini et al., 2023). As 051

a core capability, LLM-based question generation 052

can significantly reduce educator workload while 053

enabling adaptive learning experiences (Dan et al., 054

2023; Zhu et al., 2025). 055

Based on this, there has been a lot of research 056

exploring question generation by LLMs. For exam- 057

ple, researchers (Wang and others, 2025) attempted 058

to guide the model in generating questions through 059

prompt engineering. Some work tried to construct 060

multiple-choice questions that are close to those 061

generated by humans (Lee et al., 2024a; Scarlatos 062

et al., 2024; Feng et al., 2024; Biancini et al., 2024). 063

However, existing studies mostly focus on the local 064

rationality (e.g., the fluency of questions) of the 065

content generated by models, emphasizing the spe- 066

cific content of the questions, but lack a systematic 067

1https://math-gpt.org/
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comparison between the generated questions and068

human-crafted questions in terms of their overall069

characteristics. This limitation makes it difficult070

for models to capture the overall logic of human-071

crafted questions, and thus unable to truly narrow072

the gap with manually generated questions. Figure073

1 presents the comparison results between model-074

generated questions and manually generated ques-075

tions across three common dimensions. This figure076

clearly indicates that there is a huge gap between077

current model-generated questions and manually078

generated ones.079

For the above reasons, this paper supplements080

and improves a set of fine-grained evaluation frame-081

works for question generation by models, cover-082

ing both content and form, based on the work of083

(Zhou et al., 2025), as shown in Figure 2. On084

this basis, a series of zero-shot methods to im-085

prove the quality of questions generated by mod-086

els themselves are proposed to address the prob-087

lems as shown in Figure 3, which significantly nar-088

row the gap between model-generated questions089

and human-crafted ones. Specifically, we have090

improved the evaluation framework proposed by091

(Zhou et al., 2025), expanding the original five092

dimensions to seven. Detailed evaluation criteria093

for the supplementary dimensions are formulated094

based on the characteristics of human-crafted ques-095

tions. A prompt dataset for question generation096

is constructed reversely from real questions, and097

LLMs are used as evaluation tools to conduct com-098

prehensive evaluations on questions generated by099

humans, those generated by closed-source LLMs,100

and those generated by open-source models. Based101

on the evaluation results, we found that currently,102

the questions generated by models have signifi-103

cant flaws in three main dimensions, namely the104

question stem, explanations, and answers. In par-105

ticular, the explanation aspect has become a short-106

coming restricting the overall performance. Based107

on these three types of flaws, we have proposed a108

zero-shot method. This method endows the model109

with self-reflection ability through instruction fine-110

tuning combined with the latest long CoT (Chain111

of Thought) reasoning method, so as to enhance112

the quality of explanation generation. In addition,113

we have further subdivided the three dimensions of114

question stems, explanations, and answers, counted115

the specific errors occurring in them, and proposed116

targeted correction prompts to further improve the117

quality of question generation by the model. Exper-118

iments show that CPQG significantly narrows the119

gap between questions generated by models and 120

those generated by humans. 121

Our contributions are summarized as follows: 122

• This paper proposes a comprehensive and fine- 123

grained evaluation framework for questions 124

generated by models, covering both content 125

and form, which can accurately identify the 126

differences between questions generated by 127

large models and those generated by humans. 128

• A zero-shot method for improving the model’s 129

question generation ability is put forward, 130

which systematically enhances the quality of 131

the model’s question generation by combin- 132

ing Chain of Thought (CoT) technology and 133

prompt engineering. 134

• Experiments show that CPQG is significantly 135

superior to other methods and surpasses GPT4 136

in multiple dimensions. 137

2 Related Work 138

2.1 Traditional Question Generation 139

Human-crafted questions design remain the dom- 140

inant practice in education, yet creating well- 141

targeted questions for every learner demands enor- 142

mous time and effort from teachers. Early attempts 143

at automation followed two main paths. One is rule- 144

based systems (Heilman and Smith, 2010a; Chali 145

and Hasan, 2015; Heilman and Smith, 2010b), 146

which convert declarative sentences into interroga- 147

tive ones, but rigid, hand-written rules restrict them 148

to narrow domains. Neural approaches employ cus- 149

tom pre-trained models (Dong et al., 2019a; Du 150

et al., 2017; Zhou et al., 2018), graph neural net- 151

works (Chen et al., 2020), transfer learning (Liao 152

and Koh, 2020); however, generated questions of- 153

ten suffer from context-inconsistency issues. 154

2.2 LLMs-based Question Generation 155

Large models have attracted widespread attention 156

and have gradually been applied to the field of edu- 157

cation recently. Some work has proven that large 158

models can generate high-quality question (Lee 159

et al., 2024b; Doughty et al., 2024). Based on this, 160

relevant attempts have been made to implement 161

question generation on specialized educational 162

large models (ELLMs). EduChat (Dan et al., 2023) 163

requires users to submit reference questions, and 164

based on these reference questions, ELLMs imple- 165

ment question generation. MuduoLLM (Zhu et al., 166
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Figure 2: Evaluation framework, only abbreviations are
shown in the figure, for specific content, refer to table 1.

