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Abstract001

Conducting supervised fine-tuning and pref-002
erence fine-tuning on large language models003
(LLMs) requires high-quality datasets to im-004
prove their ability to follow instructions and005
align with human preferences and values. How-006
ever, constructing such datasets is resource-007
intensive, and most available datasets for su-008
pervised and preference fine-tuning are in En-009
glish. To address these challenges, we pro-010
pose the Taxonomy-Guided Preference Data011
Generation (TaP) framework, which facilitates012
automated and scalable construction of prefer-013
ence datasets across various languages. TaP is014
grounded in a structured taxonomy that allows015
fine-grained control over dataset composition,016
thereby ensuring both diversity and compre-017
hensive coverage. We employ TaP-generated018
datasets to perform supervised and preference019
fine-tuning on various LLMs. Experimental020
results demonstrate that LLMs trained on TaP-021
generated datasets outperform those trained022
on existing open-source datasets. Remarkably,023
LLMs trained on TaP-generated datasets sur-024
pass the performance of those trained on an025
open-source dataset that is 180 times larger.026

1 Introduction027

Large language models (LLMs) typically undergo028

three primary training stages: (1) pre-training, dur-029

ing which LLMs are trained on extensive and di-030

verse datasets encompassing multiple languages031

and modalities (Zhao et al., 2023; Yang et al., 2024;032

Dubey et al., 2024; DeepSeek-AI et al., 2024); (2)033

supervised fine-tuning, in which LLMs are fine-034

tuned using prompt-response pairs authored by hu-035

mans or LLMs (Zhang et al., 2023b); and (3) pref-036

erence fine-tuning, wherein preference data anno-037

tated by humans or LLMs are employed to conduct038

RLHF or alternative methods such as DPO and039

KTO (Ouyang et al., 2022; Rafailov et al., 2023;040

Ethayarajh et al., 2024). The latter two stages are041

essential for improving LLMs’ ability to follow in-042

structions and generate responses that are aligned 043

with human preferences and values. 044

However, datasets for supervised and prefer- 045

ence fine-tuning usually require human annotation, 046

a process that is time-consuming and expensive. 047

These constraints significantly hinder the scala- 048

bility of dataset expansion, thereby limiting the 049

volume of available training data. A common al- 050

ternative involves leveraging LLMs to generate 051

synthetic data, reducing dependence on human la- 052

bor and enhancing scalability. Nevertheless, naive 053

prompting often results in homogeneous data with 054

limited coverage and pronounced task or domain 055

imbalances, wherein certain domains or tasks are 056

overrepresented while others remain underrepre- 057

sented (Wang et al., 2023; Gunasekar et al., 2023; 058

Xu et al., 2025). Such imbalances can lead LLMs 059

to overfit to the overrepresented domains or tasks, 060

thereby weakening the models’ generalizability in 061

real-world applications. Consequently, ensuring 062

both diversity and comprehensive coverage in syn- 063

thetic data generation remains a critical challenge. 064

Furthermore, compared with open-source 065

datasets for supervised fine-tuning, there are sig- 066

nificantly fewer datasets for preference fine-tuning 067

(Cui et al., 2024; Wang et al., 2024d,c). Addition- 068

ally, open-source datasets for both supervised and 069

preference fine-tuning are predominantly available 070

in English. This language bias limits the global ap- 071

plicability of LLMs and marginalizes non-English- 072

speaking communities, preventing them from fully 073

benefiting from these models. While translating 074

English datasets into other languages presents a po- 075

tential solution, it can introduce translation errors 076

and result in “translationese”, thereby compromis- 077

ing dataset quality (Riley et al., 2020). Given that 078

there are over 7,000 languages worldwide, it is im- 079

perative to develop novel approaches and release 080

open-source datasets in diverse languages to better 081

support the latter two training stages of LLMs. 082

To address these challenges, we propose the 083
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Figure 1: Diagram of the preference dataset construction process using TaP, where the taxonomy can be derived
from the undergraduate program catalog.

Taxonomy-Guided Preference Data Generation084

(TaP) framework, which enables automated and085

scalable generation of preference data across var-086

ious languages. The TaP framework leverages a087

predefined taxonomy to guide LLMs in producing088

preference data spanning a wide range of domains089

and tasks. By generating data in accordance with090

the predefined taxonomy, TaP ensures fine-grained091

control over dataset composition and facilitates the092

construction of diverse datasets with comprehen-093

sive coverage of the categories defined within the094

taxonomy. The TaP framework comprises four key095

steps: (1) designing a taxonomy aligned with the096

intended application of LLMs—for instance, a tax-097

onomy for general-purpose LLMs can be organized098

around common use cases such as brainstorming,099

open-ended question answering, and summariza-100

tion; (2) prompting LLMs to generate prompts cor-101

responding to the categories specified in the tax-102

onomy; (3) employing multiple LLMs to generate103

diverse responses for each prompt; and (4) utilizing104

LLMs to evaluate and rank these responses accord-105

ing to predefined evaluation criteria. A diagram of106

the preference dataset construction process using107

the TaP framework is presented in Figure 1.108

Motivated by the fundamental role of knowledge109

in decision-making, problem-solving, and adap-110

tation to new environments, as well as by empir- 111

ical findings indicating that LLMs benefit from 112

diverse and knowledge-rich training data (Li et al., 113

2023; Lozhkov et al., 2024), we propose leverag- 114

ing a comprehensive taxonomy that encompasses a 115

broad spectrum of knowledge and skills essential 116

to human expertise to guide the generation of such 117

preference data using LLMs. Through careful man- 118

ual analysis, we identify undergraduate program 119

catalogs as a valuable resource for constructing 120

such a taxonomy. These catalogs serve as struc- 121

tured and comprehensive repositories of essential 122

knowledge required for human learning. Consid- 123

ering that undergraduate education constitutes a 124

foundational component of higher education sys- 125

tems worldwide, and is available in most coun- 126

tries,1 employing undergraduate program catalogs 127

enhances the adaptability of the TaP framework 128

across various languages. For cases where an un- 129

dergraduate program catalog is not available in a 130

given language, we discuss alternative approaches 131

for constructing the taxonomy in Appendix A. 132

Given the abundance of publicly available 133

preference datasets in English and the relative 134

scarcity of such datasets in other languages, we 135

1https://en.wikipedia.org/wiki/Undergraduate_
education

2

https://en.wikipedia.org/wiki/Undergraduate_education
https://en.wikipedia.org/wiki/Undergraduate_education


apply the TaP framework to generate preference136

data in Chinese. Specifically, we adopt the137

Undergraduate Program Catalog of Regular138

Higher Education Institutions of China2139

as the guiding taxonomy for preference data gener-140

ation. Manual inspection of the generated data re-141

veals several desirable properties: (1) rich in knowl-142

edge, (2) high information density, and (3) broad143

coverage across domains and tasks. An illustrative144

example of a prompt and corresponding response145

is presented in Figure 4 of Appendix B to highlight146

these properties. We conduct both supervised fine-147

tuning and preference fine-tuning, including PPO148

and DPO, on LLMs using the TaP-generated data.149

Experimental results demonstrate that LLMs fine-150

tuned with TaP-generated data outperform those151

trained on existing open-source datasets. Our con-152

tributions can be summarized as follows:153

• We propose the TaP framework, which en-154

ables automated, scalable preference data gen-155

eration across various languages and offers156

fine-grained control over data composition.157

• We apply TaP to generate high-quality pref-158

erence data in Chinese, which can be used159

for both supervised and preference fine-tuning160

(e.g., PPO, DPO, GRPO). Additionally, the an-161

notations produced by LLMs during the data162

generation process can be used to fine-tune163

open-source LLMs as judges (Wang et al.,164

2024b; Kim et al., 2024; Zhu et al., 2025),165

thereby reducing reliance on costly propri-166

etary APIs and the risk of data leakage.167

• We conduct extensive experiments using TaP-168

generated preference data to train five open-169

source LLMs ranging in size from 3B to170

14B parameters, across three model families:171

LLaMA-3.1, Qwen2.5, and Gemma-2. The172

experimental results demonstrate that mod-173

els trained on TaP-generated data outperform174

those trained on existing open-source datasets.175

2 Related Work176

Our research is closely related to studies on syn-177

thetic data generation using LLMs. Pioneering178

studies in this field have leveraged the strong in-179

context learning capabilities of LLMs by providing180

several demonstrations to guide the generation of181

2http://www.moe.gov.cn/srcsite/A08/moe_1034/
s4930/202403/W020240319305498791768.pdf

synthetic samples (Honovich et al., 2023; Wang 182

et al., 2023), typically requiring a small set of seed 183

samples. Following this line of research, the follow 184

up research usually necessitating a small number 185

of seed samples to guide the LLMs in producing 186

synthetic samples (Xu et al., 2024; Mukherjee et al., 187

2023; Li et al., 2024; Yue et al., 2024). 188

In contrast, TaP employs a taxonomy to guide 189

LLMs in autonomously generating synthetic data, 190

eliminating the need for seed samples authored by 191

humans or LLMs. While TaP shares the goal of 192

constructing preference datasets with UltraFeed- 193

back (Cui et al., 2024) and the HelpSteer series 194

(Wang et al., 2024d,c), it differs in two key aspects: 195

(1) TaP can produce prompts from scratch without 196

relying on existing instruction datasets. This en- 197

ables fine-grained control over dataset composition 198

and enhances its applicability across various lan- 199

guages. Conversely, Cui et al. (2024) and Wang 200

et al. (2024d,c) construct preference datasets by col- 201

lecting prompts from existing instruction datasets. 202

(2) TaP is applied to construct preference datasets 203

in Chinese, addressing the scarcity of such data in 204

that language. In comparison, Cui et al. (2024) and 205

Wang et al. (2024d,c) primarily focus on construct- 206

ing preference datasets in English. 207

3 Preference Dataset Curation 208

The TaP framework for automated and scalable 209

preference data generation comprises four key 210

steps: (1) Taxonomy Specification, wherein a 211

structured taxonomy is constructed to comprehen- 212

sively cover the common use cases of LLMs; (2) 213

Prompt Generation, wherein LLMs are guided to 214

produce prompts corresponding to the categories 215

defined in the taxonomy; (3) Response Generation 216

and Selection, wherein various LLMs generate re- 217

sponses to each prompt, and a subset is selected to 218

balance annotation cost and response diversity; and 219

(4) Fine-grained Preference Annotation, wherein 220

LLMs evaluate and score the selected responses 221

across multiple dimensions. Figure 1 illustrates 222

the entire process of constructing the preference 223

dataset using the TaP framework. 224

3.1 Taxonomy Specification 225

We adopt the Undergraduate Program Catalog 226

of Regular Higher Education Institutions 227

of China as the taxonomy to guide LLMs in 228

generating preference data in Chinese. This cat- 229

alog comprehensively lists all undergraduate sub- 230
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jects offered by Chinese universities, encompass-231

ing a diverse range of academic disciplines, span-232

ning humanities, social sciences, and STEM fields.233

It comprises 816 distinct subjects, systematically234

grouped into 93 discipline categories. These cate-235

gories are further organized into 12 primary degree-236

conferring disciplines, ensuring a structured orga-237

nization of undergraduate knowledge.238

To construct preference datasets that cover di-239

verse domains and tasks, we have incorporated all240

subjects specified in the catalog into our taxonomy,241

with the exception of those in the Foreign Lan-242

guages and Literatures discipline, which includes243

numerous low-resource languages. Instead, we244

have selectively included 12 subjects: the top nine245

languages, along with Linguistics, Translation, and246

Business English. Consequently, our taxonomy en-247

compasses a total of 724 subjects, consisting of 12248

from the Foreign Languages and Literatures disci-249

pline and 712 from other disciplines.250

3.2 Prompt Generation251

We adopt a multi-stage prompting strategy, rather252

than instructing LLMs to generate prompts directly,253

to enhance both the diversity and coverage of the254

resulting outputs. In the first stage, LLMs are255

prompted to generate diverse question types and256

brief descriptions for each subject within a prede-257

fined taxonomy through a three-round interaction.258

Each round produces a distinct set of question types259

and descriptions, thereby increasing both the quan-260

tity and diversity of the generated outputs. The261

prompt used in this stage is provided in Figure 5 of262

Appendix C.1. In the second stage, LLMs refine263

the question type descriptions from the first stage264

to improve their clarity and real-world relevance.265

This refinement aims to enhance the overall qual-266

ity of the final prompts. The prompt used in this267

stage is shown in Figure 6 of Appendix C.1. In the268

third stage, we employ a two-round interaction to269

address the issue of LLMs occasionally producing270

incomplete prompts lacking essential contextual271

information.3 In the first round, LLMs generate a272

candidate prompt. In the second round, they assess273

whether the prompt contains all necessary informa-274

tion. If a prompt is identified as incomplete, the275

LLMs regenerate it to ensure completeness. The276

prompt used for this interaction is illustrated in Fig-277

ure 7 of Appendix C.1. Additionally, we find that278

LLMs sometimes generate prompts beyond their279

3For instance, LLMs may generate prompts that request a
summary of an article without providing the article itself.

capabilities, such as those requiring real-world ac- 280

tions. To mitigate this issue, we employ the LLM 281

as a checker to evaluate whether a given prompt 282

is feasible within its operational constraints. If a 283

prompt is deemed infeasible, it is revised, with 284

up to three regeneration attempts. The evaluation 285

prompt for this step is presented in Figure 8 of 286

Appendix C.1. To verify the reliability of LLMs 287

in identifying such infeasible prompts, we manu- 288

ally reviewed a subset of evaluations generated by 289

GPT-4. The results demonstrate that GPT-4 reli- 290

ably identifies prompts that exceed its capabilities. 291

Further details are provided in Appendix C.2. 292

3.3 Response Generation and Selection 293

We select 65 widely used LLMs, ranging in size 294

from 0.5B to 236B parameters, to generate re- 295

sponses for each prompt, thereby enhancing the di- 296

versity and coverage of LLM-generated responses. 297

The models span both dense and MoE architectures 298

and include both proprietary and open-source mod- 299

els. The rationale for model selection, along with 300

detailed specifications of the chosen LLMs, is pro- 301

vided in Appendix C.3. Each model is prompted 302

using the system prompt shown in Figure 9 of Ap- 303

pendix C.1, resulting in 65 responses per prompt. 304

Given that each prompt produces 65 responses, 305

leading to 2,080 pairwise preference pairs to be 306

annotated per prompt. To manage dataset size and 307

reduce annotation costs while preserving response 308

diversity and coverage, we apply K-means cluster- 309

ing to group the responses for each prompt into 310

five clusters. From each cluster, we select a rep- 311

resentative response. Specifically, we choose the 312

response closest to the cluster centroid, except in 313

the case of the cluster containing the response gen- 314

erated by GPT-4. In this case, we instead select the 315

GPT-4 response to ensure the inclusion of at least 316

one high-quality response per prompt. 317

3.4 Fine-grained Preference Annotation 318

We employ multiple LLMs to conduct preference 319

annotation for each pairwise combination of se- 320

lected responses to a given prompt. Specifically, 321

we utilize GPT-4 alongside five high-performing 322

open-source LLMs: Qwen2-72B-Instruct, Com- 323

mand R+, Mistral-Large-Instruct-2407, Llama-3.1- 324

70B-Instruct, and Deepseek V2.5.4 325

4Due to the high cost of using GPT-4 for preference an-
notation, it is used only to annotate pairwise responses to
prompts it generates. In contrast, annotations for responses to
DeepSeek-V2 prompts are handled by open-source LLMs.
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Dataset #Samples #Prompts Prompt Length Response Length Fine-grained Annotation? Annotation Type Annotator Languages

Huozi-RLHF (Huozi-Team, 2024) 16,918 3,725 69.19 ± 107.38 216.02 ± 165.44 % Ranking Human Chinese
Chinese-DPO-Pairs 10,735 10,717 220.23 ± 318.37 401.90 ± 347.63 % Ranking AI Chinese

TaP (GPT-4) 261,874 27,715 379.29 ± 159.11 982.89 ± 919.97 ! Scalar AI Chinese

Table 1: Comparison of open-source preference datasets in Chinese with the dataset constructed using TaP. “TaP
(GPT-4)” indicates that the prompts in the dataset were generated by GPT-4. The column labeled “#Prompts”
represents the number of unique prompts in each dataset. “Prompt Length” and “Response Length” are expressed in
the format XX ± Y Y , where XX denotes the mean number of tokens and Y Y represents the standard deviation.
Tokenization was performed using the cl100k_base encoding provided by the tiktoken library.