Figure 3: The comparison between our zero-shot
method (CPQG) and few-shot method.

2025) extracts examples from the local database167

and then generates questions based on them. These168

methods are inherently limited by the quality of169

the provided example questions. Other works have170

begun to attempt to enhance the model’s own gen-171

eration capability. For example, one work has im-172

proved the quality of question generation through173

prompt engineering (Wang et al., 2025), and some174

work focuses specifically on multiple-choice ques-175

tions, using fine-tuning to make multiple-choice176

questions more similar to those generated by hu-177

mans (Lee et al., 2024a; Scarlatos et al., 2024; Feng178

et al., 2024; Biancini et al., 2024). However, these179

efforts only achieve making the generated ques-180

tions more similar to human-crafted ones from a181

partial perspective, without improving the overall182

quality of the questions generated by the model.183

Our work aims to improve the model’s own ques-184

tion generation capability. We identify the flaws185

in question generation from an overall perspective186

and propose a targeted method CPQG that com-187

bines instruction fine-tuning with prompt engineer-188

ing, which has significantly enhanced the model’s189

quality.190

2.3 Evaluation Criteria191

Generic criteria such as BLEU or BERTScore192

(Dong et al., 2019b; Liao and Koh, 2020) measure193

surface similarity to reference texts, yet they are194

ill-suited for assessing educational items. Custom195

criteria, such as asking users to provide answers to196

the questions via questionnaires (Lee et al., 2024a;197

Scarlatos et al., 2024; Feng et al., 2024; Biancini198

et al., 2024) are confined to multiple-choice ques-199

tions and cannot be applied to all types of questions. 200

Recognizing this limitation, (Zhou et al., 2025) pro- 201

posed more universal criteria. However, their work 202

has overlooked aspects such as the perspective of 203

answers and the perspective of language fluency. 204

Our evaluation criteria can comprehensively detect 205

the quality of questions generated by the model. 206

Compared with previous methods, they are more 207

reasonable, more comprehensive and more univer- 208

sal. 209

2.4 Long CoT 210

Recent work has shown that chain-of-thought 211

(CoT) prompting can markedly enhance model rea- 212

soning performance (Wei et al., 2023; Kojima 213

et al., 2023; Zhang et al., 2022). long CoT, in 214

particular, has been demonstrated to endow mod- 215

els with a self-reflective capability (DeepSeek-AI 216

et al., 2025), and only a small volume of high- 217

quality long CoT data is sufficient to yield substan- 218

tial gains. More importantly, long CoT produces 219

significantly higher-quality solutions to complex 220

problems (DeepSeek-AI et al., 2025; Muennighoff 221

et al., 2025; Moshkov et al., 2025). In this work, 222

we use the dataset released by (Moshkov et al., 223

2025) to further strengthen our model’s capacity 224

for complex reasoning, and improved the quality 225

of the model’s explanation generation. 226

3 Problem Formulation 227

A complete question should at least include the 228

question stem, explanation, and answer. For this 229

purpose, we provide the following definitions for 230
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question generation:231