For preference annotation, we adopt a pairwise326

comparison approach, wherein LLMs are prompted327

to choose the preferred response between two alter-328

natives, rather than assigning independent scores to329

each response as in pointwise grading. Our prelim-330

inary experiments indicate that pointwise grading331

often fails to distinguish subtle differences between332

similar responses, frequently assigning them iden-333

tical scores. Despite its higher annotation cost,334

pairwise comparison is employed to obtain more335

precise preference annotations. In this approach,336

we present two responses to LLMs and ask them to337

score each one across four dimensions: relevance,338

correctness, clarity, and completeness. These di-339

mensions facilitate a comprehensive assessment of340

response quality. The resulting scores can be used341

to train fine-grained reward models, which in turn342

enhance control over LLM-generated responses by343

assigning weights to rewards from different fine-344

grained reward models during RLHF (Wu et al.,345

2023). The prompt used for pairwise comparison346

is provided in Figure 10 of Appendix C.1. Addi-347

tionally, to mitigate position bias during pairwise348

comparison (Wang et al., 2024a), we adopt the Bal-349

anced Position Calibration strategy, which involves350

conducting an additional comparison with the posi-351

tions of the two responses swapped.352

To derive preference labels from the pairwise353

comparison scores, we compute an overall score354

for each response in a pair. The response with the355

higher overall score is labeled as preferred. To356

compute each overall score, we first average the357

scores for each evaluation dimension across both358

positions to obtain calibrated scores. These cal-359

ibrated scores are then equally weighted and av-360

eraged to produce a final score for each response.361

Although domain-specific applications might prior-362

itize certain dimensions, for example, in medical363

applications, correctness may be prioritized, we as-364

sign equal weight to all four dimensions to support365

general-purpose LLM training.366

4 Dataset Statistics 367

We employ GPT-4 and DeepSeek-V2 to gener- 368

ate prompts corresponding to the 724 subjects de- 369

fined in our taxonomy, which is derived from the 370

Undergraduate Program Catalog of Regular 371

Higher Education Institutions of China. 372

GPT-4 generates a total of 27,715 prompts, while 373

DeepSeek-V2 produces 50,929 prompts. The dis- 374

tributions of these prompts across the 12 primary 375

disciplines in the taxonomy are presented in Fig- 376

ure 2 and Figure 3 in Appendix D, respectively. 377

Since some prompts need to be regenerated after 378

failing the feasibility check, a single question type 379

may correspond to multiple prompts. As a result, 380

GPT-4 yields 19,840 distinct question types, and 381

DeepSeek-V2 yields 24,839 distinct question types. 382

For constructing the preference dataset, we rely 383

solely on preference annotations generated by GPT- 384

4, given its pioneering performance.5 Table 1 385

presents a comparative summary of the prefer- 386

ence dataset constructed by TaP and existing open- 387

source preference datasets. Compared to these ex- 388

isting datasets, the TaP-constructed dataset encom- 389

passes a larger number of samples and prompts, 390

features longer prompts and responses, and pro- 391

vides fine-grained annotations. 392

5 Experiments 393

To assess the effectiveness of TaP and to evaluate 394

the quality of the preference datasets it constructs, 395

we conducted both supervised fine-tuning and pref- 396

erence fine-tuning, including PPO and DPO, on 397

LLMs using the datasets generated by TaP. 398

5.1 Supervised Fine-tuning 399

To conduct supervised fine-tuning using the prefer- 400

ence data generated by TaP, we utilized the prompts 401

5While incorporating annotations from multiple LLMs
might improve dataset quality, we leave the integration of
annotations from other open-source LLMs for future work.
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Figure 2: Distribution of prompts generated by GPT-4
across the 12 primary disciplines in the taxonomy.

from the dataset along with GPT-4-generated re-402

sponses. To ensure a balanced distribution of403

question types, we randomly selected one prompt404

and its corresponding response for each question405

types with multiple prompts. The resulting dataset406

comprises 19,840 samples generated by GPT-4407

and 24,839 samples produced by DeepSeek-V2.408

A comparative summary of this supervised fine-409

tuning dataset, alongside other open-source Chi-410

nese datasets, is provided in Table 2.411

We conducted supervised fine-tuning on five412

open-source LLMs: (1) Qwen2.5-3B, (2) Qwen2.5-413

7B, (3) Llama-3.1-8B, (4) Gemma-2-9B, and (5)414

Qwen2.5-14B. These LLMs span three model fam-415

ilies, with parameter sizes ranging from 3B to 14B.416

5.2 Preference Fine-tuning417

We adopt two dominant approaches for preference418

fine-tuning of LLMs using our constructed pref-419

erence dataset: PPO and DPO. To facilitate com-420

parison with other open-source preference datasets,421

we utilize Huozi-RLHF (Huozi-Team, 2024) and422

Chinese-DPO-Pairs6 for preference fine-tuning.423

Further details regarding the experimental setup424

for PPO and DPO can be found in Appendix E.1.425

5.3 Evaluation426

To evaluate the performance of trained LLMs, we427

employ MT-Bench-zh7 as the validation set, a Chi-428

nese translation of MT-Bench (Zheng et al., 2023).429

For testing, we adopt AlignBench (Liu et al., 2024).430

6https://huggingface.co/datasets/wenbopan/
Chinese-dpo-pairs

7https://github.com/HIT-SCIR/huozi/tree/main/
data/mt-bench-zh

Dataset #Samples Languages

Firefly 1,649,399 Chinese
Alpaca-GPT-4-ZH (Peng et al., 2023) 48,818 Chinese
COIG (Zhang et al., 2023a) 178,246 Chinese
MOSS-SFT (Sun et al., 2024) 1,074,551 English, Chinese
COIG-CQIA (Bai et al., 2024) 44,694 Chinese
Infinity-Instruct 757,938 Chinese
BELLE-SFT (BELLEGroup, 2023) 3,606,402 Chinese

TaP-SFT (GPT-4) 19,840 Chinese
TaP-SFT (DeepSeek-V2) 24,839 Chinese

Table 2: Comparison of open-source datasets containing
a substantial number of samples in Chinese for super-
vised fine-tuning with datasets derived from preference
datasets constructed by TaP. “TaP-SFT (GPT-4)” and
“TaP-SFT (DeepSeek-V2)” indicate that the prompts
were generated by GPT-4 and DeepSeek-V2. For the
Infinity-Instruct dataset, which includes samples in mul-
tiple languages, Chinese samples were selected based
on the language tags provided within the data.

Both benchmarks rely on high-performing LLMs, 431

such as GPT-4o, to evaluate model responses. Ac- 432

cordingly, we report scores generated by both GPT- 433

4o and DeepSeek-V3 to provide a comprehensive 434

evaluation. Further details regarding the evaluation 435

setup are provided in Appendix E.2. 436

6 Experimental Results 437

We present the aggregated experimental results 438

for supervised fine-tuning, DPO, and PPO in Ta- 439

ble 3, 4, and 6 of Appendix F, respectively. The 440

corresponding detailed experimental results are 441

provided in Tables 7 through 15 in Appendix F. 442

When trained on the same dataset, we observe that 443

larger LLMs consistently outperform their smaller 444

counterparts within the Qwen2.5 series. Moreover, 445

LLMs trained on data constructed using TaP con- 446

sistently demonstrate strong performance across su- 447

pervised fine-tuning, DPO, and PPO. This finding 448

underscores the effectiveness of TaP in generating 449

high-quality training data for both supervised and 450

preference fine-tuning of LLMs. Furthermore, the 451

experimental results yield additional findings: 452

To ensure optimal model performance when 453

scaling up data for supervised fine-tuning, it 454

is crucial to consider factors such as data qual- 455

ity, diversity, and coverage. The experimental 456

results presented in Table 3 suggest that despite 457

the relatively small volume of TaP-SFT (GPT-4), 458

LLMs trained on this dataset outperform those 459

trained on other open-source datasets. Notably, 460

LLMs trained on TaP-SFT (GPT-4) consis- 461

tently surpass those trained on BELLE-SFT, even 462

6

https://huggingface.co/datasets/wenbopan/Chinese-dpo-pairs
https://huggingface.co/datasets/wenbopan/Chinese-dpo-pairs
https://github.com/HIT-SCIR/huozi/tree/main/data/mt-bench-zh
https://github.com/HIT-SCIR/huozi/tree/main/data/mt-bench-zh
https://huggingface.co/datasets/YeungNLP/firefly-train-1.1M
https://github.com/Instruction-Tuning-with-GPT-4/GPT-4-LLM/blob/main/data/alpaca_gpt4_data_zh.json
https://huggingface.co/datasets/BAAI/COIG
https://huggingface.co/datasets/fnlp/moss-003-sft-data
https://huggingface.co/datasets/m-a-p/COIG-CQIA
https://huggingface.co/datasets/BAAI/Infinity-Instruct
https://huggingface.co/datasets/BelleGroup/train_3.5M_CN


Model Dataset

AlignBench MT-Bench-zh

GPT-4o DeepSeek-V3
GPT-4o DeepSeek-V3Reasoning Language Overall Reasoning Language Overall

Qwen2.5-3B

Firefly 3.22 4.34 3.78 3.38 4.37 3.87 4.41 4.45
Alpaca-GPT-4-ZH (Peng et al., 2023) 4.16 4.87 4.51 3.99 4.75 4.37 4.83 4.68
COIG (Zhang et al., 2023a) 2.73 4.12 3.42 2.84 4.03 3.43 3.35 3.44
MOSS-SFT (Sun et al., 2024) 3.82 4.96 4.39 3.73 4.82 4.27 4.66 4.38
COIG-CQIA (Bai et al., 2024) 3.61 4.38 3.99 3.65 4.31 3.98 4.47 4.35
Infinity-Instruct 4.02 5.11 4.57 3.91 4.92 4.41 4.89 4.68
BELLE-SFT (BELLEGroup, 2023) 3.88 5.11 4.49 3.82 4.99 4.41 4.65 4.49
TaP-SFT (GPT-4) 4.99 5.85 5.42 4.57 5.46 5.02 5.79 5.53
TaP-SFT (DeepSeek-V2) 5.25 5.65 5.45 4.89 5.39 5.14 5.67 5.60

Qwen2.5-7B

Firefly 3.45 4.61 4.03 3.62 4.64 4.13 4.43 4.47
Alpaca-GPT-4-ZH (Peng et al., 2023) 4.90 5.31 5.10 4.53 5.14 4.83 5.02 4.89
COIG (Zhang et al., 2023a) 2.82 4.41 3.62 3.11 4.38 3.75 3.48 3.66
MOSS-SFT (Sun et al., 2024) 4.71 5.26 4.98 4.55 5.17 4.86 5.06 4.90
COIG-CQIA (Bai et al., 2024) 4.72 5.13 4.92 4.51 5.02 4.76 4.73 4.51
Infinity-Instruct 4.92 5.63 5.28 4.70 5.54 5.12 4.96 4.95
BELLE-SFT (BELLEGroup, 2023) 4.32 5.44 4.88 4.16 5.35 4.76 4.93 4.83
TaP-SFT (GPT-4) 6.62 6.27 6.45 6.10 5.83 5.96 6.16 5.99
TaP-SFT (DeepSeek-V2) 6.25 6.07 6.16 5.77 5.93 5.85 6.10 5.97

Llama-3.1-8B

Firefly 2.40 3.97 3.19 2.40 4.07 3.24 3.72 3.69
Alpaca-GPT-4-ZH (Peng et al., 2023) 2.77 4.28 3.53 2.64 4.12 3.38 4.21 4.28
COIG (Zhang et al., 2023a) 1.79 2.98 2.38 1.88 3.04 2.46 2.68 2.74
MOSS-SFT (Sun et al., 2024) 2.84 4.41 3.63 2.69 4.32 3.50 4.21 4.06
COIG-CQIA (Bai et al., 2024) 2.54 3.57 3.06 2.39 3.56 2.97 3.32 3.34
Infinity-Instruct 3.15 5.07 4.11 3.01 4.95 3.98 4.71 4.60
BELLE-SFT (BELLEGroup, 2023) 3.47 5.05 4.26 3.24 4.88 4.06 4.63 4.74
TaP-SFT (GPT-4) 3.87 5.14 4.50 3.40 4.73 4.06 5.24 4.95
TaP-SFT (DeepSeek-V2) 3.61 4.75 4.18 3.47 4.61 4.04 5.11 4.89

Gemma-2-9B

Firefly 2.36 3.95 3.15 2.44 4.06 3.25 3.92 3.77
Alpaca-GPT-4-ZH (Peng et al., 2023) 3.17 4.22 3.70 3.19 4.17 3.68 4.39 4.09
COIG (Zhang et al., 2023a) 1.70 2.81 2.25 1.95 2.80 2.38 2.69 2.65
MOSS-SFT (Sun et al., 2024) 2.84 4.21 3.53 2.73 4.19 3.46 4.14 4.23
COIG-CQIA (Bai et al., 2024) 2.69 3.58 3.14 2.64 3.56 3.10 3.36 3.13
Infinity-Instruct 3.72 5.21 4.47 3.57 4.99 4.28 4.78 4.45
BELLE-SFT (BELLEGroup, 2023) 3.72 5.16 4.44 3.68 5.07 4.37 4.69 4.87
TaP-SFT (GPT-4) 4.10 5.17 4.64 3.60 4.88 4.24 5.37 5.03
TaP-SFT (DeepSeek-V2) 3.96 4.90 4.43 3.61 4.58 4.10 4.90 4.69

Qwen2.5-14B

Firefly 3.94 4.94 4.44 4.10 4.89 4.49 4.77 4.79
Alpaca-GPT-4-ZH (Peng et al., 2023) 5.64 5.73 5.68 5.34 5.73 5.54 5.44 5.36
COIG (Zhang et al., 2023a) 3.30 4.84 4.07 3.38 4.86 4.12 3.63 3.56
MOSS-SFT (Sun et al., 2024) 5.25 5.59 5.42 4.96 5.48 5.22 5.26 5.04
COIG-CQIA (Bai et al., 2024) 5.14 5.27 5.20 4.94 5.26 5.10 4.92 4.78
Infinity-Instruct 5.26 5.94 5.60 5.16 5.81 5.48 5.33 5.06
BELLE-SFT (BELLEGroup, 2023) 4.70 5.70 5.20 4.55 5.61 5.08 4.99 4.83
TaP-SFT (GPT-4) 6.76 6.51 6.64 6.27 6.27 6.27 6.34 6.18
TaP-SFT (DeepSeek-V2) 6.34 5.92 6.13 6.46 6.24 6.35 6.12 6.19

Table 3: Performance comparison of five LLMs on AlignBench and MT-Bench-zh after supervised fine-tuning with
various datasets. “GPT-4o” and “DeepSeek-V3” indicate that the responses for the respective benchmarks were
evaluated using GPT-4o and DeepSeek-V3, respectively.

though BELLE-SFT contains over 180 times the463

number of samples as TaP-SFT (GPT-4). This464

finding indicates that, beyond dataset size, factors465

such as data quality, diversity, and coverage play466

a critical role in model performance. These re-467

sults align with the findings of LIMA (Zhou et al.,468

2023), which demonstrate that LLMs trained on469

just 1,000 carefully curated samples can achieve470

remarkably strong performance. However, LIMA’s471

heavy reliance on human curation poses challenges472

for scalability. In contrast, TaP necessitates hu-473

man involvement only in designing the taxonomy,8474

making it significantly more scalable.475

The capabilities of pre-trained LLMs serve as a476

critical foundation for the performance of mod-477

8Instead of constructing the taxonomy manually, it can
alternatively be constructed either by LLMs alone or through
collaboration between humans and LLMs.

els subsequently trained through supervised 478

fine-tuning or preference fine-tuning. The ex- 479

perimental results presented in Tables 3, 4, and 480

6 of Appendix F indicate that LLMs initialized 481

from Qwen2.5-3B usually outperform those initial- 482

ized from Llama-3.1-8B and Gemma-2-9B, despite 483

the latter two LLMs having nearly three times the 484

number of parameters as Qwen2.5-3B, even when 485

trained on the same dataset. We hypothesize that 486

this performance gap arises from the limited vol- 487

ume of Chinese corpora used in the pre-training of 488

Llama-3.1-8B and Gemma-2-9B, which constrains 489

their ability to generate high-quality responses in 490

Chinese after undergoing supervised fine-tuning or 491

preference fine-tuning. In contrast, the Qwen2.5 492

series of LLMs have been extensively trained on 493

Chinese corpora, thereby enhancing their capac- 494

ity for instruction following and alignment with 495

human preferences and values after fine-tuning. 496
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Model Dataset

AlignBench MT-Bench-zh

GPT-4o DeepSeek-V3
GPT-4o DeepSeek-V3Reasoning Language Overall Reasoning Language Overall

Qwen2.5-3B-SFT-Open

Huozi-RLHF (Huozi-Team, 2024) 4.02 5.23 4.63 3.88 5.04 4.46 5.03 4.94
Chinese-DPO-Pairs 4.46 5.52 4.99 4.20 5.24 4.72 5.04 4.95
TaP (GPT-4) 5.19 5.90 5.55 4.79 5.62 5.21 5.88 5.63

Qwen2.5-3B-SFT-TaP

Huozi-RLHF (Huozi-Team, 2024) 5.15 5.82 5.49 4.65 5.50 5.08 5.72 5.24
Chinese-DPO-Pairs 5.25 6.01 5.63 4.90 5.51 5.20 5.91 5.68
TaP (GPT-4) 5.57 6.06 5.81 4.90 5.65 5.28 6.03 5.79