Definition (Question Generation Task, QGT)232

Let prompt P be the user-supplied input and model233

G a generator that, conditioned on P , outputs a234

triple235

G(P ) = ⟨Q,E,A⟩,236

where237

• Q is the question stem derived from the con-238

tent of prompt P ;239

• E is the corresponding explanation generated240

from the stem Q;241

• A is the answer produced from the explana-242

tion E.243

4 Evaluation Framework244

To evaluate the quality of question-generation pro-245

duced by a model, we must first establish a compre-246

hensive yet non-redundant set of criteria that can247

explicitly quantify the gap between generated ques-248

tions and human-crafted questions. These crite-249

ria should be comprehensive enough with detailed250

scoring rules. Additionally, evaluating questions re-251

quires a set of prompts for question generation, and252

these prompts should avoid human intervention as253

much as possible. Finally, an objective evaluation254

subject is needed to accurately assess the questions.255

To address these challenges, we construct our256

evaluation framework as follows:257

1. criteria We extend the criteria proposed by258

(Zhou et al., 2025) to create a more compre-259

hensive criteria.260

2. Data We reverse-engineer prompts from261

human-crafted questions and use them as our262

evaluation dataset.263

3. Evaluator We compare human assessment264

with model-based assessment and ultimately265

delegate the evaluation to LLMs.266

We use these methods to evaluate the questions267

generated by humans, those generated by closed-268

source LLMs, and those generated by open-source269

models.270

4.1 Evaluation Criteria271

When we applied the evaluation protocol proposed272

by (Zhou et al., 2025), we identified three structural273

flaws:274

Figure 4: Different evaluation results for the same ques-
tion under two different evaluation criteria, only abbre-
viations are shown in the figure; for specific content,
please refer to Table 1.

• Metric redundancy: The same error may be 275

penalized multiple times across different di- 276

mensions. For example, if a question contains 277

a phrase as shown in the figure but no cor- 278

responding image is provided, this error will 279

result in score deductions in multiple dimen- 280

sions. 281

• Missing perspectives: For instance, this stan- 282

dard lacks an evaluation dimension for an- 283

swers. If there is an error in the answer sec- 284

tion, this standard will fail to detect it. 285

• Dimension confusion: For example, whether 286

the language is fluent is categorized by this 287

standard as whether the question is solvable, 288

but language style and solvability are orthogo- 289

nal and should not be confused. 290

Motivated by these observations, we revise the five- 291

dimensional criteria of Zhou et al. (2025) into seven 292

finer-grained criteria. The evaluation criteria are 293

shown in Table 1. 294

Figure 4 presents a detailed comparison of the 295

evaluation results for the same set of generated 296

questions under both rubrics. In actual testing and 297

evaluation, it shows the following results: when 298

faced with the same question, (Zhou et al., 2025) 299

standard only identified the presence of phrases 300

like as shown in the figure, merely flagging them as 301

factors that could affect solving the problem (SOL). 302

In contrast, our standard detected multiple issues: 303

missing content (missing explanation), an incor- 304

rect answer. It is worth noting that although the 305

problem mentions "as shown in the figure" without 306

providing the corresponding image, the relevant 307

information is complete, meaning that this problem 308

can be solved. However, it was deemed unsolvable 309
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Table 1: Evaluation Criteria for Generated Questions.

Criteria Description

Knowledge Coverage (KC) Does the generated question
accurately target and suffi-
ciently cover the specified
knowledge point(s)?

Question Type (QT) Does the output strictly ad-
here to the requested question
type?

Linguistic Quality (LQ) Are the question, its explana-
tion, and the answer free of
grammatical, stylistic, or ter-
minological issues?

Content Completeness (CC) Are all expected components,
namely the question state-
ment, explanation, and an-
swer present?

Solvability (SOL) Is the question logically solv-
able given the information
provided?

Explanation Soundness (ES) Is the generated explanation
both accurate and logically
coherent?

Answer Accuracy (AA) Is the final answer correct?

according to the standards of (Zhou et al., 2025),310

and we have corrected this issue in our standards.311

In addition to providing standards, we also provide312

sufficient examples for each dimension, detailed313

scoring protocols for each dimension are provided314

in Appendix.315

4.2 Data Construction316

To reduce the subjectivity of manually generated317

data, we used human-crafted questions as templates318

to reversely generate test data p for question gener-319

ation. The procedure is as follows:320

• Initial prompt: Manually compose a handful321

of seed prompts P0, each explicitly tagged322

with the triplet knowledge point–question323

type–grade level.324

• Reverse generation: Taking P0 as a ref-325

erence template, we submitted it together326

with human-generated questions (GSM8K) to327

LLMs (GPT-4o), and the model returned the328

predicted original prompt p1.329

• Semantic filtering: Low-quality prompts330

were removed from p1, while prompts with331

rich language content were retained as p2.332

Repeat steps 2 and 3 until the content of the prompt333

is relatively rich. All the finally generated prompts334
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Figure 5: Survey results on the consistency between
manual evaluation and large model evaluation