Qwen2.5-7B-SFT-Open

Huozi-RLHF (Huozi-Team, 2024) 4.53 5.39 4.96 4.37 5.34 4.85 5.25 4.98
Chinese-DPO-Pairs 4.88 5.53 5.21 4.64 5.40 5.02 5.23 5.23
TaP (GPT-4) 5.11 5.74 5.43 4.87 5.58 5.22 5.54 5.38

Qwen2.5-7B-SFT-TaP

Huozi-RLHF (Huozi-Team, 2024) 6.24 6.34 6.29 5.83 6.00 5.92 6.10 5.85
Chinese-DPO-Pairs 6.49 6.42 6.46 5.94 6.09 6.01 6.16 5.98
TaP (GPT-4) 6.59 6.66 6.62 6.03 6.18 6.11 6.36 6.11

Llama-3.1-8B-SFT-Open

Huozi-RLHF (Huozi-Team, 2024) 3.52 5.19 4.36 3.29 5.06 4.17 4.85 4.58
Chinese-DPO-Pairs 3.53 5.57 4.55 3.29 5.29 4.29 4.94 4.88
TaP (GPT-4) 3.96 5.62 4.79 3.50 5.37 4.43 5.41 5.14

Llama-3.1-8B-SFT-TaP

Huozi-RLHF (Huozi-Team, 2024) 3.70 5.22 4.46 3.33 4.86 4.09 5.19 4.84
Chinese-DPO-Pairs 4.07 5.36 4.71 3.59 5.07 4.33 5.30 4.84
TaP (GPT-4) 4.10 5.50 4.80 3.52 4.99 4.25 5.59 5.16

Gemma-2-9B-SFT-Open

Huozi-RLHF (Huozi-Team, 2024) 3.93 5.22 4.58 3.54 5.05 4.29 4.77 4.62
Chinese-DPO-Pairs 3.86 5.32 4.59 3.61 5.21 4.41 4.91 4.84
TaP (GPT-4) 4.55 5.90 5.22 4.09 5.44 4.76 5.54 5.23

Gemma-2-9B-SFT-TaP

Huozi-RLHF (Huozi-Team, 2024) 4.18 5.23 4.70 3.77 4.93 4.35 5.39 5.01
Chinese-DPO-Pairs 4.67 5.52 5.09 4.09 5.21 4.65 5.54 5.20
TaP (GPT-4) 4.72 5.61 5.16 4.05 5.14 4.60 5.78 5.33

Qwen2.5-14B-SFT-Open

Huozi-RLHF (Huozi-Team, 2024) 5.75 5.90 5.82 5.64 5.81 5.73 5.41 5.48
Chinese-DPO-Pairs 5.85 5.96 5.90 5.47 5.79 5.63 5.54 5.58
TaP (GPT-4) 6.44 6.39 6.42 6.05 6.17 6.11 5.84 5.89

Qwen2.5-14B-SFT-TaP

Huozi-RLHF (Huozi-Team, 2024) 6.94 6.64 6.79 6.41 6.28 6.35 6.25 6.11
Chinese-DPO-Pairs 6.99 6.85 6.92 6.41 6.43 6.42 6.34 6.14
TaP (GPT-4) 7.27 7.08 7.17 6.52 6.52 6.52 6.66 6.35

Table 4: Performance comparison of LLMs trained with DPO using different datasets on AlignBench and MT-Bench-
zh. The model names include two possible suffixes: “Open” and “TaP.” The “Open” suffix indicates that the LLMs
were initialized from models trained via supervised fine-tuning on open-source datasets, whereas “TaP” denotes
initialization from models trained on a dataset constructed by TaP. Additionally, “GPT-4o” and “DeepSeek-V3”
specify that responses were evaluated using GPT-4o and DeepSeek-V3, respectively.

The effectiveness of applying supervised fine-497

tuning and preference fine-tuning using the498

same training dataset varies across different499

LLMs. The experimental results presented in Ta-500

bles 3, 4, and 6 of Appendix F indicate that the501

optimal open-source datasets for fine-tuning vary502

across LLMs. For instance, as shown in Table 3,503

the open-source fine-tuning dataset that yields the504

best performance for Qwen2.5-7B on MT-Bench-505

zh, when GPT-4o serves as the judge, is MOSS-506

SFT. However, for Llama-3.1-8B, the open-source507

dataset that results in the best performance under508

the same evaluation conditions is Infinity-Instruct.509

These findings align with the hypothesis proposed510

by Zhang et al. (2025), which posits that supervised511

fine-tuning datasets that are more closely aligned512

with the distribution of pre-trained LLMs tend to be513

more effective. Nevertheless, LLMs trained on data514

constructed by TaP consistently achieve strong per-515

formance and generally outperform those trained516

on other open-source datasets. This demonstrates517

that data constructed by TaP can be effectively em-518

ployed for both supervised fine-tuning and prefer- 519

ence fine-tuning across various LLMs. 520

7 Conclusion 521

In this paper, we propose the TaP framework 522

to facilitate automated and scalable construction 523

of preference datasets across various languages. 524

Grounded in a structured taxonomy, TaP offers 525

fine-grained control over dataset composition, en- 526

suring both diversity and comprehensive cover- 527

age. To evaluate the effectiveness of TaP and ad- 528

dress the scarcity of preference datasets in Chi- 529

nese, we apply TaP to construct preference datasets 530

in Chinese, using a taxonomy derived from the 531

Undergraduate Program Catalog of Regular 532

Higher Education Institutions of China. 533

We conduct supervised fine-tuning and preference 534

fine-tuning on LLMs ranging from 3B to 14B pa- 535

rameters across three model families, utilizing the 536

TaP-generated datasets. Experimental results show 537

that LLMs trained on TaP-generated datasets out- 538

perform those trained on open-source datasets. 539
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Limitations540

A key limitation of our study is the absence of ex-541

tensive human evaluation to assess the quality of542

the data generated by TaP. While we acknowledge543

that incorporating human evaluation could further544

validate the effectiveness of the TaP framework545

and enhance the quality of the synthetic data, our546

efforts were limited to a small-scale human eval-547

uation focused on the reliability of LLMs in iden-548

tifying instructions beyond their capabilities (see549

Appendix C.2 for details). However, the volume of550

data produced by TaP makes comprehensive human551

evaluation prohibitively resource-intensive. More-552

over, human evaluation is time-consuming, labor-553

intensive, and susceptible to subjective biases and554

inconsistencies (Hosking et al., 2024). As a result,555

we did not conduct extensive human evaluation of556

the TaP-generated data. Nevertheless, the strong557

performance of LLMs trained on TaP-generated558

data can serve as an indirect proxy of data quality559

(Wang et al., 2023; Xu et al., 2024; Ding et al.,560

2023). This performance is therefore interpreted as561

indirect evidence supporting the acceptable quality562

of the synthetic data produced by TaP.563

Another limitation of our work is that previ-564

ous research has highlighted the risk of model565

collapse when training LLMs on synthetic data566

(Gerstgrasser et al., 2024; Kazdan et al., 2024; Shu-567

mailov et al., 2024). Accordingly, LLMs trained568

on datasets constructed using TaP may also be sus-569

ceptible to similar risks.570
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A Alternative Approaches for946

Constructing the Taxonomy947

In cases where the undergraduate program catalog948

is unavailable, the undergraduate program catalogs949

from high-resource languages can serve as repre-950

sentative taxonomies to guide the construction of951

analogous taxonomies for other languages. Further-952

more, we emphasize that using the undergraduate953

program catalog as the taxonomy represents a spe-954

cific and illustrative case of applying the TaP frame-955

work for synthetic data generation. The taxonomy956

employed by the TaP framework is not limited to957

the undergraduate program catalog. An alternative958

approach to constructing the taxonomy involves959

analyzing and categorizing the potential use cases960

of LLMs, a method that can be extended to other961

languages.962

While comprehensively enumerating and cate-963

gorizing all possible use cases of LLMs is inher-964

ently challenging, a practical strategy is to collect965

user–model interactions and analyze these conver-966

sations to systematically identify and categorize967

use cases (Zhao et al., 2024; Zheng et al., 2024).968

For low-resource languages with limited resources,969

a feasible approach would be to initially deploy970

a LLM trained on all available data for these lan-971

guages, potentially supplemented with data trans-972

lated from high-resource languages. Following973

deployment, user–model conversations can be con-974

tinuously collected and analyzed to construct the975

taxonomy grounded in real-world use cases. Ad-976

ditionally, both the taxonomy and the LLMs them-977

selves can be incrementally updated as sufficient978

new user-model conversations become available,979

thereby improving model performance over time.980

B An Illustrative Example981

Figure 4 presents an example prompt and its cor-982

responding response from the preference dataset983

constructed using TaP. Both the prompt and the984

response were generated by GPT-4.985

C Dataset Construction986

C.1 Prompts987

The prompts utilized in the data construction pro-988

cess are depicted in Figures 5 through 10.989

C.2 Human Evaluation on Feasibility Check990

To evaluate the reliability of LLMs in identifying991

instructions that exceed their capabilities, we ran-992

domly sampled 100 instructions along with the993

Philosophy
0.3%

Economics
3.4% Law

7.4%

Education
3.8%

Literature
5.0%

History
0.9%

Science
6.6%

Engineering
39.4%

Agriculture
5.7%

Medicine
8.5%

Management
10.1%

Arts
8.9%

Figure 3: Distribution of prompts generated by
DeepSeek-V2 across the 12 primary disciplines in the
taxonomy.

corresponding assessments generated by GPT-4 994

indicating whether each instruction was beyond 995

the model’s capabilities. Sampling was performed 996

using NumPy with a fixed random seed of 42 to 997

ensure reproducibility. 998

According to GPT-4’s assessments, 71 of the 100 999

sampled instructions were classified as within the 1000

model’s capabilities, while the remaining 29 were 1001

identified as exceeding them. We then manually 1002

verified the correctness of these assessments. No- 1003

tably, we found that 99 out of the 100 assessments 1004

were correct. This result demonstrates GPT-4’s 1005

high reliability in recognizing its own limitations 1006

when explicitly prompted with instructions that in- 1007

corporate descriptions of its key limitations. 1008

For illustrative purposes, Figure 11 presents a 1009

representative example from the sampled set, com- 1010

prising both the instruction and GPT-4’s corre- 1011

sponding assessment. In this case, GPT-4 correctly 1012

identified the instruction as exceeding the capabili- 1013

ties of LLMs. 1014

C.3 LLMs for Response Generation 1015

To enhance the diversity and coverage of responses 1016

generated by the selected models, we aimed to 1017

include a broad spectrum of LLM families and 1018

architectures. Given the substantial computational 1019

and time costs associated with inference across 1020

such a large number of models, inference efficiency 1021

was prioritized in selecting open-source models. 1022

Specifically, aside from proprietary models such as 1023

GPT-4, inference efficiency served as the primary 1024

criterion for open-source model selection. 1025
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To facilitate efficient and scalable inference, we1026

utilized the vLLM library,9 which is known for its1027

high throughput and memory efficiency in LLM1028

inference. While vLLM supports a wide range of1029

models, its compatibility is primarily limited to1030

widely adopted models. Consequently, our selec-1031

tion was constrained to models supported by ver-1032

sion 0.6.1.post2 of vLLM, which was the version1033

used to generate responses for all prompts.1034

From the set of models compatible with this1035

version of vLLM, we selected those that met at1036

least one of the following criteria: (1) The model1037

demonstrated exceptional performance across vari-1038

ous benchmarks and attained significant popularity1039

in academic and industrial communities (e.g., mod-1040

els from the LLaMA, Qwen, and Gemma families);1041

(2) The model was trained on extensive Chinese1042

corpora, thereby ensuring the generation of high-1043

quality synthetic Chinese data.1044

Based on these criteria, we selected 63 open-1045

source LLMs. For the remaining two models, GPT-1046

4 (proprietary) and DeepSeek-V2 (unsupported by1047

the vLLM version we used), we employed their of-1048

ficial APIs to generate responses. Table 5 presents1049

a detailed summary of the architectures and param-1050

eter sizes of all LLMs used for response generation.1051

D Dataset Statistics1052

Figure 3 illustrates the distribution of prompts gen-1053

erated by DeepSeek-V2 across the 12 primary dis-1054

ciplines defined in the taxonomy.1055

E Experiments1056

E.1 Preference Fine-tuning1057

For all preference datasets used in our experiments,1058

we randomly split each dataset into two equal sub-1059

sets, using one for training reward models and the1060

other for PPO and DPO training.1061

For PPO and DPO training, we initialize the poli-1062

cies using checkpoints from supervised fine-tuning1063

of five open-source pre-trained LLMs. Specifically,1064

we select the best-performing checkpoint trained1065

on two distinct types of training data for each1066

open-source pre-trained LLM, based on their per-1067

formance on the validation dataset: (1) the highest-1068

performing checkpoint among LLMs trained on1069

seven open-source supervised fine-tuning datasets1070

and (2) the highest-performing checkpoint obtained1071

from an LLM trained on supervised fine-tuning1072

9https://github.com/vllm-project/vllm

datasets derived from our constructed preference 1073

dataset. Consequently, we conduct PPO and DPO 1074

training on a total of twelve checkpoints. 1075

For PPO training, we first train the reward model 1076

to score the responses generated by the policy. Fol- 1077

lowing common practice, we initialize the reward 1078

models from pre-trained LLMs (Gooding and Man- 1079

soor, 2023; Cui et al., 2024; Kirk et al., 2024). 1080

Specifically, the reward models are initialized from 1081

the same pre-trained LLMs used to initialize the 1082

LLMs for supervised fine-tuning, with the excep- 1083

tion that the reward model for the policy initialized 1084

from the checkpoints derived from supervised fine- 1085

tuning of Qwen2.5-3B is initialized from Qwen2.5- 1086

14B. Additionally, we constrain the rewards pro- 1087

duced by the reward models to a predefined range 1088

[−R,R] using an auxiliary loss function to stabi- 1089

lize PPO training, where R is a positive constant. 1090

Given a prompt x, a preferred response yw and 1091

less preferred response yl, the reward model is pa- 1092

rameterized by ϕ, with D denoting the preference 1093

dataset used for training. The auxiliary loss func- 1094

tion is formulated as follows: 1095

Laux (ϕ) = −E(x,yw,yl)∼D
[
max (0, rϕ (x, yw)−R)2

+max (0,−rϕ (x, yw)−R)2

+max (0, rϕ (x, yl)−R)2

+max (0,−rϕ (x, yl)−R)2
]

(1) 1096

The auxiliary loss function is incorporated into 1097

the overall loss function for training the reward 1098

models using a hyperparameter λ that adjusts its 1099

weight. The resulting loss function for training 1100

reward models is defined as follows: 1101

LRM (ϕ) = 1102

−E(x,yw,yl)∼D
[
log σ (rϕ (x, yw)− rϕ (x, yl))+λLaux (ϕ)

]
(2)
1103

The hyperparameter λ is set to 0.05 when train- 1104

ing reward models with our constructed preference 1105

dataset. However, due to the relatively smaller size 1106

of open-source preference datasets, we reduce λ to 1107

0.01 when using them for training. Additionally, 1108

the hyperparameter R is fixed at 5, and all reward 1109

models are trained for one epoch, which we found 1110

sufficient for convergence. 1111

For PPO training, we train the policy for two 1112

epochs when using our constructed dataset and 1113
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for three epochs when using open-source datasets,1114

given their relatively smaller size. We adjust the1115

learning rate according to the cosine schedule with1116

a warm-up phase of 50 steps, using a peak learn-1117

ing rate of 1e-6 for policy models and 5e-6 for1118

critic models. Furthermore, we vary the KL reward1119

coefficient within {0.01, 0.05} based on the KL di-1120

vergence between the policy and reference policy1121

during PPO training.1122

For DPO training, we follow a similar strategy1123

to PPO. Specifically, we train the policy for two1124

epochs when using our constructed dataset and for1125

three epochs when using open-source datasets. The1126

learning rate follows the cosine schedule with a1127

warm-up phase of 50 step and a peak learning rate1128

of 2e-7. Following Ivison et al. (2024), we set β to1129

0.01 across all experiments.1130

E.2 Evaluation1131

For LLMs trained through supervised fine-tuning1132

and DPO, we exclusively use scores from GPT-1133

4o to select the best-performing checkpoint. Con-1134

versely, for models trained via supervised learn-1135

ing on TaP-SFT (DeepSeek-V2), we rely on1136

DeepSeek-V3 scores due to the significant API1137

costs associated with GPT-4o. Similarly, for mod-1138

els trained using PPO, we also utilize DeepSeek-V31139

scores for checkpoint selection.1140

F Experimental Results1141

The aggregated experimental results for PPO are1142

presented in Table 6, while detailed results for su-1143

pervised fine-tuning, PPO, and DPO are provided1144

in Tables 7 through 15.1145

16



An Illustrative Example

设计并编写一个程序以模拟智能海洋装备中的自动路径规划系统。该系统需要根据给定的海洋环境信息，为无人潜水器提供从
起点到终点的最优路径。海洋环境信息包括但不限于海域的大 小、存在的障碍物（如珊瑚礁、深海沟），以及起点和终点的
坐标。你需要采用适当的搜索算法或路径规划算法（如A*算法、Dijkstra算法等）来实现该功能。

要求如下：

1. 首先，定义海洋环境的数据结构，包括海域的尺寸、障碍物的位置、以及起点和终点的坐标。
2. 实现一个函数或方法，根据提供的海洋环境信息，计算并返回从起点到终点的最优路径。你需要保证算法的效率和优化路
径的准确性。
3. 编写代码以模拟不同的海洋环境（至少3种），并利用你的程序为每种环境下的无人潜水器计算最优路径。
4. 为你的程序编写文档，说明如何运行你的代码，以及如何添加新的海洋环境信息进行路径规划。
5. （可选）提供一个简单的用户界面（UI）或可视化工具，以图形化方式显示海洋环境、无人潜水器的路径等信息。

请确保你的代码具有良好的注释和清晰的结构，以便于理解和修改。

Prompt

为了构建这个程序，我们将按照要求分步骤来执行。请注意，以下是一个简化的示例，旨在演示概念和基本的实现方法，并不
涉及复杂的异常处理或高级优化技巧。

### 1. 定义海洋环境的数据结构

首先，我们需要定义海洋环境的数据结构。我们将创建一个简单的类`OceanEnvironment`，它包含海域的尺寸、障碍物的

位置列表、起点和终点的坐标。
......