are retained, and 500 pieces of data are randomly 335

selected from them as the test dataset t. 336

4.3 LLMs Evaluation 337

Previous studies relied on manual evaluation. Due 338

to the lack of sufficiently detailed scoring criteria in 339

the early stage, they had to depend on humans’ sub- 340

jective perception of quality. However, our criteria 341

are sufficiently granular, with an adequate number 342

of sample questions for each dimension, allowing 343

the model to score the questions step by step. To 344

verify the feasibility of this transition, we present 345

a survey on the consistency between large model 346

scoring and human scoring in Figure 5. Detailed 347

information regarding the background of human 348

evaluators, the specific evaluation process, and the 349

raw consistency data is provided in Appendix D. 350

Figure 5 confirms that the models’ judgments 351

align almost perfectly with those of humans. This 352

outcome rests on two factors: 1) the models possess 353

near-human knowledge capabilities 2) The details 354

of the standard scoring are well-developed, and the 355

examples cover all scenarios. Large models can 356

score directly according to the standards without 357

making independent judgments. 358

Consequently, all subsequent experiments use 359

the large model as the sole evaluator, with human 360

review limited to spot-checks. 361

4.4 Criteria-based Evaluation Results 362

Because of probabilistic sampling, the same ques- 363

tion may receive different scores even when evalu- 364

ated by one LLM repeatedly, and systematic biases 365

exist across different LLMs. To reduce random 366

fluctuation, we adopt a method of multiple genera- 367

tions and multiple evaluations by the LLMs. The 368

model is first asked to produce five independent 369

questions on the test set t; each of these five out- 370

puts is then scored by three separate large models 371

(DeepSeek-R1, GPT-4o, and Gemini-2.5-Pro). The 372
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Table 2: Measurement results of questions generated by
humans, closed-source LLMs, and open-source models.

Model KC QT LQ CC SOL ES AA

Human-curated questions
GSM8K – – 0.97 0.93 0.95 0.97 0.97
MATH – – 0.87 1.00 0.97 1.00 0.97
Gaokao – – 0.75 0.96 0.86 0.95 0.97

Closed-source LLMs
GPT-4o 0.99 0.97 1.00 0.98 0.86 0.90 0.88
GPT-4 0.98 0.99 0.96 0.85 0.91 0.85 0.90
Gemini2.5-Pro 1.00 0.96 0.98 0.70 1.00 1.00 1.00
Deepseek-R1 0.99 0.96 0.98 0.90 1.00 0.98 0.934

Open-source models
Qwen2.5-7B 0.94 0.93 0.89 0.87 0.82 0.64 0.73
Qwen3-8B 0.76 0.74 0.79 0.80 0.79 0.81 0.78
LLaMA2-8B 0.88 0.74 0.50 0.78 0.52 0.29 0.54

final criterion is the mean of all resulting scores.373

The instructions we use for generating questions374

are in Appendix.375

We benchmarked mainstream large models such376

as DeepSeek-R1, GPT-4o, GPT-o4, and Gemini-377

2.5-Pro, as well as popular open-source models378

including Qwen2.5-7B-Instruct, Qwen3-8B, and379

Llama-8B. For the human-crafted questions, we380

used the widely adopted datasets GSM8K, MATH,381

and Gaokao. Table 2 summarizes the performance382

of all models under this unified evaluation frame-383

work.384

Table 2 indicates that human-crafted questions385

consistently outperform models across all dimen-386

sions, validating our framework’s ability to mea-387

sure the performance gap. While LLMs ap-388

proach human performance, open-source models389

like Qwen2.5-7B and Llama2.5-8B lag signifi-390

cantly, particularly in SOL, ES, and AA. Notably,391

Gemini2.5-Pro shows a lower CC (0.70) due to392

its tendency to merge explanations and answers, a393

formatting issue captured by our granular rubric de-394

spite its correct content. Other performance details395

are summarized in Table 2.396

5 Methodology397

To narrow the gap between the quality of questions398

generated by the model and those generated man-399

ually, we have implemented a zero-shot method400

that does not rely on external knowledge bases.401

Through instruction fine-tuning and prompt engi-402

neering, this method has significantly enhanced the403

model’s question generation performance. Prac-404

tice has demonstrated that our zero-shot method405

outperforms the commonly used few-shot methods.406

5.1 Instruction Tuning 407

Table 2 shows that open-source small models per- 408

form poorly in three core components: Solvability 409

(SOL), Explanation Soundness (ES), and Answer 410

Accuracy (AA). Among them, the ES capability is 411

at a relatively low level, which has become a key 412

obstacle restricting the improvement of model per- 413

formance. Therefore, this study takes enhancing 414

the model’s capability to generate explanation as 415

one of its core goals. 416

The long Chain-of-Thought (CoT) enables the 417

model to perform complex reasoning through step- 418

by-step thinking and self-reflection. Given that 419

question generation involves interlinked subtasks 420

(stem, explanation, and answer generation) with 421

high demands for logical consistency, applying 422

long CoT is highly effective for minimizing errors 423

and ensuring explanation quality. 424

Dataset The basic dataset used in this experiment 425

is the OpenMathReasoning dataset, which was of- 426

ficially released by NVIDIA in 2025 (Moshkov 427

et al., 2025). Its core feature is that it contains 3.2 428

million long COT samples, and the sample design 429

focuses on improving the model’s reasoning ability, 430

thereby enhancing the quality of analysis genera- 431

tion. This dataset is highly aligned with the goals 432

of this study. For detailed statistical information 433

about the dataset and access methods, please refer 434

to the original publication paper. 435

Furthermore, to simultaneously enhance the 436

model’s Answer Accuracy (AA) capability, based 437

on the OpenMathReasoning dataset, the explana- 438

tion (non-thinking processes) and corresponding 439

answers are extracted from the chain-of-thought 440

to form a result dataset (RD) containing the 441

explanation-answer correspondence. 442

Separate Training First, the OpenMathReason- 443

ing dataset is used for single-turn dialogue fine- 444

tuning of current SOTA models (e.g., Qwen2.5-7B- 445

Instruct), with problem stem as inputs and chains 446

of thought as outputs. The second round of fine- 447

tuning focuses on improving the answer generation 448

capability using RD dataset, where analyses serve 449

as inputs and standardized formatted answers as 450

outputs. According to (Longpre et al., 2023), we 451

designed different prompt templates for the two 452

rounds of fine-tuning respectively (see Appendix 453

for details). 454
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5.2 Prompt Engineering455

We counted the errors in 1,000 model-generated456

questions across SOL, ES, and AA, and calculated457

the proportion of each type of error in the dataset.458

The results of the experiment are placed in the459

Appendix.460

To further enhance generation quality, we ap-461

ply prompt engineering (PE) with targeted instruc-462

tions addressing identified errors. Specifically, we463

explicitly command the model to ensure answer464

uniqueness and provide step-by-step explanations:465

“Guarantee a unique correct answer; proceed step-466

by-step without skipping or intermediate errors;467

ensure the final answer is logically derived and cor-468

rectly formatted.” Our experiments confirm these469

instructions effectively mitigate common genera-470

tion flaws.471

6 Experiment472

In this chapter, we use the Qwen2.5-7B-Instruct473

model as the baseline model to verify the effective-474

ness of our zero-shot method. To ensure fairness,475

the methods for evaluating the model’s generation476

performance follow the framework we proposed477

earlier, and all experiments are conducted on a sin-478

gle A800.479

6.1 Main Results480

Table 3 summarizes the results. CPQG demon-481

strates substantial gains across almost all dimen-482

sions, notably increasing ES by 30% and AA by483

21%, with an average improvement exceeding 10%.484

CPQG also rivals or surpasses GPT-4 in reasoning-485

heavy dimensions like SOL, ES, and AA.486

Comparison Experiment Table 3 presents the487

best results of the few-shot method, and our zero-488

shot method is significantly superior to the few-489

shot method. For example, it exceeds the one-shot490

method by 18% in LQ and 12% in SOL. To further491

explore the few-shot method, we designed com-492

parative experiments. Specifically, we generated493

a set of example questions for each question, then494

evaluated them respectively. The questions were495

divided into 6 groups according to their average496

scores: 0.5, 0.75, and 1.0. Then, the questions in497

each group were used as examples for one-shot,498

three-shot, and ten-shot experiments respectively.499

The experimental results are shown in Figure 6.500

First, all three few-shot methods are affected by501

the example questions: the higher the quality of502

the example questions, the higher the quality of503

0.5 0.6 0.7 0.8 0.9 1.0
The average score of the example questions

0.60

0.65

0.70
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0.80

0.85

0.90

0.95

1.00

Sc
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Ten-shot
Tree-shot
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Zero-shot

Figure 6: The performance of few-shot methods is influ-
enced by the quality and quantity of example questions.
The abscissa represents the average score of example
questions, and the ordinate represents the average score
of generated questions.