### 2. 实现路径规划函数

接下来，我们将使用A*算法来实现路径规划函数，因为A*算法比较适合在具有多种障碍物的环境中寻找最优路径。我们定义

函数`find_path`来实现该算法。
......

### 3. 模拟不同的海洋环境并计算最优路径

现在，我们可以创建几个海洋环境的实例，并使用我们的路径规划函数来寻找最优路径。
......

### 4. 文档说明

为了运行上面的代码，你需要确保Python环境已安装。然后，将代码保存到一个`.py`文件中，在命令行或IDE中运行该文

件即可看到不同环境下的最优路径结果。 若要添加新的海洋环境信息，仅需实例化`OceanEnvironment`类并按照实例的

结构提供尺寸、障碍、起点和终点即可。

### 5. 用户界面(UI)

提供一个图形化界面或可视化工具超出了本说明文档的范畴，但是你可以利用像`matplotlib`这样的Python库来绘制海洋

环境和找到的路径，从而为用户提供视觉反馈。

这样，我们就完成了一个简单的自动路径规划系统的设计与编写。
Response

To build this program, we will follow a step-by-step approach as required. Please note that the following is a simplified example intended 

to demonstrate the core concepts and basic implementation. It does not include complex exception handling or advanced optimization 

techniques.

### 1. Define the Data Structure for the Ocean Environment

First, we need to define the data structure for the ocean environment. We'll create a simple class called `OceanEnvironment`, which 

includes the dimensions of the ocean area, a list of obstacle positions, and the coordinates of the start and end points.

......

### 2. Implement the Path Planning Function

Next, we’ll implement the path planning function using the A* algorithm, as it is well-suited for finding optimal paths in environments 

with multiple obstacles. We’ll define a function named `find_path` to carry out this algorithm.

......

### 3. Simulate Different Ocean Environments and Compute Optimal Paths

Now, we can create several instances of ocean environments and use our path planning function to find the optimal path for each case.

......

### 4. Documentation

To run the code above, make sure you have Python installed on your system. Then, save the code in a `.py` file and run it through the 

command line or an IDE to view the optimal path results in different environments. To add a new ocean environment, simply instantiate 

the `OceanEnvironment` class and provide the size, obstacles, start point, and end point according to the structure of the example.

### 5. User Interface (UI)

Creating a graphical interface or visualization tool is beyond the scope of this guide, but you can use Python libraries such as `matplotlib` 

to draw the ocean environment and the calculated path, providing visual feedback to the user.

With that, we’ve completed the design and development of a simple automated path planning system.

Design and develop a program to simulate an autonomous path planning system for intelligent marine equipment. This system should 

determine the optimal path for an unmanned underwater vehicle (UUV) to travel from a starting point to a destination, based on given 

information about the marine environment. The environmental data may include, but is not limited to, the dimensions of the marine area, 

the presence of obstacles (such as coral reefs or deep-sea trenches), and the coordinates of the start and end points. You are expected to 

implement this functionality using an appropriate search or path planning algorithm, such as the A* algorithm or Dijkstra's algorithm.

Requirements:

1. Define a data structure to represent the marine environment, including the dimensions of the area, the positions of obstacles, and the 

coordinates of the start and end points.

2. Implement a function or method that takes the environmental data as input and computes the optimal path from the start to the 

destination. Your implementation should ensure both efficiency and path accuracy.

3. Write code to simulate at least three different marine environments. For each environment, use your program to calculate the optimal 

path for the UUV.

4. Create documentation for your program, explaining how to run the code and how to add new environmental data for path planning.

5. *(Optional)* Provide a simple user interface (UI) or visualization tool to graphically display the marine environment, the UUV’s path, 

and other relevant information.

Please ensure your code is well-commented and clearly structured to facilitate understanding and future modifications.

Figure 4: An example prompt and its corresponding response from the preference dataset constructed using TaP.
Both the prompt and the response were generated by GPT-4. Portions of the response that were excessively long
have been omitted for brevity and are indicated by blue ellipses.
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Prompts for Generating Question Types

请根据指定的学科领域，尽可能详细地列举出相关的题型并附上每种题型的简介，题型和对应的简介由“：”连接。请注意，
只需生成题型和简介，无需给出具体的题目示例。为了清晰地区分每一种题型及其简介，请在每条生成的题型及其简介的前后
加上三引号（"""），具体的生成格式为"""题型：简介"""。

Please provide a comprehensive list of relevant question types for the specified subject, along with a brief description of each. Connect 

each question type and its corresponding description with a colon (":"). Only generate the question types and their descriptions; there is 

no need to provide specific question examples. To clearly distinguish each question type and its description, enclose each in triple 

quotation marks ("""). The specific format is as follows: """Question Type: Description""".

Subject: {subject}

学科：{subject}

请尽可能详细地列举出与{subject}相关的更多题型，并确保新生成的题型与已有的题型不重复。

Please provide a detailed list of additional question types related to {subject}, ensuring that each new type is distinct from the existing 

ones.

请尽可能详尽地继续列举出与{subject}相关的更多题型，并确保新生成的题型与已有的题型不重复。

Please continue providing a comprehensive list of additional question types related to {subject}, ensuring that each new type is 

distinct from the existing ones.

System Prompt

User Prompt of 

First Turn

User Prompt of 

Second Turn

User Prompt of 

Third Turn

Figure 5: Prompts for generating different question types with brief descriptions of each type.

Prompts for Refining the Description of Question Types

请在给定的学科领域、题型和简介的基础上，对题型简介进行改写，使其表述更加规范、清晰，同时更贴近生活实际。请直接
生成改写后的题型简介，无需生成其他内容。

Given the subject and the specified question type, along with its corresponding description, refine the description to ensure clarity, 

standardization, and alignment with real-life contexts. Provide the revised description directly without any additional content.

### 学科领域

{subject}

### 题型
{question_type}

### 简介
{description}

System Prompt

User Prompt of 

First Turn
### Subject

{subject}

### Question Type

{question_type}

### Description

{description}

Figure 6: Prompts for refining the description of various question types.
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Prompts for Generating Prompts

请根据所给的学科领域、题目类型以及简介，构思一个具体的指令。请确保生成的指令内容合理、完整、表述清晰，并且贴近
生活实际，同时具有一定的难度。在生成指令时，请以“### 指令\n”作为开头。

Please craft a prompt based on the provided subject, question type, and description. The prompt should be realistic, comprehensive, and 

clearly articulated, with a moderate level of complexity. Additionally, ensure it is closely related to real-world scenarios. When presenting 

the prompt, begin with "### Prompt\n".

### 学科领域

{subject}

### 题型
{question_type}

### 简介
{description}

System Prompt

User Prompt of 

First Turn
### Subject

{subject}

### Question Type

{question_type}

### Description

{description}

User Prompt of 

Second Turn

请对上述生成的指令进行评估，判断是否因缺乏必要的输入而无法遵循，并输出评估结果（“是”或“否”）。如果输出的评
估结果为“是”，请按照原有的格式重新生成上述指令，确保新生成的指令包含所有必要的输入。如果输出的评估结果为

“否”，则无需再输出其他内容。

Please determine whether the generated prompt lacks necessary input, making it impossible to follow. Output either "Yes" or "No" as the 

evaluation result. If the result is "Yes," regenerate the prompt in its original format, ensuring that all required input is included. If the 

result is "No," output only "No" without any additional content.

Figure 7: Prompts for generating prompts based on specified question types and their corresponding refined
descriptions.

Prompts for Checking Prompts

请你根据大语言模型的局限性，对给定指令的合理性进行评估。评估标准基于大语言模型是否具备执行该指令的能力。如果由
于大语言模型的局限性导致其无法执行该指令，那么认为这个指令是不合理的。请你首先阐述评估理由，然后在最后一行给出
评估结果（“合理”或“不合理”）。

大语言模型的局限性如下：
1. 无法直接与真实世界交互：大语言模型只能通过文本与用户交流，而无法直接操作物体、控制设备或影响物理世界。
2. 缺乏感官能力：大语言模型缺乏视觉、听觉、味觉、触觉、嗅觉等感官能力，因此无法感知或理解与这些感官相关的信
息。
3. 无法处理非文本信息：大语言模型只能处理文本数据，无法理解或生成图像、音频、视频等非文本信息。
4. 无法访问实时信息：大语言模型的知识是静态的，它们无法实时获取和更新最新的新闻、事件或其他动态信息。

System Prompt

指令："""{instruction}"""
User Prompt of 

First Turn
Instruction: """{instruction}"""

Please assess the reasonableness of a given instruction in light of the limitations of large language models. The criterion for evaluation is 

whether the model can successfully follow the instruction. If the model's inherent limitations prevent it from doing so, the instruction 

should be deemed unreasonable. Begin by explaining the rationale behind your evaluation, then state the final evaluation result 

("Reasonable" or "Unreasonable") on the last line.

The key limitations of large language models are as follows:

1. Inability to directly interact with the real world: Large language models can only communicate via text and cannot manipulate objects, 

control devices, or influence the physical world directly.

2. Lack of sensory capabilities: These models do not possess sensory faculties such as vision, hearing, taste, touch, or smell, making them 

unable to perceive or interpret information from these senses.

3. Inability to process non-text information: Large language models can only handle textual data and are incapable of understanding or 

generating images, audio, video, or other non-textual content.

4. Inability to access real-time information: The knowledge base of large language models is static, meaning they cannot retrieve or 

update real-time news, events, or other dynamic information.

Figure 8: Prompts for evaluating the reasonableness of a given instruction, considering the inherent limitations of
LLMs.
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Prompts for Generating Responses

请你根据大语言模型的局限性，对给定指令的合理性进行评估。评估标准基于大语言模型是否具备执行该指令的能力。如果由
于大语言模型的局限性导致其无法执行该指令，那么认为这个指令是不合理的。请你首先阐述评估理由，然后在最后一行给出
评估结果（“合理”或“不合理”）。

大语言模型的局限性如下：
1. 无法直接与真实世界交互：大语言模型只能通过文本与用户交流，而无法直接操作物体、控制设备或影响物理世界。
2. 缺乏感官能力：大语言模型缺乏视觉、听觉、味觉、触觉、嗅觉等感官能力，因此无法感知或理解与这些感官相关的信
息。
3. 无法处理非文本信息：大语言模型只能处理文本数据，无法理解或生成图像、音频、视频等非文本信息。
4. 无法访问实时信息：大语言模型的知识是静态的，它们无法实时获取和更新最新的新闻、事件或其他动态信息。

System Prompt

You are an exceptional AI assistant, and your responses must strictly adhere to user instructions while ensuring the accuracy and 

reliability of the provided information. Additionally, your responses should be clear and comprehensive. However, you must 

acknowledge the following inherent limitations:

1. Inability to interact directly with the real world: You can only communicate with users through text and cannot physically manipulate 

objects, control devices, or influence the physical world.

2. Lack of sensory capabilities: You do not possess sensory faculties such as vision, hearing, taste, touch, or smell, making them unable to 

perceive or interpret information from these senses.

3. Inability to process non-text information: You can only handle textual data and are incapable of understanding or generating images, 

audio, video, or other non-textual content.

4. Inability to access real-time information: Your knowledge is static, and you cannot retrieve or update the latest news, events, or other 

dynamic information in real time.

If a user's request falls outside your capabilities due to these limitations, you should clearly illustrate your inability to fulfill the request 

and provide a detailed explanation of the reasons.

你是一个出色的人工智能助手，你的回复必须与用户的指令紧密相关，同时确保所提供的信息准确无误。此外，你的回复必须
表达清晰，内容完整。然而，请注意，你存在以下的限制：
1. 无法直接与真实世界交互：你只能通过文本与用户交流，而无法直接操作物体、控制设备或影响物理世界。
2. 缺乏感官能力：你缺乏视觉、听觉、味觉、触觉、嗅觉等感官能力，因此无法感知或理解与这些感官相关的信息。
3. 无法处理非文本信息：你只能处理文本数据，无法理解或生成图像、音频、视频等非文本信息。
4. 无法访问实时信息：你的知识是静态的，你无法实时获取和更新最新的新闻、事件或其他动态信息。
当你因为以上限制而无法执行用户指令时，请向用户明确说明你无法执行他们的指令，并详细解释具体的原因。

Figure 9: Prompts used for response generation.
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Prompts for Scoring Responses

你的任务是根据提供的评分标准，对两个大语言模型生成的回复进行评分。以下是一个指令和对应的两个大语言模型的回复。
请你分别从相关性、准确性、清晰性和完整性四个评估维度对两个大语言模型的回复进行评分。评分范围为1至10分，1分为最
低，10分为最高。在评分时请确保两个大语言模型的回复的顺序不会影响你的评分结果。

各评估维度的含义如下：

- **相关性**：评估模型生成的回复是否与用户输入紧密相关，且能提供有价值的信息。
- **准确性**：评估模型生成的回复是否准确无误，没有事实错误或误导性信息，能够有效解决用户的问题或满足用户的需
求。
- **清晰性**：评估模型生成的回复在语法、拼写和标点使用上的正确性，表达是否清晰、易于理解，没有含糊不清之处。
- **完整性**：评估模型生成的回复是否提供了足够且完整的信息，能够充分回答用户的问题或满足用户的需求，而无需进一
步解释或补充。

请先详细说明评分依据，然后在最后给出具体的分数，并严格按照以下格式输出具体的分数：

### 大语言模型1的回复评分
- 相关性：[[Rating]]
- 准确性：[[Rating]]
- 清晰性：[[Rating]]
- 完整性：[[Rating]]

### 大语言模型2的回复评分
- 相关性：[[Rating]]
- 准确性：[[Rating]]
- 清晰性：[[Rating]]
- 完整性：[[Rating]]

System Prompt

### 指令
{instruction}

### 大语言模型1的回复
{response_1}

### 大语言模型2的回复
{response_2}

User Prompt of 

First Turn
### Instruction

{instruction}

### Response from Large Language Model 1

{response_1}

### Response from Large Language Model 2

{response_2}

Your task is to evaluate the responses generated by two large language models based on the provided evaluation criteria. Below is an 

instruction followed by responses from the two models. Please assess each response according to four dimensions: relevance, correctness, 

clarity, and completeness. The rating scale ranges from 1 to 10, with 1 being the lowest and 10 being the highest. Ensure that the order of 

the responses does not influence your evaluation.

The definitions of each evaluation dimension are as follows:

- **Relevance**: Assess whether the model's response is closely related to the user's input and provides valuable information.

- **Correctness**: Evaluate whether the model's response is accurate, free from factual errors or misleading information, and effectively 

addresses the user's question or meets their needs.

- **Clarity**: Examine the model's response for proper grammar, spelling, and punctuation, and determine whether the expression is 

clear, easy to understand, and free from ambiguity.

- **Completeness**: Determine whether the model's response provides sufficient and comprehensive information, fully addressing the 

user's question or meeting their needs without requiring further clarification or supplementation.