the questions generated by the few-shot methods. 504

The advantage of ten-shot over one-shot lies in that 505

when the quality of example questions decreases, 506

the quality of questions generated by the model 507

decreases relatively less. However, this advantage 508

becomes less obvious when the quality of example 509

questions is very high. In summary, the few-shot 510

method is easily affected by the quality of example 511

questions, and the premise of using the few-shot 512

method is the need to pre-construct high-quality 513

reference texts. In contrast, our zero-shot method 514

saves this time and achieves better results in terms 515

of the quality of generated questions. 516

Ablation experiment We explored the impor- 517

tance of fine-tuning and specialized improvements. 518

First, as observed from Table 3, when COT is re- 519

moved, various metrics decline (with QT dropping 520

by 18% in particular), which illustrates the impor- 521

tance of the COT method and proves that the COT 522

method can overall improve the quality of question 523

generation by the model. When result fine-tuning 524

(RD) is removed, the AA metric also shows a de- 525

cline, though the removal of CoT leads to the most 526

significant drop in AA, emphasizing that logical 527

reasoning is the foundation for accuracy. When in- 528

dividual improvements are removed, a downward 529

trend is observed in the three dimensions of SOL, 530

ES, and AA, which demonstrates the rationality of 531

our hybrid improvement method. 532

QGT Fine Tuning To verify whether there is a 533

better fine-tuning scheme for CoT, we attempted 534

to directly fine-tune the model for the task of 535

question generation, specifically fine-tuning QGT. 536

First, we selected 5,000 high-quality questions 537
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Table 3: The performance of the model in generating questions, where higher scores in all aspects indicate better
performance.

Model KC QT LQ CC SOL ES AA

Qwen2.5-7B-Instruct 0.94±0.03 0.93±0.02 0.89±0.04 0.87±0.05 0.82±0.03 0.64±0.06 0.73±0.04
GPT4 0.97±0.02 0.96±0.01 0.91±0.03 0.93±0.02 0.91±0.02 0.85±0.03 0.81±0.03
GPT4o 0.99±0.01 0.97±0.02 0.99±0.01 0.98±0.01 0.86±0.04 0.90±0.02 0.88±0.03

Comparative experiments
One-shot 0.85±0.05 0.94±0.02 0.76±0.06 0.90±0.03 0.83±0.04 0.85±0.03 0.90±0.02
Ten-shot 0.91±0.04 0.88±0.03 0.83±0.05 0.95±0.02 0.86±0.03 0.85±0.04 0.90±0.03
QGT 0.28±0.08 0.75±0.07 0.25±0.09 0.85±0.04 0.50±0.08 0.65±0.07 0.55±0.08

CPQG
CPQG 0.95±0.02 0.89±0.03 0.94±0.02 0.95±0.02 0.95±0.01 0.94±0.02 0.94±0.02
w/o CoT 0.82±0.05 0.71±0.06 0.71±0.07 0.90±0.03 0.85±0.04 0.81±0.05 0.89±0.03
w/o PE 0.95±0.03 0.90±0.02 0.85±0.04 0.90±0.03 0.95±0.02 0.89±0.03 0.91±0.02
w/o RD 0.89±0.04 0.85±0.03 0.93±0.02 0.93±0.02 0.93±0.03 0.93±0.02 0.90±0.03

from the GSM8K dataset, then reversely con-538

structed prompts for question generation. With539

these prompts as input and the question stems, ex-540

planations, and answers as output, we fine-tuned541

the model. To ensure fairness, we excluded the542

part of data corresponding to the test set t. The543

experimental results are shown in Table 3. This544

method did not improve the question generation545

quality of the base model; instead, there was a sig-546

nificant decline. For example, SOL decreased by547

32%. We speculate that this may be because the548

question generation task is relatively complex, in-549

volving three subtasks: generating question stems,550

generating explanations, and generating answers,551

which is quite different from pre-training tasks. As552

a result, the model may struggle to transfer to the553

question generation task.554

6.2 Robustness Experiment555

To test robustness, we introduced noise to the test556

dataset t by randomly replacing prompt words,557

question types, or knowledge points. As shown558

in Figure 7, performance remains stable across all559

dimensions, indicating strong robustness. This re-560

silience likely stems from the long CoT process,561

which enables the model to self-reflect and correct562

for input noise during generation.563

7 Conclusion564

Currently, large models are widely applied in the565

education industry, and the generation of questions566

through large models is gradually attracting atten-567

tion. To narrow the gap between questions gen-568

KC QT LQ CC SOL ES AA
0.0
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0.6

0.8

So
cr

e

0.95
0.89

0.94 0.95 0.94 0.94 0.950.93

0.85
0.9 0.91 0.94 0.94 0.91

t
t0

Figure 7: Performance of robustness, in the figure, t
represents the test results of the dataset without added
noise, while t0 represents the test results after adding
noise.