Please first provide a detailed explanation of your evaluation criteria and rationale. Then, present the scores strictly following the format 

below:

### Scores for Response from Large Language Model 1

- Relevance: [[Rating]]

- correctness: [[Rating]]

- Clarity: [[Rating]]

- Completeness: [[Rating]]

### Scores for Response from Large Language Model 2

- Relevance: [[Rating]]

- correctness: [[Rating]]

- Clarity: [[Rating]]

- Completeness: [[Rating]]

Figure 10: Prompts for conducting pairwise comparisons, where two responses are evaluated on a scale from 1 to
10 across four evaluation dimensions: (1) relevance, (2) correctness, (3) clarity, and (4) completeness.
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Instruction and Corresponding GPT-4 Assessment

请利用GIS软件或其他地理空间信息工具完成以下任务：

1. **地形分析**：
    - 首先，导入提供的数字高程模型（DEM）数据。
    - 使用该DEM数据，生成研究区域的坡度图和高程图。确保图中清晰地标注出高度和坡度的等级分布。

2. **水文分析**：
    - 基于DEM数据，利用水文分析工具，确定并绘制研究区域内的主要流域边界和河流网络。
    - 计算主要河流的流长和流域的面积。

3. **空间插值**：
    - 假定你有来自10个不同地点的温度观测数据（地点坐标及其对应温度值将提供）。
    - 应用空间插值技术，创建一个温度分布图，覆盖整个研究区域。

4. **结果展示与分析**：
    - 对上述生成的坡度图、高程图、流域边界图及河流网络图、温度分布图进行合理的图层叠加，分析地形影响下的温度分
布特征。
    - 准备一份报告，总结你在地形分析、水文分析和空间插值过程中所使用的方法、步骤和技巧，包括遇到的挑战以及如何
克服它们。

提供的数据包括数字高程模型（DEM）数据和10个地点的温度观测数据。所有分析步骤必须在GIS软件或其他相应的地理空间工
具中完成。请确保你的分析结果有足够的解释和详细的步骤记录，以供评审。

Instruction

评估理由：该指令要求使用GIS软件或其他地理空间信息工具来完成一系列复杂的地理空间分析任务，包括地形分析、水文分
析、空间插值以及结果的展示与分析。大语言模型无法直接操作GIS软件或其他地理空间信息工具来导入数据、生成图表、执
行空间分析或创建报告。此外，这些任务通常需要图形界面的交互、实时数据处理和分析，以及对地理空间数据的直接操作，
这些都超出了大语言模型的能力范围。因此，根据大语言模型的局限性，它无法完成这一系列要求的操作。

评估结果：不合理。

GPT-4 Assessment Evaluation Rationale: The instruction requires the use of GIS software or other geospatial tools to carry out a series of complex spatial 

analysis tasks, including terrain analysis, hydrological analysis, spatial interpolation, and the visualization and interpretation of results. 

Large language models are not capable of directly operating GIS software or other geospatial tools to import data, generate maps, perform 

spatial analysis, or create reports. These tasks typically involve interactions through graphical user interfaces, real-time data processing 

and analysis, and direct manipulation of geospatial datasets—all of which are beyond the capabilities of a large language model. 

Therefore, due to these inherent limitations, the model is unable to complete the required operations.

Evaluation Result: Unreasonable.

Please use GIS software or other geospatial tools to complete the following tasks:

1. **Terrain Analysis**:

   - First, import the provided Digital Elevation Model (DEM) data.

   - Using the DEM data, generate a slope map and an elevation map of the study area. Make sure the maps clearly indicate the 

distribution of elevation and slope levels.

2. **Hydrological Analysis**:

   - Based on the DEM data, use hydrological analysis tools to identify and map the main watershed boundaries and river networks within 

the study area.

   - Calculate the flow length of the main rivers and the area of the watershed.

3. **Spatial Interpolation**:

   - Assume you have temperature observations from 10 different locations (coordinates and corresponding temperature values will be 

provided).

   - Apply spatial interpolation techniques to create a temperature distribution map covering the entire study area.

4. **Results Visualization and Analysis**:

   - Overlay the slope map, elevation map, watershed boundaries, river network, and temperature distribution map to analyze how 

topography influences temperature distribution.

   - Prepare a report summarizing the methods, steps, and techniques used in the terrain analysis, hydrological analysis, and spatial 

interpolation. The report should also describe any challenges encountered and how they were addressed.

The provided data include the DEM and temperature observations from 10 locations. All analysis must be conducted using GIS software 

or other appropriate geospatial tools. Be sure to include detailed documentation and sufficient explanations of your results for evaluation 

purposes.

Figure 11: A representative example from the sampled set in which GPT-4 correctly recognizes the instruction as
exceeding the capabilities of LLMs. The figure includes both the instruction and GPT-4’s corresponding assessment.
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Model Name #Parameters Model Type

gpt-4-0125-preview N/A N/A
DeepSeek-V2 236B (21B) MoE
Baichuan-13B-Chat 13B Dense
Baichuan2-7B-Chat 7B Dense
Baichuan2-13B-Chat 13B Dense
Qwen1.5-0.5B-Chat 0.5B Dense
Qwen1.5-1.8B-Chat 1.8B Dense
Qwen1.5-4B-Chat 4B Dense
Qwen1.5-7B-Chat 7B Dense
Qwen1.5-14B-Chat 14B Dense
Qwen1.5-32B-Chat 32B Dense
Qwen1.5-72B-Chat 72B Dense
Qwen1.5-110B-Chat 110B Dense
Qwen1.5-MoE-A2.7B-Chat 14B (3B) MoE
Qwen2-0.5B-Instruct 0.5B Dense
Qwen2-1.5B-Instruct 1.5B Dense
Qwen2-7B-Instruct 7B Dense
Qwen2-72B-Instruct 72B Dense
Qwen2-57B-A14B-Instruct 57B (14B) MoE
Yi-6B-Chat 6B Dense
Yi-34B-Chat 34B Dense
Yi-1.5-6B-Chat 6B Dense
Yi-1.5-9B-Chat 9B Dense
Yi-1.5-34B-Chat 34B Dense
Llama-3-8B-Instruct 8B Dense
Llama-3-70B-Instruct 70B Dense
Llama-3.1-8B-Instruct 8B Dense
Llama-3.1-70B-Instruct 70B Dense
gemma-2b-it 2B Dense
gemma-7b-it 7B Dense
gemma-1.1-2b-it 2B Dense
gemma-1.1-7b-it 7B Dense
gemma-2-2b-it 2B Dense
gemma-2-9b-it 9B Dense
gemma-2-27b-it 27B Dense
Mistral-7B-Instruct-v0.3 7B Dense
Mistral-Large-Instruct-2407 123B Dense
Mistral-Nemo-Instruct-2407 12B Dense
Mixtral-8x22B-Instruct-v0.1 141B (39B) MoE
Mixtral-8x7B-Instruct-v0.1 47B (13B) MoE
c4ai-command-r-v01 35B Dense
c4ai-command-r-plus 104B Dense
aya-23-8B 8B Dense
aya-23-35B 35B Dense
chatglm3-6b 6B Dense
glm-4-9b-chat 9B Dense
AquilaChat-7B 7B Dense
AquilaChat2-7B 7B Dense
AquilaChat2-34B 34B Dense
dbrx-instruct 132B (36B) MoE
internlm-chat-7b 7B Dense
internlm-chat-20b 20B Dense
internlm2-chat-1_8b 1.8B Dense
internlm2-chat-7b 7B Dense
internlm2-chat-20b 20B Dense
internlm2_5-1_8b-chat 1.8B Dense
internlm2_5-7b-chat 7B Dense
internlm2_5-20b-chat 20B Dense
MiniCPM-2B-dpo-bf16 2B Dense
MiniCPM-2B-sft-bf16 2B Dense
MiniCPM-1B-sft-bf16 1B Dense
Orion-14B-Chat 14B Dense
XVERSE-7B-Chat 7B Dense
XVERSE-13B-Chat 13B Dense
XVERSE-65B-Chat 65B Dense

Table 5: Model architectures and parameter counts of LLMs employed in response generation. Parameter counts
enclosed in parentheses represent the number of activated parameters for MoE LLMs.
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Model Dataset

AlignBench MT-Bench-zh

GPT-4o DeepSeek-V3
GPT-4o DeepSeek-V3Reasoning Language Overall Reasoning Language Overall

Qwen2.5-3B-SFT-Open

Huozi-RLHF (Huozi-Team, 2024) 4.13 4.88 4.51 4.44 5.36 4.90 5.25 5.20
Chinese-DPO-Pairs 5.12 5.98 5.55 4.53 5.52 5.02 5.99 5.71
TaP (GPT-4) 5.20 6.11 5.66 4.71 5.62 5.17 5.80 5.68

Qwen2.5-3B-SFT-TaP

Huozi-RLHF (Huozi-Team, 2024) 4.61 5.27 4.94 4.62 5.55 5.08 5.86 5.76
Chinese-DPO-Pairs 4.88 5.51 5.20 5.07 5.77 5.42 6.08 5.79
TaP (GPT-4) 5.69 6.27 5.98 4.98 5.68 5.33 6.00 5.81

Qwen2.5-7B-SFT-Open

Huozi-RLHF (Huozi-Team, 2024) 4.71 5.56 5.13 4.46 5.43 4.95 5.21 5.19
Chinese-DPO-Pairs 4.41 5.33 4.87 4.31 5.52 4.91 5.23 5.14
TaP (GPT-4) 4.94 5.81 5.38 4.64 5.41 5.03 5.39 5.49

Qwen2.5-7B-SFT-TaP

Huozi-RLHF (Huozi-Team, 2024) 6.24 6.44 6.34 5.67 5.98 5.82 6.25 6.19
Chinese-DPO-Pairs 5.79 6.02 5.90 5.89 6.04 5.97 6.35 6.31
TaP (GPT-4) 6.29 6.62 6.46 5.73 6.15 5.94 6.36 6.38

Llama-3.1-8B-SFT-Open

Huozi-RLHF (Huozi-Team, 2024) 3.72 5.27 4.50 3.41 4.97 4.19 4.93 4.89
Chinese-DPO-Pairs 2.79 4.52 3.66 3.10 5.03 4.06 4.75 4.93
TaP (GPT-4) 3.78 5.57 4.68 3.33 5.28 4.30 5.14 4.94

Llama-3.1-8B-SFT-TaP

Huozi-RLHF (Huozi-Team, 2024) 3.94 5.25 4.60 3.61 4.86 4.24 5.25 5.04
Chinese-DPO-Pairs 3.72 5.09 4.40 3.30 4.89 4.09 5.21 5.04
TaP (GPT-4) 4.04 5.59 4.81 3.43 4.94 4.18 5.46 5.28

Gemma-2-9B-SFT-Open

Huozi-RLHF (Huozi-Team, 2024) 3.75 4.75 4.25 3.81 5.14 4.47 4.87 4.85
Chinese-DPO-Pairs 4.05 5.48 4.77 3.73 5.25 4.49 5.03 4.99
TaP (GPT-4) 4.49 5.89 5.19 3.96 5.55 4.75 5.52 5.50

Gemma-2-9B-SFT-TaP

Huozi-RLHF (Huozi-Team, 2024) 3.85 5.20 4.53 3.56 4.96 4.26 5.27 5.11
Chinese-DPO-Pairs 4.14 5.32 4.73 3.55 4.91 4.23 5.45 5.18
TaP (GPT-4) 4.42 5.58 5.00 3.91 5.23 4.57 5.63 5.26

Qwen2.5-14B-SFT-Open

Huozi-RLHF (Huozi-Team, 2024) 5.61 5.90 5.75 5.69 5.93 5.81 5.78 5.78
Chinese-DPO-Pairs 6.05 6.30 6.18 5.85 6.17 6.01 5.86 5.78
TaP (GPT-4) 6.53 6.49 6.51 6.02 6.16 6.09 6.32 6.21

Qwen2.5-14B-SFT-TaP

Huozi-RLHF (Huozi-Team, 2024) 6.61 6.50 6.55 6.42 6.34 6.38 6.41 6.51
Chinese-DPO-Pairs 6.37 6.40 6.38 6.48 6.59 6.53 6.83 6.46
TaP (GPT-4) 7.42 7.12 7.27 6.84 6.50 6.67 6.58 6.43

Table 6: Performance comparison of LLMs trained with PPO using different datasets on AlignBench and MT-Bench-
zh. The model names include two possible suffixes: “Open” and “TaP.” The “Open” suffix indicates that the LLMs
were initialized from models trained via supervised fine-tuning on open-source datasets, whereas “TaP” denotes
initialization from models trained on a dataset constructed by TaP. Additionally, “GPT-4o” and “DeepSeek-V3”
specify that responses were evaluated using GPT-4o and DeepSeek-V3, respectively.
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Model Dataset
GPT-4o DeepSeek-V3

First turn Second turn Average First turn Second turn Average

Qwen2.5-3B

Firefly 5.73 3.10 4.41 5.88 3.03 4.45
Alpaca-GPT-4-ZH (Peng et al., 2023) 6.29 3.36 4.83 6.39 2.98 4.68
COIG (Zhang et al., 2023a) 4.18 2.53 3.35 4.56 2.31 3.44
MOSS-SFT (Sun et al., 2024) 6.31 3.00 4.66 6.01 2.74 4.38
COIG-CQIA (Bai et al., 2024) 5.99 2.95 4.47 6.01 2.69 4.35
Infinity-Instruct 6.61 3.18 4.89 6.46 2.90 4.68
BELLE-SFT (BELLEGroup, 2023) 6.11 3.18 4.65 6.04 2.94 4.49
TaP-SFT (GPT-4) 7.63 3.96 5.79 7.36 3.69 5.53
TaP-SFT (DeepSeek-V2) 7.56 3.78 5.67 7.59 3.61 5.60

Qwen2.5-7B

Firefly 5.75 3.10 4.43 6.09 2.85 4.47
Alpaca-GPT-4-ZH (Peng et al., 2023) 6.64 3.40 5.02 6.54 3.24 4.89
COIG (Zhang et al., 2023a) 4.40 2.55 3.48 4.86 2.46 3.66
MOSS-SFT (Sun et al., 2024) 6.94 3.18 5.06 6.95 2.85 4.90
COIG-CQIA (Bai et al., 2024) 6.50 2.96 4.73 6.49 2.54 4.51
Infinity-Instruct 6.61 3.31 4.96 6.96 2.94 4.95
BELLE-SFT (BELLEGroup, 2023) 6.36 3.50 4.93 6.44 3.23 4.83
TaP-SFT (GPT-4) 8.01 4.30 6.16 8.16 3.81 5.99
TaP-SFT (DeepSeek-V2) 8.39 3.81 6.10 8.49 3.45 5.97

Llama-3.1-8B

Firefly 4.79 2.65 3.72 4.94 2.44 3.69
Alpaca-GPT-4-ZH (Peng et al., 2023) 5.46 2.95 4.21 5.66 2.90 4.28
COIG (Zhang et al., 2023a) 3.39 1.98 2.68 3.63 1.86 2.74
MOSS-SFT (Sun et al., 2024) 5.28 3.15 4.21 5.35 2.76 4.06
COIG-CQIA (Bai et al., 2024) 4.36 2.26 3.32 4.66 2.03 3.34
Infinity-Instruct 6.06 3.35 4.71 6.05 3.15 4.60
BELLE-SFT (BELLEGroup, 2023) 5.98 3.27 4.63 6.30 3.18 4.74
TaP-SFT (GPT-4) 6.80 3.69 5.24 6.83 3.08 4.95
TaP-SFT (DeepSeek-V2) 6.53 3.70 5.11 6.51 3.26 4.89

Gemma-2-9B

Firefly 5.00 2.84 3.92 4.98 2.56 3.77
Alpaca-GPT-4-ZH (Peng et al., 2023) 5.56 3.21 4.39 5.51 2.66 4.09
COIG (Zhang et al., 2023a) 3.35 2.03 2.69 3.49 1.81 2.65
MOSS-SFT (Sun et al., 2024) 5.31 2.98 4.14 5.44 3.03 4.23
COIG-CQIA (Bai et al., 2024) 4.26 2.46 3.36 4.19 2.08 3.13
Infinity-Instruct 6.34 3.23 4.78 6.08 2.83 4.45
BELLE-SFT (BELLEGroup, 2023) 6.13 3.25 4.69 6.46 3.28 4.87
TaP-SFT (GPT-4) 7.03 3.71 5.37 6.89 3.16 5.03
TaP-SFT (DeepSeek-V2) 6.50 3.30 4.90 6.46 2.93 4.69

Qwen2.5-14B

Firefly 6.11 3.43 4.77 6.36 3.23 4.79
Alpaca-GPT-4-ZH (Peng et al., 2023) 7.14 3.75 5.44 7.01 3.71 5.36
COIG (Zhang et al., 2023a) 4.64 2.63 3.63 4.69 2.43 3.56
MOSS-SFT (Sun et al., 2024) 6.99 3.53 5.26 7.00 3.08 5.04
COIG-CQIA (Bai et al., 2024) 6.75 3.09 4.92 6.74 2.83 4.78
Infinity-Instruct 7.00 3.66 5.33 6.93 3.19 5.06
BELLE-SFT (BELLEGroup, 2023) 6.60 3.39 4.99 6.65 3.00 4.83
TaP-SFT (GPT-4) 8.29 4.40 6.34 8.31 4.04 6.18
TaP-SFT (DeepSeek-V2) 8.20 4.04 6.12 8.29 4.09 6.19

Table 7: Performance comparison of five LLMs on MT-Bench-zh after supervised fine-tuning with various
datasets. “GPT-4o” and “DeepSeek-V3” indicate that the responses were evaluated using GPT-4o and DeepSeek-V3,
respectively.
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https://huggingface.co/datasets/YeungNLP/firefly-train-1.1M
https://github.com/Instruction-Tuning-with-GPT-4/GPT-4-LLM/blob/main/data/alpaca_gpt4_data_zh.json
https://huggingface.co/datasets/BAAI/COIG
https://huggingface.co/datasets/fnlp/moss-003-sft-data
https://huggingface.co/datasets/m-a-p/COIG-CQIA
https://huggingface.co/datasets/BAAI/Infinity-Instruct
https://huggingface.co/datasets/BelleGroup/train_3.5M_CN
https://huggingface.co/datasets/YeungNLP/firefly-train-1.1M
https://github.com/Instruction-Tuning-with-GPT-4/GPT-4-LLM/blob/main/data/alpaca_gpt4_data_zh.json
https://huggingface.co/datasets/BAAI/COIG
https://huggingface.co/datasets/fnlp/moss-003-sft-data
https://huggingface.co/datasets/m-a-p/COIG-CQIA
https://huggingface.co/datasets/BAAI/Infinity-Instruct
https://huggingface.co/datasets/BelleGroup/train_3.5M_CN
https://huggingface.co/datasets/YeungNLP/firefly-train-1.1M
https://github.com/Instruction-Tuning-with-GPT-4/GPT-4-LLM/blob/main/data/alpaca_gpt4_data_zh.json
https://huggingface.co/datasets/BAAI/COIG
https://huggingface.co/datasets/fnlp/moss-003-sft-data
https://huggingface.co/datasets/m-a-p/COIG-CQIA
https://huggingface.co/datasets/BAAI/Infinity-Instruct
https://huggingface.co/datasets/BelleGroup/train_3.5M_CN
https://huggingface.co/datasets/YeungNLP/firefly-train-1.1M
https://github.com/Instruction-Tuning-with-GPT-4/GPT-4-LLM/blob/main/data/alpaca_gpt4_data_zh.json
https://huggingface.co/datasets/BAAI/COIG
https://huggingface.co/datasets/fnlp/moss-003-sft-data
https://huggingface.co/datasets/m-a-p/COIG-CQIA
https://huggingface.co/datasets/BAAI/Infinity-Instruct
https://huggingface.co/datasets/BelleGroup/train_3.5M_CN
https://huggingface.co/datasets/YeungNLP/firefly-train-1.1M
https://github.com/Instruction-Tuning-with-GPT-4/GPT-4-LLM/blob/main/data/alpaca_gpt4_data_zh.json
https://huggingface.co/datasets/BAAI/COIG
https://huggingface.co/datasets/fnlp/moss-003-sft-data
https://huggingface.co/datasets/m-a-p/COIG-CQIA
https://huggingface.co/datasets/BAAI/Infinity-Instruct
https://huggingface.co/datasets/BelleGroup/train_3.5M_CN


Model Dataset
GPT-4o DeepSeek-V3

First turn Second turn Average First turn Second turn Average

Qwen2.5-3B-SFT-Open

Huozi-RLHF (Huozi-Team, 2024) 6.71 3.35 5.03 6.79 3.09 4.94
Chinese-DPO-Pairs 6.53 3.56 5.04 6.66 3.24 4.95
TaP (GPT-4) 7.69 4.08 5.88 7.76 3.49 5.63

Qwen2.5-3B-SFT-TaP

Huozi-RLHF (Huozi-Team, 2024) 7.46 3.98 5.72 7.18 3.31 5.24
Chinese-DPO-Pairs 7.63 4.19 5.91 7.68 3.69 5.68
TaP (GPT-4) 7.94 4.13 6.03 7.98 3.60 5.79

Qwen2.5-7B-SFT-Open

Huozi-RLHF (Huozi-Team, 2024) 7.09 3.41 5.25 6.96 3.00 4.98
Chinese-DPO-Pairs 7.09 3.36 5.23 7.26 3.20 5.23
TaP (GPT-4) 7.54 3.55 5.54 7.59 3.18 5.38

Qwen2.5-7B-SFT-TaP

Huozi-RLHF (Huozi-Team, 2024) 8.10 4.10 6.10 7.99 3.71 5.85
Chinese-DPO-Pairs 8.04 4.29 6.16 8.24 3.73 5.98
TaP (GPT-4) 8.15 4.58 6.36 8.23 4.00 6.11

Llama-3.1-8B-SFT-Open

Huozi-RLHF (Huozi-Team, 2024) 6.34 3.36 4.85 6.38 2.78 4.58
Chinese-DPO-Pairs 6.51 3.38 4.94 6.50 3.25 4.88
TaP (GPT-4) 7.11 3.70 5.41 7.11 3.16 5.14

Llama-3.1-8B-SFT-TaP

Huozi-RLHF (Huozi-Team, 2024) 6.81 3.56 5.19 6.59 3.09 4.84
Chinese-DPO-Pairs 6.85 3.75 5.30 6.69 2.99 4.84
TaP (GPT-4) 6.99 4.20 5.59 7.00 3.31 5.16

Gemma-2-9B-SFT-Open

Huozi-RLHF (Huozi-Team, 2024) 6.21 3.33 4.77 6.14 3.10 4.62
Chinese-DPO-Pairs 6.43 3.40 4.91 6.65 3.04 4.84
TaP (GPT-4) 7.29 3.79 5.54 7.29 3.18 5.23

Gemma-2-9B-SFT-TaP

Huozi-RLHF (Huozi-Team, 2024) 6.95 3.84 5.39 6.81 3.21 5.01
Chinese-DPO-Pairs 7.00 4.09 5.54 7.00 3.40 5.20
TaP (GPT-4) 7.44 4.13 5.78 7.49 3.16 5.33

Qwen2.5-14B-SFT-Open

Huozi-RLHF (Huozi-Team, 2024) 7.16 3.66 5.41 7.50 3.46 5.48
Chinese-DPO-Pairs 7.36 3.71 5.54 7.64 3.53 5.58
TaP (GPT-4) 7.64 4.05 5.84 7.81 3.96 5.89

Qwen2.5-14B-SFT-TaP

Huozi-RLHF (Huozi-Team, 2024) 8.21 4.29 6.25 8.30 3.93 6.11
Chinese-DPO-Pairs 8.31 4.38 6.34 8.33 3.95 6.14
TaP (GPT-4) 8.50 4.83 6.66 8.54 4.16 6.35

Table 8: Performance comparison of LLMs trained with DPO using different datasets on MT-Bench-zh. The model
names include two possible suffixes: “Open” and “TaP.” The “Open” suffix indicates that the LLMs were initialized
from models trained via supervised fine-tuning on open-source datasets, whereas “TaP” denotes initialization from
models trained on a dataset constructed by TaP. Additionally, “GPT-4o” and “DeepSeek-V3” specify that responses
were evaluated using GPT-4o and DeepSeek-V3, respectively.
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https://github.com/HIT-SCIR/huozi/tree/main/data/huozi-rlhf
https://huggingface.co/datasets/wenbopan/Chinese-dpo-pairs
https://github.com/HIT-SCIR/huozi/tree/main/data/huozi-rlhf
https://huggingface.co/datasets/wenbopan/Chinese-dpo-pairs
https://github.com/HIT-SCIR/huozi/tree/main/data/huozi-rlhf
https://huggingface.co/datasets/wenbopan/Chinese-dpo-pairs
https://github.com/HIT-SCIR/huozi/tree/main/data/huozi-rlhf
https://huggingface.co/datasets/wenbopan/Chinese-dpo-pairs
https://github.com/HIT-SCIR/huozi/tree/main/data/huozi-rlhf
https://huggingface.co/datasets/wenbopan/Chinese-dpo-pairs
https://github.com/HIT-SCIR/huozi/tree/main/data/huozi-rlhf
https://huggingface.co/datasets/wenbopan/Chinese-dpo-pairs
https://github.com/HIT-SCIR/huozi/tree/main/data/huozi-rlhf
https://huggingface.co/datasets/wenbopan/Chinese-dpo-pairs
https://github.com/HIT-SCIR/huozi/tree/main/data/huozi-rlhf
https://huggingface.co/datasets/wenbopan/Chinese-dpo-pairs
https://github.com/HIT-SCIR/huozi/tree/main/data/huozi-rlhf
https://huggingface.co/datasets/wenbopan/Chinese-dpo-pairs
https://github.com/HIT-SCIR/huozi/tree/main/data/huozi-rlhf
https://huggingface.co/datasets/wenbopan/Chinese-dpo-pairs


Model Dataset
GPT-4o DeepSeek-V3

First turn Second turn Average First turn Second turn Average

Qwen2.5-3B-SFT-Open

Huozi-RLHF (Huozi-Team, 2024) 6.86 3.64 5.25 6.91 3.49 5.20
Chinese-DPO-Pairs 7.86 4.13 5.99 7.78 3.65 5.71
TaP (GPT-4) 7.84 3.76 5.80 7.70 3.66 5.68

Qwen2.5-3B-SFT-TaP

Huozi-RLHF (Huozi-Team, 2024) 7.51 4.21 5.86 7.65 3.86 5.76
Chinese-DPO-Pairs 7.55 4.60 6.08 7.79 3.80 5.79
TaP (GPT-4) 7.80 4.20 6.00 7.99 3.64 5.81

Qwen2.5-7B-SFT-Open

Huozi-RLHF (Huozi-Team, 2024) 7.05 3.36 5.21 7.21 3.18 5.19
Chinese-DPO-Pairs 7.10 3.36 5.23 7.03 3.25 5.14
TaP (GPT-4) 7.31 3.46 5.39 7.56 3.41 5.49

Qwen2.5-7B-SFT-TaP

Huozi-RLHF (Huozi-Team, 2024) 8.15 4.35 6.25 8.35 4.03 6.19
Chinese-DPO-Pairs 8.36 4.34 6.35 8.45 4.18 6.31
TaP (GPT-4) 8.54 4.19 6.36 8.55 4.21 6.38

Llama-3.1-8B-SFT-Open

Huozi-RLHF (Huozi-Team, 2024) 6.34 3.53 4.93 6.46 3.33 4.89
Chinese-DPO-Pairs 6.25 3.24 4.75 6.64 3.21 4.93
TaP (GPT-4) 6.88 3.41 5.14 6.79 3.10 4.94

Llama-3.1-8B-SFT-TaP

Huozi-RLHF (Huozi-Team, 2024) 6.61 3.89 5.25 6.85 3.24 5.04
Chinese-DPO-Pairs 6.79 3.63 5.21 7.01 3.08 5.04
TaP (GPT-4) 6.94 3.99 5.46 6.99 3.58 5.28

Gemma-2-9B-SFT-Open

Huozi-RLHF (Huozi-Team, 2024) 6.41 3.33 4.87 6.49 3.21 4.85
Chinese-DPO-Pairs 6.58 3.48 5.03 6.64 3.34 4.99
TaP (GPT-4) 7.49 3.55 5.52 7.53 3.48 5.50

Gemma-2-9B-SFT-TaP

Huozi-RLHF (Huozi-Team, 2024) 6.85 3.69 5.27 7.05 3.16 5.11
Chinese-DPO-Pairs 6.93 3.98 5.45 7.04 3.33 5.18
TaP (GPT-4) 7.25 4.01 5.63 7.29 3.23 5.26

Qwen2.5-14B-SFT-Open

Huozi-RLHF (Huozi-Team, 2024) 7.59 3.98 5.78 7.80 3.76 5.78
Chinese-DPO-Pairs 7.80 3.93 5.86 7.81 3.74 5.78
TaP (GPT-4) 8.19 4.45 6.32 8.29 4.14 6.21

Qwen2.5-14B-SFT-TaP

Huozi-RLHF (Huozi-Team, 2024) 8.29 4.54 6.41 8.60 4.43 6.51
Chinese-DPO-Pairs 8.86 4.80 6.83 8.75 4.16 6.46
TaP (GPT-4) 8.50 4.66 6.58 8.83 4.04 6.43

Table 9: Performance comparison of LLMs trained with PPO using different datasets on MT-Bench-zh. The model
names include two possible suffixes: “Open” and “TaP.” The “Open” suffix indicates that the LLMs were initialized
from models trained via supervised fine-tuning on open-source datasets, whereas “TaP” denotes initialization from
models trained on a dataset constructed by TaP. Additionally, “GPT-4o” and “DeepSeek-V3” specify that responses
were evaluated using GPT-4o and DeepSeek-V3, respectively.
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https://github.com/HIT-SCIR/huozi/tree/main/data/huozi-rlhf
https://huggingface.co/datasets/wenbopan/Chinese-dpo-pairs
https://github.com/HIT-SCIR/huozi/tree/main/data/huozi-rlhf
https://huggingface.co/datasets/wenbopan/Chinese-dpo-pairs
https://github.com/HIT-SCIR/huozi/tree/main/data/huozi-rlhf
https://huggingface.co/datasets/wenbopan/Chinese-dpo-pairs
https://github.com/HIT-SCIR/huozi/tree/main/data/huozi-rlhf
https://huggingface.co/datasets/wenbopan/Chinese-dpo-pairs
https://github.com/HIT-SCIR/huozi/tree/main/data/huozi-rlhf
https://huggingface.co/datasets/wenbopan/Chinese-dpo-pairs
https://github.com/HIT-SCIR/huozi/tree/main/data/huozi-rlhf
https://huggingface.co/datasets/wenbopan/Chinese-dpo-pairs
https://github.com/HIT-SCIR/huozi/tree/main/data/huozi-rlhf
https://huggingface.co/datasets/wenbopan/Chinese-dpo-pairs
https://github.com/HIT-SCIR/huozi/tree/main/data/huozi-rlhf
https://huggingface.co/datasets/wenbopan/Chinese-dpo-pairs
https://github.com/HIT-SCIR/huozi/tree/main/data/huozi-rlhf
https://huggingface.co/datasets/wenbopan/Chinese-dpo-pairs
https://github.com/HIT-SCIR/huozi/tree/main/data/huozi-rlhf
https://huggingface.co/datasets/wenbopan/Chinese-dpo-pairs


Model Dataset
Reasoning Language

OverallMath. Logi. Avg. Pro. Chi. Fund. Writ. Open. Role. Avg.

Qwen2.5-3B

Firefly 3.59 2.86 3.22 4.56 4.60 4.07 4.80 3.79 4.19 4.34 3.78
Alpaca-GPT-4-ZH (Peng et al., 2023) 4.67 3.65 4.16 4.86 4.61 4.84 4.77 5.42 4.69 4.87 4.51
COIG (Zhang et al., 2023a) 2.96 2.49 2.73 4.02 4.44 3.68 3.84 4.61 4.16 4.12 3.42
MOSS-SFT (Sun et al., 2024) 4.30 3.34 3.82 4.96 4.60 4.99 4.99 5.11 5.09 4.96 4.39
COIG-CQIA (Bai et al., 2024) 3.79 3.42 3.61 4.15 4.28 4.51 4.57 4.21 4.56 4.38 3.99
Infinity-Instruct 4.56 3.48 4.02 5.10 4.52 4.74 5.44 5.26 5.63 5.11 4.57
BELLE-SFT (BELLEGroup, 2023) 4.60 3.16 3.88 5.00 4.76 4.97 5.28 5.34 5.28 5.11 4.49
TGPDG-SFT (GPT-4) 5.92 4.05 4.99 5.59 5.50 5.26 6.28 6.39 6.07 5.85 5.42
TGPDG-SFT (DeepSeek-V2) 6.03 4.48 5.25 5.48 5.43 5.25 5.92 6.13 5.70 5.65 5.45

Qwen2.5-7B

Firefly 3.66 3.24 3.45 4.72 4.31 4.97 5.07 3.84 4.78 4.61 4.03
Alpaca-GPT-4-ZH (Peng et al., 2023) 5.49 4.30 4.90 5.50 5.21 5.44 5.24 5.13 5.34 5.31 5.10
COIG (Zhang et al., 2023a) 3.04 2.61 2.82 4.65 4.68 4.10 4.01 4.55 4.45 4.41 3.62
MOSS-SFT (Sun et al., 2024) 5.10 4.32 4.71 5.46 4.78 4.87 5.35 5.68 5.41 5.26 4.98
COIG-CQIA (Bai et al., 2024) 5.26 4.17 4.72 5.10 5.35 5.07 5.15 5.13 4.96 5.13 4.92
Infinity-Instruct 5.44 4.40 4.92 5.37 5.16 5.69 5.89 5.74 5.96 5.63 5.28
BELLE-SFT (BELLEGroup, 2023) 5.07 3.57 4.32 5.37 4.91 5.56 5.49 5.68 5.61 5.44 4.88
TGPDG-SFT (GPT-4) 7.42 5.83 6.62 6.37 5.78 5.93 6.41 6.82 6.30 6.27 6.45
TGPDG-SFT (DeepSeek-V2) 7.08 5.41 6.25 5.57 5.95 5.76 6.28 6.76 6.10 6.07 6.16