erated by models and those created by humans, 569

we have implemented a comprehensive and fine- 570

grained test question evaluation framework. Based 571

on this framework, we have identified potential 572

issues in the questions currently generated by mod- 573

els. In addition, we have attempted to propose a 574

zero-shot method (CPQG), which combines long 575

CoT (Chain-of-Thought) technology and prompt 576

engineering, significantly improving the model’s 577

generation quality. Experiments show that CPQG 578

outperforms traditional few-shot methods and en- 579

ables 7B-sized models to outperform GPT-4. 580

Limitations 581

Our study has several limitations that provide direc- 582

tions for future work. First, regarding the subject 583

matter limitation: the current experiments and 584

evaluations are primarily focused on the field of 585

mathematics, particularly junior high school math- 586

8



ematics questions. In the future, we will further587

extend the CPQG method to other disciplines, such588

as humanities and languages, to verify its cross-589

domain generalizability.590

Second, our evaluation criteria are currently591

defined from a relatively straightforward perspec-592

tive. These criteria may not be directly applicable593

to more complex items, such as geometry prob-594

lems that require spatial reasoning and auxiliary595

line construction. We plan to expand the evaluation596

framework to incorporate more diverse item types597

and deeper pedagogical reasoning.598

Finally, our analysis revealed that we over-599

looked the impact of question difficulty. Dif-600

ferent difficulty levels may significantly influence601

various evaluation metrics. In future work, we will602

incorporate difficulty as a controlled variable to603

achieve a more nuanced and comprehensive evalu-604

ation of model capabilities across varying levels of605

complexity.606
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A Overview of Existing QG Evaluation780

Frameworks781

In this section, we provide a detailed introduction782

to the existing Question Generation (QG) evalua-783

tion framework, specifically the one proposed by784

(Zhou et al., 2025). Their framework established785

a foundational set of five criteria for assessing the786

quality of educational questions:787

• Correctness: Whether the question is factu-788

ally accurate and consistent with the knowl-789

edge point.790

• Solvability: Whether the question provides791

enough information for a student to derive the792

answer.793

• Linguistic Quality: Assessing the fluency,794

grammar, and clarity of the question text.795

• Educational Value: Whether the question796

is appropriate for the target grade level and797

learning objectives.798

• Clarity: Whether the question is unambigu-799

ous and easy for students to understand.800

While these criteria laid the groundwork for au-801

tomated QG evaluation, our 7-dimensional frame-802

work extends this by explicitly separating Content803

Completeness, Explanation Soundness, and An-804

swer Accuracy, which are often conflated or over-805

looked in earlier rubrics.806

B Evaluation Criteria Details807

This section is a supplement to the main text’s chap-808

ter on evaluation criteria. Herein, we provide a809

detailed account of all the frequency measurement810

dimensions and specific scoring criteria of the eval-811

uation standards, as well as the corresponding input812

instructions for large models.813

B.1 Criteria814

Knowledge-Point Coverage (1 vs. 0) 1: The815

question essentially covers the user-specified816

knowledge point(s); if the knowledge belongs817

to a non-mathematical discipline or exceeds818

junior-high level, the stem must supply the819

necessary explanation. 0: The question is820

from the wrong discipline, exceeds the re-821

quired grade, or fails to address the specified822

knowledge.823

Question-Type Accuracy (1 / 0.5 / 0) 1: The 824

format perfectly matches the requested type 825

(e.g. MCQ has at least four choices, fill-in-the- 826

blank has underlines, open-ended questions 827

contain no extraneous blanks). 0.5: The type 828

is correct but the format is flawed (e.g. MCQ 829

has fewer than four choices, fill-in-the-blank 830

lacks underlines). 0: The type is wrong or the 831

format is chaotic and unrecognizable. 832

Linguistic Clarity (1 vs. 0) 1: The stem, so- 833

lution, and answer are clear and concise; no 834

garbled text; mathematical expressions and 835

units are correct; no typos or repetition. 0: 836

Any garbled text, semantic errors, incorrect 837

formulas, or wrong units. 838

Content Completeness (1 vs. 0) 1: The stem, 839

solution, and answer are all present; no place- 840

holders such as “see figure” without the actual 841

figure. 0: Any part is missing or placeholders 842

lack the actual material. 843

Solution Accuracy (1 vs. 0) 1: The solution 844

is fully relevant, logically sound, step-by-step, 845

and free of logical jumps. 0: The solution 846

is irrelevant or contains errors that prevent 847

reaching the answer. 848

Answer Correctness (1 vs. 0) 1: The final 849

answer meets the question’s requirement (e.g. 850

MCQ returns the option label, not the value; 851

open-ended returns the required result). 0: 852

The answer does not match the solution or 853

fails to satisfy the question. 854

Solvability (1 vs. 0) 1: All necessary infor- 855

mation is provided; exactly one correct choice 856

for single-choice MCQ; computations are fea- 857

sible. 0: Information is insufficient or ambigu- 858

ous; multiple or no correct answers. 859

B.2 Reverse-engineering prompts 860

The following is an example of a prompt for 861

reverse-engineering real questions using a large 862

model: 863

• I am a junior high school student and want to 864

participate in a math contest. However, I am 865

not particularly good at fraction calculations. 866

Could you please generate a multiple-choice 867

question to help me practice my calculation 868

skills? 869
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• I am a third-year junior high school teacher.870

Recently, when explaining mathematical mul-871

tiplication in class, I found that students just872

memorize it by rote and cannot apply it.873

Please help me come up with a solution ques-874

tion that flexibly uses this knowledge point.875

• The school’s mathematics teaching seminar876

requires the design of tiered homework. It is877

necessary to prepare a question for the knowl-878

edge point of integer addition and subtraction,879

which is for the junior high school stage, with880

priority given to the form of solution ques-881

tions.882

C Case Study: Instruction and883

Evaluation Examples884

This section provides illustrative examples of in-885

structions used for question generation and evalua-886

tion.887

C.1 Question Generation Examples888

The following examples demonstrate the format889

used for generating educational questions and their890

corresponding multi-step explanations.891

Prompt 1 (Example of generating a multiple-892

choice question on linear regression).893

Response 1 (Detailed stem, step-by-step explana-894

tion, and unique answer).895

C.2 Evaluation Examples896

Below are schematic instructions and model-897

generated scoring reasons demonstrating how our898

7-dimensional rubric is applied by LLMs.899

Prompt 1 (System prompt for the LLM as an ex-900

pert evaluator).901

Response 1-7 (Granular scoring reasons for each902

dimension, ensuring transparency and logical903

consistency).904

D Manual Evaluation Details905

To ensure the reliability of our automated evalua-906

tion framework, we conducted a rigorous manual907

validation process. This section provides detailed908

information about the human evaluators, the evalu-909

ation procedure, and the consistency results.910

Evaluator Background A total of 20 education 911

experts were recruited for the manual evaluation. 912

All evaluators hold at least a Master’s degree in Ed- 913

ucation or a related subject area (e.g., Mathematics, 914

Science), with an average of 8 years of teaching 915

experience in middle or high schools. They were 916

trained on our 7-dimensional rubric for 2 hours 917

before starting the evaluation. 918

Evaluation Process We randomly sampled 200 919

questions from the model-generated outputs. Each 920

question was independently scored by three human 921

evaluators according to the same 7-dimensional 922

rubric used for the LLM-as-judge. The evaluators 923

were blind to the source of the questions (whether 924

they were generated by our CPQG method, base- 925

line models, or humans). 926

Consistency Analysis As shown in Figure 5, we 927

calculated the agreement between the average hu- 928

man scores and the average LLM scores. The high 929

alignment confirms that our granular rubric effec- 930

tively minimizes subjective bias, allowing the LLM 931

to serve as a reliable proxy for expert judgment. 932

The specific inter-rater agreement (Cohen’s Kappa) 933

among human evaluators averaged 0.82 across all 934

dimensions, indicating high reliability. 935

E Consistency Validation on Qwen2.5-7B 936

In this section, we conducted a consistency vali- 937

dation experiment using the Qwen2.5-7B model. 938

Specifically, 100 questions generated by Qwen2.5- 939

7B were randomly selected and submitted to both 940

human experts (two senior graduate students in Ed- 941

ucation) and Large Language Models (LLMs) for 942

evaluation based on our 7-dimensional rubric. 943

For the human evaluation, a voting mechanism 944

was adopted: each question was independently as- 945

sessed by the two students, and the final score was 946

determined by their consensus or majority vote. 947

The total number of correctly generated questions 948

(those meeting all criteria) was counted as the final 949

score. These results were then compared with the 950

scores generated by the LLM evaluator. The high 951

degree of alignment between the human voting re- 952

sults and the LLM scores is illustrated in Figure 5. 953
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