Llama-3.1-8B

Firefly 2.41 2.38 2.40 3.87 3.86 3.97 4.53 3.53 4.09 3.97 3.19
Alpaca-GPT-4-ZH (Peng et al., 2023) 2.50 3.04 2.77 4.12 3.84 4.09 4.67 4.37 4.59 4.28 3.53
COIG (Zhang et al., 2023a) 1.73 1.85 1.79 2.96 2.53 2.90 2.79 3.32 3.37 2.98 2.38
MOSS-SFT (Sun et al., 2024) 2.63 3.05 2.84 4.23 3.66 4.34 4.62 4.97 4.66 4.41 3.63
COIG-CQIA (Bai et al., 2024) 2.30 2.78 2.54 3.45 3.28 3.41 3.49 3.95 3.86 3.57 3.06
Infinity-Instruct 3.23 3.07 3.15 4.76 4.21 4.79 5.68 5.42 5.57 5.07 4.11
BELLE-SFT (BELLEGroup, 2023) 3.57 3.38 3.47 4.92 4.24 4.81 5.31 5.55 5.48 5.05 4.26
TGPDG-SFT (GPT-4) 3.83 3.90 3.87 4.90 3.83 4.85 5.52 6.05 5.71 5.14 4.50
TGPDG-SFT (DeepSeek-V2) 3.48 3.73 3.61 3.98 3.64 4.60 5.41 5.58 5.28 4.75 4.18

Gemma-2-9B

Firefly 2.21 2.50 2.36 3.69 3.69 4.19 4.61 3.32 4.21 3.95 3.15
Alpaca-GPT-4-ZH (Peng et al., 2023) 3.18 3.16 3.17 4.32 3.36 4.18 4.40 4.47 4.59 4.22 3.70
COIG (Zhang et al., 2023a) 1.47 1.92 1.70 2.94 2.38 2.40 2.56 3.26 3.30 2.81 2.25
MOSS-SFT (Sun et al., 2024) 2.72 2.96 2.84 4.00 3.38 3.89 4.55 5.16 4.30 4.21 3.53
COIG-CQIA (Bai et al., 2024) 2.55 2.83 2.69 3.25 3.03 3.76 3.53 3.87 4.05 3.58 3.14
Infinity-Instruct 3.92 3.52 3.72 5.06 4.19 5.12 5.47 5.61 5.83 5.21 4.47
BELLE-SFT (BELLEGroup, 2023) 3.97 3.47 3.72 5.11 4.33 5.26 5.36 5.53 5.34 5.16 4.44
TGPDG-SFT (GPT-4) 4.50 3.71 4.10 5.07 3.84 5.00 5.41 5.79 5.91 5.17 4.64
TGPDG-SFT (DeepSeek-V2) 4.26 3.66 3.96 4.52 4.00 4.87 5.37 5.37 5.25 4.90 4.43

Qwen2.5-14B

Firefly 4.21 3.66 3.94 4.87 5.33 5.49 4.97 4.18 4.82 4.94 4.44
Alpaca-GPT-4-ZH (Peng et al., 2023) 6.14 5.13 5.64 5.94 5.53 6.12 5.37 5.84 5.59 5.73 5.68
COIG (Zhang et al., 2023a) 3.21 3.39 3.30 4.92 5.04 4.94 4.43 5.18 4.55 4.84 4.07
MOSS-SFT (Sun et al., 2024) 5.30 5.20 5.25 5.57 5.05 5.75 5.75 5.74 5.66 5.59 5.42
COIG-CQIA (Bai et al., 2024) 5.55 4.73 5.14 5.44 5.36 5.52 5.25 4.97 5.04 5.27 5.20
Infinity-Instruct 5.96 4.55 5.26 5.86 5.37 6.03 6.19 6.03 6.16 5.94 5.60
BELLE-SFT (BELLEGroup, 2023) 4.93 4.47 4.70 5.51 5.33 6.12 5.59 5.95 5.72 5.70 5.20
TGPDG-SFT (GPT-4) 7.50 6.02 6.76 6.87 5.76 6.54 6.65 6.71 6.53 6.51 6.64
TGPDG-SFT (DeepSeek-V2) 7.21 5.47 6.34 5.99 5.57 6.07 5.87 6.16 5.85 5.92 6.13

Table 10: Performance comparison of five LLMs on Alignbench after supervised fine-tuning with various datasets.
The evaluation is conducted using GPT-4o, which scores the models’ responses. The “Fund.” column denotes
Fundamental Language Ability, “Chi.” denotes Advanced Chinese Understanding, “Open.” denotes Open-ended
Questions, “Writ.” denotes Writing Ability, “Role.” denotes Task-oriented Role Play, “Pro” denotes “Professional
Knowledge”, “Math.” denotes Mathematics, and “Logic.” denotes Logical Reasoning.
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https://huggingface.co/datasets/YeungNLP/firefly-train-1.1M
https://github.com/Instruction-Tuning-with-GPT-4/GPT-4-LLM/blob/main/data/alpaca_gpt4_data_zh.json
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https://huggingface.co/datasets/BelleGroup/train_3.5M_CN
https://huggingface.co/datasets/YeungNLP/firefly-train-1.1M
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https://huggingface.co/datasets/BelleGroup/train_3.5M_CN
https://huggingface.co/datasets/YeungNLP/firefly-train-1.1M
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https://huggingface.co/datasets/BAAI/COIG
https://huggingface.co/datasets/fnlp/moss-003-sft-data
https://huggingface.co/datasets/m-a-p/COIG-CQIA
https://huggingface.co/datasets/BAAI/Infinity-Instruct
https://huggingface.co/datasets/BelleGroup/train_3.5M_CN
https://huggingface.co/datasets/YeungNLP/firefly-train-1.1M
https://github.com/Instruction-Tuning-with-GPT-4/GPT-4-LLM/blob/main/data/alpaca_gpt4_data_zh.json
https://huggingface.co/datasets/BAAI/COIG
https://huggingface.co/datasets/fnlp/moss-003-sft-data
https://huggingface.co/datasets/m-a-p/COIG-CQIA
https://huggingface.co/datasets/BAAI/Infinity-Instruct
https://huggingface.co/datasets/BelleGroup/train_3.5M_CN
https://huggingface.co/datasets/YeungNLP/firefly-train-1.1M
https://github.com/Instruction-Tuning-with-GPT-4/GPT-4-LLM/blob/main/data/alpaca_gpt4_data_zh.json
https://huggingface.co/datasets/BAAI/COIG
https://huggingface.co/datasets/fnlp/moss-003-sft-data
https://huggingface.co/datasets/m-a-p/COIG-CQIA
https://huggingface.co/datasets/BAAI/Infinity-Instruct
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Model Dataset
Reasoning Language

OverallMath. Logi. Avg. Pro. Chi. Fund. Writ. Open. Role. Avg.

Qwen2.5-3B

Firefly 3.84 2.92 3.38 4.31 4.50 4.21 4.61 4.08 4.49 4.37 3.87
Alpaca-GPT-4-ZH (Peng et al., 2023) 4.53 3.45 3.99 4.54 4.21 4.70 4.77 5.24 5.03 4.75 4.37
COIG (Zhang et al., 2023a) 2.87 2.80 2.84 3.82 3.84 3.76 3.65 4.79 4.30 4.03 3.43
MOSS-SFT (Sun et al., 2024) 4.24 3.22 3.73 4.78 4.24 4.66 5.00 5.13 5.09 4.82 4.27
COIG-CQIA (Bai et al., 2024) 3.81 3.49 3.65 3.99 4.12 4.43 4.41 4.42 4.51 4.31 3.98
Infinity-Instruct 4.45 3.38 3.91 5.01 3.93 4.50 5.45 5.16 5.45 4.92 4.41
BELLE-SFT (BELLEGroup, 2023) 4.29 3.34 3.82 4.73 4.28 4.76 5.37 5.47 5.35 4.99 4.41
TaP-SFT (GPT-4) 5.41 3.74 4.57 5.24 4.93 5.19 5.67 5.89 5.82 5.46 5.02
TaP-SFT (DeepSeek-V2) 5.58 4.20 4.89 5.15 4.86 4.90 5.75 5.84 5.82 5.39 5.14

Qwen2.5-7B

Firefly 3.91 3.34 3.62 4.67 4.41 5.00 4.92 3.95 4.89 4.64 4.13
Alpaca-GPT-4-ZH (Peng et al., 2023) 5.07 3.99 4.53 5.35 4.60 5.31 5.11 5.11 5.35 5.14 4.83
COIG (Zhang et al., 2023a) 3.35 2.87 3.11 4.57 4.24 4.13 3.87 4.79 4.70 4.38 3.75
MOSS-SFT (Sun et al., 2024) 5.09 4.01 4.55 5.30 4.47 4.85 5.16 5.76 5.50 5.17 4.86
COIG-CQIA (Bai et al., 2024) 5.12 3.90 4.51 4.98 5.09 4.81 4.96 5.26 5.01 5.02 4.76
Infinity-Instruct 4.99 4.41 4.70 5.22 5.00 5.71 5.67 5.79 5.87 5.54 5.12
BELLE-SFT (BELLEGroup, 2023) 4.73 3.59 4.16 5.10 4.74 5.59 5.37 5.68 5.64 5.35 4.76
TaP-SFT (GPT-4) 6.84 5.36 6.10 6.06 5.14 5.58 6.04 6.05 6.09 5.83 5.96
TaP-SFT (DeepSeek-V2) 6.63 4.91 5.77 5.97 5.53 5.76 6.07 6.11 6.13 5.93 5.85

Llama-3.1-8B

Firefly 2.30 2.50 2.40 3.90 3.76 4.09 4.71 3.79 4.21 4.07 3.24
Alpaca-GPT-4-ZH (Peng et al., 2023) 2.35 2.93 2.64 3.95 3.50 3.88 4.49 4.34 4.56 4.12 3.38
COIG (Zhang et al., 2023a) 1.68 2.08 1.88 3.01 2.38 2.78 2.84 3.71 3.52 3.04 2.46
MOSS-SFT (Sun et al., 2024) 2.51 2.87 2.69 4.10 3.09 4.04 4.57 5.37 4.74 4.32 3.50
COIG-CQIA (Bai et al., 2024) 2.24 2.53 2.39 3.40 2.93 3.43 3.45 4.18 3.97 3.56 2.97
Infinity-Instruct 2.88 3.14 3.01 4.71 4.24 4.38 5.48 5.26 5.60 4.95 3.98
BELLE-SFT (BELLEGroup, 2023) 3.06 3.41 3.24 4.78 3.97 4.62 5.04 5.55 5.34 4.88 4.06
TaP-SFT (GPT-4) 3.31 3.48 3.40 4.73 3.14 4.46 5.32 5.34 5.37 4.73 4.06
TaP-SFT (DeepSeek-V2) 3.44 3.50 3.47 4.40 3.12 4.49 5.09 5.21 5.34 4.61 4.04

Gemma-2-9B

Firefly 2.29 2.59 2.44 3.81 3.64 4.24 4.77 3.53 4.40 4.06 3.25
Alpaca-GPT-4-ZH (Peng et al., 2023) 3.18 3.21 3.19 4.24 2.76 4.25 4.47 4.74 4.59 4.17 3.68
COIG (Zhang et al., 2023a) 1.64 2.26 1.95 2.90 1.95 2.46 2.56 3.42 3.53 2.80 2.38
MOSS-SFT (Sun et al., 2024) 2.62 2.85 2.73 3.94 3.02 3.70 4.53 5.50 4.46 4.19 3.46
COIG-CQIA (Bai et al., 2024) 2.49 2.79 2.64 3.26 2.74 3.75 3.45 4.00 4.14 3.56 3.10
Infinity-Instruct 3.64 3.50 3.57 4.77 3.79 4.88 5.33 5.29 5.85 4.99 4.28
BELLE-SFT (BELLEGroup, 2023) 3.80 3.57 3.68 4.96 4.12 4.99 5.25 5.53 5.55 5.07 4.37
TaP-SFT (GPT-4) 4.00 3.20 3.60 4.84 3.33 4.76 5.25 5.26 5.81 4.88 4.24
TaP-SFT (DeepSeek-V2) 3.84 3.38 3.61 4.51 3.16 4.60 5.08 5.03 5.13 4.58 4.10

Qwen2.5-14B

Firefly 4.40 3.79 4.10 4.81 5.10 5.06 5.13 4.26 4.97 4.89 4.49
Alpaca-GPT-4-ZH (Peng et al., 2023) 5.89 4.79 5.34 5.77 5.41 5.88 5.36 6.05 5.90 5.73 5.54
COIG (Zhang et al., 2023a) 3.50 3.25 3.38 4.91 4.62 4.95 4.41 5.61 4.68 4.86 4.12
MOSS-SFT (Sun et al., 2024) 5.03 4.89 4.96 5.47 4.79 5.15 5.71 5.89 5.89 5.48 5.22
COIG-CQIA (Bai et al., 2024) 5.40 4.47 4.94 5.48 5.00 5.55 5.17 5.13 5.21 5.26 5.10
Infinity-Instruct 5.71 4.61 5.16 5.81 5.09 6.09 6.01 5.71 6.12 5.81 5.48
BELLE-SFT (BELLEGroup, 2023) 4.72 4.37 4.55 5.56 4.74 6.13 5.55 5.89 5.78 5.61 5.08
TaP-SFT (GPT-4) 6.79 5.75 6.27 6.46 5.78 6.49 6.27 6.29 6.37 6.27 6.27
TaP-SFT (DeepSeek-V2) 7.36 5.57 6.46 6.37 5.81 6.63 6.17 6.24 6.22 6.24 6.35

Table 11: Performance comparison of five LLMs on Alignbench after supervised fine-tuning with various datasets.
The evaluation is conducted using DeepSeek-V3, which scores the models’ responses. The “Fund.” column denotes
Fundamental Language Ability, “Chi.” denotes Advanced Chinese Understanding, “Open.” denotes Open-ended
Questions, “Writ.” denotes Writing Ability, “Role.” denotes Task-oriented Role Play, “Pro” denotes “Professional
Knowledge”, “Math.” denotes Mathematics, and “Logic.” denotes Logical Reasoning.
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Model Dataset
Reasoning Language

OverallMath. Logi. Avg. Pro. Chi. Fund. Writ. Open. Role. Avg.

Qwen2.5-3B-SFT-Open

Huozi-RLHF (Huozi-Team, 2024) 4.63 3.42 4.02 4.86 4.74 4.87 5.55 5.61 5.74 5.23 4.63
Chinese-DPO-Pairs 5.09 3.84 4.46 5.08 5.26 4.97 6.01 6.00 5.78 5.52 4.99
TaP (GPT-4) 5.78 4.60 5.19 5.71 5.25 5.27 6.51 6.29 6.41 5.90 5.55

Qwen2.5-3B-SFT-TaP

Huozi-RLHF (Huozi-Team, 2024) 6.01 4.29 5.15 5.64 5.49 5.37 6.23 6.21 5.98 5.82 5.49
Chinese-DPO-Pairs 6.09 4.41 5.25 5.74 5.62 5.47 6.45 6.55 6.20 6.01 5.63
TaP (GPT-4) 6.39 4.74 5.57 5.77 5.40 5.46 6.68 6.53 6.54 6.06 5.81

Qwen2.5-7B-SFT-Open

Huozi-RLHF (Huozi-Team, 2024) 5.04 4.01 4.53 5.48 5.02 5.24 5.43 5.68 5.50 5.39 4.96
Chinese-DPO-Pairs 5.36 4.40 4.88 5.54 5.18 5.36 5.75 5.89 5.49 5.53 5.21
TaP (GPT-4) 5.64 4.59 5.11 5.63 5.28 5.46 6.23 5.79 6.05 5.74 5.43

Qwen2.5-7B-SFT-TaP

Huozi-RLHF (Huozi-Team, 2024) 7.44 5.04 6.24 6.31 5.78 6.34 6.41 6.79 6.39 6.34 6.29
Chinese-DPO-Pairs 7.46 5.53 6.49 6.52 5.91 6.15 6.64 6.79 6.53 6.42 6.46
TaP (GPT-4) 7.66 5.52 6.59 6.79 6.00 6.40 6.88 6.95 6.93 6.66 6.62

Llama-3.1-8B-SFT-Open

Huozi-RLHF (Huozi-Team, 2024) 3.68 3.37 3.52 4.98 4.43 4.78 5.40 5.74 5.83 5.19 4.36
Chinese-DPO-Pairs 3.81 3.25 3.53 5.06 4.45 5.12 6.15 6.58 6.04 5.57 4.55
TaP (GPT-4) 4.25 3.67 3.96 5.13 4.72 4.94 6.40 6.03 6.48 5.62 4.79

Llama-3.1-8B-SFT-TaP

Huozi-RLHF (Huozi-Team, 2024) 3.47 3.93 3.70 4.84 3.93 4.87 5.71 6.18 5.78 5.22 4.46
Chinese-DPO-Pairs 4.19 3.95 4.07 5.05 3.93 4.99 6.00 6.05 6.14 5.36 4.71
TaP (GPT-4) 4.14 4.07 4.10 5.02 3.95 5.25 6.23 6.34 6.23 5.50 4.80

Gemma-2-9B-SFT-Open

Huozi-RLHF (Huozi-Team, 2024) 4.36 3.51 3.93 5.01 4.10 5.15 5.57 5.55 5.93 5.22 4.58
Chinese-DPO-Pairs 4.18 3.54 3.86 5.17 4.29 5.10 5.67 5.74 5.97 5.32 4.59
TaP (GPT-4) 4.80 4.29 4.55 5.52 4.69 5.72 6.28 6.50 6.67 5.90 5.22

Gemma-2-9B-SFT-TaP

Huozi-RLHF (Huozi-Team, 2024) 4.78 3.59 4.18 4.94 3.83 5.09 5.71 5.95 5.84 5.23 4.70
Chinese-DPO-Pairs 5.12 4.22 4.67 5.23 4.00 5.46 6.11 6.11 6.23 5.52 5.09
TaP (GPT-4) 5.31 4.12 4.72 5.35 3.98 5.46 6.43 6.11 6.34 5.61 5.16

Qwen2.5-14B-SFT-Open

Huozi-RLHF (Huozi-Team, 2024) 6.17 5.34 5.75 6.19 5.74 6.18 5.61 5.76 5.90 5.90 5.82
Chinese-DPO-Pairs 6.21 5.49 5.85 6.27 5.78 6.03 5.80 6.05 5.84 5.96 5.90
TaP (GPT-4) 7.11 5.78 6.44 6.67 6.19 6.38 6.24 6.39 6.44 6.39 6.42

Qwen2.5-14B-SFT-TaP

Huozi-RLHF (Huozi-Team, 2024) 7.54 6.35 6.94 6.95 6.38 6.75 6.55 6.68 6.51 6.64 6.79
Chinese-DPO-Pairs 7.93 6.05 6.99 7.14 6.31 6.85 6.93 7.05 6.84 6.85 6.92
TaP (GPT-4) 8.03 6.51 7.27 7.09 6.83 6.59 7.13 7.55 7.29 7.08 7.17

Table 12: Performance comparison of LLMs trained with DPO using different datasets on AlignBench. The model
names include two possible suffixes: “Open” and “TaP.” The “Open” suffix indicates that the LLMs were initialized
from models trained via supervised fine-tuning on open-source datasets, whereas “TaP” denotes initialization
from models trained on a dataset constructed by TaP. The evaluation is conducted using GPT-4o, which scores
the models’ responses. The “Fund.” column denotes Fundamental Language Ability, “Chi.” denotes Advanced
Chinese Understanding, “Open.” denotes Open-ended Questions, “Writ.” denotes Writing Ability, “Role.” denotes
Task-oriented Role Play, “Pro” denotes “Professional Knowledge”, “Math.” denotes Mathematics, and “Logic.”
denotes Logical Reasoning.
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Model Dataset
Reasoning Language

OverallMath. Logi. Avg. Pro. Chi. Fund. Writ. Open. Role. Avg.

Qwen2.5-3B-SFT-Open

Huozi-RLHF (Huozi-Team, 2024) 4.45 3.30 3.88 4.75 4.21 4.72 5.48 5.45 5.64 5.04 4.46
Chinese-DPO-Pairs 4.69 3.71 4.20 4.77 4.83 4.71 5.67 5.66 5.82 5.24 4.72
TaP (GPT-4) 5.10 4.49 4.79 5.56 4.69 5.15 6.28 5.87 6.20 5.62 5.21

Qwen2.5-3B-SFT-TaP

Huozi-RLHF (Huozi-Team, 2024) 5.45 3.85 4.65 5.45 5.09 5.33 5.87 5.55 5.74 5.50 5.08
Chinese-DPO-Pairs 5.61 4.20 4.90 5.44 4.64 5.25 5.89 5.63 6.18 5.51 5.20
TaP (GPT-4) 5.79 4.02 4.90 5.27 4.88 5.28 6.40 5.95 6.14 5.65 5.28

Qwen2.5-7B-SFT-Open

Huozi-RLHF (Huozi-Team, 2024) 4.86 3.88 4.37 5.52 4.66 5.19 5.43 5.84 5.40 5.34 4.85
Chinese-DPO-Pairs 5.15 4.13 4.64 5.47 4.57 5.27 5.75 5.84 5.51 5.40 5.02
TaP (GPT-4) 5.42 4.32 4.87 5.35 5.09 5.28 5.91 5.92 5.92 5.58 5.22

Qwen2.5-7B-SFT-TaP

Huozi-RLHF (Huozi-Team, 2024) 6.79 4.88 5.83 5.86 5.36 6.34 6.09 6.11 6.26 6.00 5.92
Chinese-DPO-Pairs 6.87 5.01 5.94 6.03 5.52 6.16 6.13 6.16 6.51 6.09 6.01
TaP (GPT-4) 6.92 5.14 6.03 6.28 5.26 6.24 6.43 6.32 6.59 6.18 6.11

Llama-3.1-8B-SFT-Open

Huozi-RLHF (Huozi-Team, 2024) 3.29 3.29 3.29 4.71 3.97 4.65 5.52 5.63 5.88 5.06 4.17
Chinese-DPO-Pairs 3.49 3.10 3.29 4.91 4.05 4.87 5.85 6.00 6.08 5.29 4.29
TaP (GPT-4) 3.58 3.41 3.50 4.95 4.29 4.76 6.28 5.66 6.28 5.37 4.43

Llama-3.1-8B-SFT-TaP

Huozi-RLHF (Huozi-Team, 2024) 3.01 3.64 3.33 4.61 3.22 4.65 5.39 5.61 5.71 4.86 4.09
Chinese-DPO-Pairs 3.54 3.63 3.59 4.73 3.69 4.71 5.59 5.66 6.08 5.07 4.33
TaP (GPT-4) 3.46 3.58 3.52 4.52 3.26 4.49 5.73 5.82 6.10 4.99 4.25

Gemma-2-9B-SFT-Open

Huozi-RLHF (Huozi-Team, 2024) 3.72 3.35 3.54 4.81 3.72 4.99 5.49 5.39 5.90 5.05 4.29
Chinese-DPO-Pairs 3.77 3.46 3.61 5.09 3.83 5.09 5.60 5.76 5.87 5.21 4.41
TaP (GPT-4) 4.16 4.01 4.09 5.17 3.98 5.32 5.96 5.87 6.33 5.44 4.76

Gemma-2-9B-SFT-TaP

Huozi-RLHF (Huozi-Team, 2024) 4.37 3.17 3.77 4.69 3.43 5.25 5.32 5.34 5.56 4.93 4.35
Chinese-DPO-Pairs 4.54 3.64 4.09 5.15 3.43 5.41 5.57 5.42 6.24 5.21 4.65
TaP (GPT-4) 4.49 3.61 4.05 4.85 3.41 5.18 5.88 5.55 5.99 5.14 4.60

Qwen2.5-14B-SFT-Open

Huozi-RLHF (Huozi-Team, 2024) 6.12 5.17 5.64 5.98 5.64 5.90 5.51 5.87 5.97 5.81 5.73
Chinese-DPO-Pairs 6.05 4.89 5.47 6.04 5.43 5.88 5.63 5.87 5.91 5.79 5.63
TaP (GPT-4) 6.77 5.34 6.05 6.37 5.74 6.26 6.04 6.21 6.41 6.17 6.11

Qwen2.5-14B-SFT-TaP

Huozi-RLHF (Huozi-Team, 2024) 7.19 5.64 6.41 6.41 5.83 6.60 6.19 6.24 6.43 6.28 6.35
Chinese-DPO-Pairs 7.44 5.38 6.41 6.57 5.79 6.65 6.51 6.32 6.74 6.43 6.42
TaP (GPT-4) 7.31 5.73 6.52 6.43 5.91 6.63 6.77 6.42 6.96 6.52 6.52

Table 13: Performance comparison of LLMs trained with DPO using different datasets on AlignBench. The model
names include two possible suffixes: “Open” and “TaP.” The “Open” suffix indicates that the LLMs were initialized
from models trained via supervised fine-tuning on open-source datasets, whereas “TaP” denotes initialization from
models trained on a dataset constructed by TaP. The evaluation is conducted using DeepSeek-V3, which scores
the models’ responses. The “Fund.” column denotes Fundamental Language Ability, “Chi.” denotes Advanced
Chinese Understanding, “Open.” denotes Open-ended Questions, “Writ.” denotes Writing Ability, “Role.” denotes
Task-oriented Role Play, “Pro” denotes “Professional Knowledge”, “Math.” denotes Mathematics, and “Logic.”
denotes Logical Reasoning.
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Model Dataset
Reasoning Language

OverallMath. Logi. Avg. Pro. Chi. Fund. Writ. Open. Role. Avg.

Qwen2.5-3B-SFT-Open

Huozi-RLHF (Huozi-Team, 2024) 4.62 3.65 4.13 4.45 4.71 4.57 5.03 5.18 5.36 4.88 4.51
Chinese-DPO-Pairs 5.82 4.42 5.12 5.83 5.22 5.07 6.43 6.89 6.41 5.98 5.55
TaP (GPT-4) 6.24 4.16 5.20 5.73 5.50 5.61 6.49 6.71 6.60 6.11 5.66

Qwen2.5-3B-SFT-TaP

Huozi-RLHF (Huozi-Team, 2024) 5.59 3.63 4.61 4.97 4.79 5.07 5.48 5.79 5.53 5.27 4.94
Chinese-DPO-Pairs 5.82 3.93 4.88 5.17 5.41 5.13 5.68 5.97 5.71 5.51 5.20
TaP (GPT-4) 6.49 4.89 5.69 5.93 6.12 5.53 6.55 6.89 6.59 6.27 5.98

Qwen2.5-7B-SFT-Open

Huozi-RLHF (Huozi-Team, 2024) 5.04 4.39 4.71 5.60 5.00 5.68 5.61 5.92 5.53 5.56 5.13
Chinese-DPO-Pairs 5.03 3.79 4.41 5.15 5.18 5.28 5.72 5.32 5.34 5.33 4.87
TaP (GPT-4) 5.29 4.60 4.94 5.66 5.31 5.50 6.28 6.29 5.83 5.81 5.38

Qwen2.5-7B-SFT-TaP

Huozi-RLHF (Huozi-Team, 2024) 7.11 5.38 6.24 6.45 6.19 6.26 6.40 6.89 6.46 6.44 6.34
Chinese-DPO-Pairs 6.82 4.75 5.79 5.73 5.67 5.53 5.76 7.11 6.34 6.02 5.90
TaP (GPT-4) 7.05 5.53 6.29 6.77 5.91 6.35 6.81 7.13 6.75 6.62 6.46

Llama-3.1-8B-SFT-Open

Huozi-RLHF (Huozi-Team, 2024) 3.78 3.66 3.72 5.02 4.36 4.91 5.67 5.92 5.74 5.27 4.50
Chinese-DPO-Pairs 2.76 2.83 2.79 4.26 3.48 4.46 4.83 4.82 5.29 4.52 3.66
TaP (GPT-4) 3.90 3.65 3.78 5.17 4.67 4.88 6.31 6.21 6.20 5.57 4.68

Llama-3.1-8B-SFT-TaP

Huozi-RLHF (Huozi-Team, 2024) 3.81 4.08 3.94 4.81 4.21 5.09 5.73 5.89 5.78 5.25 4.60
Chinese-DPO-Pairs 3.56 3.88 3.72 5.00 4.05 4.88 5.73 5.50 5.35 5.09 4.40
TaP (GPT-4) 3.92 4.15 4.04 5.05 4.24 5.12 6.33 6.53 6.29 5.59 4.81

Gemma-2-9B-SFT-Open

Huozi-RLHF (Huozi-Team, 2024) 4.23 3.26 3.75 5.09 3.91 4.44 4.88 5.03 5.16 4.75 4.25
Chinese-DPO-Pairs 4.38 3.73 4.05 4.89 4.63 4.97 6.15 6.24 6.01 5.48 4.77
TaP (GPT-4) 4.85 4.14 4.49 5.75 4.66 5.45 6.69 6.34 6.45 5.89 5.19

Gemma-2-9B-SFT-TaP

Huozi-RLHF (Huozi-Team, 2024) 4.13 3.57 3.85 5.04 4.53 5.13 5.53 5.26 5.73 5.20 4.53
Chinese-DPO-Pairs 4.52 3.77 4.14 5.02 4.12 5.24 5.48 6.05 5.98 5.32 4.73
TaP (GPT-4) 4.83 4.00 4.42 5.35 4.14 5.15 6.14 6.47 6.24 5.58 5.00

Qwen2.5-14B-SFT-Open

Huozi-RLHF (Huozi-Team, 2024) 6.03 5.18 5.61 5.50 6.05 6.35 5.73 5.82 5.93 5.90 5.75
Chinese-DPO-Pairs 6.60 5.51 6.05 6.58 5.81 6.46 6.27 6.42 6.24 6.30 6.18
TaP (GPT-4) 7.10 5.96 6.53 6.77 6.41 6.06 6.52 6.74 6.43 6.49 6.51

Qwen2.5-14B-SFT-TaP

Huozi-RLHF (Huozi-Team, 2024) 6.79 6.43 6.61 6.07 6.38 6.22 6.59 7.03 6.69 6.50 6.55
Chinese-DPO-Pairs 7.32 5.42 6.37 6.22 6.22 6.59 6.43 6.58 6.34 6.40 6.38
TaP (GPT-4) 8.07 6.76 7.42 7.30 6.74 6.81 7.19 7.42 7.27 7.12 7.27

Table 14: Performance comparison of LLMs trained with PPO using different datasets on AlignBench. The model
names include two possible suffixes: “Open” and “TaP.” The “Open” suffix indicates that the LLMs were initialized
from models trained via supervised fine-tuning on open-source datasets, whereas “TaP” denotes initialization
from models trained on a dataset constructed by TaP. The evaluation is conducted using GPT-4o, which scores
the models’ responses. The “Fund.” column denotes Fundamental Language Ability, “Chi.” denotes Advanced
Chinese Understanding, “Open.” denotes Open-ended Questions, “Writ.” denotes Writing Ability, “Role.” denotes
Task-oriented Role Play, “Pro” denotes “Professional Knowledge”, “Math.” denotes Mathematics, and “Logic.”
denotes Logical Reasoning.
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Model Dataset
Reasoning Language

OverallMath. Logi. Avg. Pro. Chi. Fund. Writ. Open. Role. Avg.

Qwen2.5-3B-SFT-Open

Huozi-RLHF (Huozi-Team, 2024) 4.93 3.96 4.44 5.10 4.81 4.72 5.68 5.76 6.07 5.36 4.90
Chinese-DPO-Pairs 5.14 3.91 4.53 5.31 4.64 4.85 6.12 6.13 6.06 5.52 5.02
TaP (GPT-4) 5.61 3.82 4.71 5.29 4.71 5.21 6.16 5.97 6.40 5.62 5.17

Qwen2.5-3B-SFT-TaP

Huozi-RLHF (Huozi-Team, 2024) 5.33 3.90 4.62 5.28 4.95 5.37 5.81 5.89 6.00 5.55 5.08
Chinese-DPO-Pairs 5.83 4.30 5.07 5.57 5.43 5.25 6.27 5.92 6.16 5.77 5.42
TaP (GPT-4) 5.89 4.07 4.98 5.53 5.32 5.18 5.95 6.03 6.08 5.68 5.33

Qwen2.5-7B-SFT-Open

Huozi-RLHF (Huozi-Team, 2024) 4.85 4.08 4.46 5.19 4.55 5.60 5.67 5.84 5.72 5.43 4.95
Chinese-DPO-Pairs 4.82 3.79 4.31 5.48 4.93 5.45 5.69 5.79 5.78 5.52 4.91
TaP (GPT-4) 5.03 4.25 4.64 5.39 4.84 5.09 5.68 5.82 5.66 5.41 5.03

Qwen2.5-7B-SFT-TaP

Huozi-RLHF (Huozi-Team, 2024) 6.67 4.67 5.67 6.04 5.52 5.69 6.03 6.26 6.32 5.98 5.82
Chinese-DPO-Pairs 6.87 4.92 5.89 5.97 5.62 5.85 6.20 6.29 6.34 6.04 5.97
TaP (GPT-4) 6.51 4.95 5.73 6.36 5.26 6.21 6.25 6.35 6.49 6.15 5.94

Llama-3.1-8B-SFT-Open

Huozi-RLHF (Huozi-Team, 2024) 3.54 3.27 3.41 4.81 3.79 4.43 5.16 5.82 5.80 4.97 4.19
Chinese-DPO-Pairs 3.10 3.11 3.10 4.91 3.83 4.78 5.49 5.26 5.88 5.03 4.06
TaP (GPT-4) 3.43 3.23 3.33 4.99 4.10 4.40 6.09 5.97 6.12 5.28 4.30

Llama-3.1-8B-SFT-TaP

Huozi-RLHF (Huozi-Team, 2024) 3.50 3.73 3.61 4.28 3.66 4.53 5.36 5.50 5.81 4.86 4.24
Chinese-DPO-Pairs 3.13 3.47 3.30 4.47 3.48 4.69 5.55 5.55 5.59 4.89 4.09
TaP (GPT-4) 3.17 3.68 3.43 4.52 3.31 4.63 5.60 5.66 5.90 4.94 4.18

Gemma-2-9B-SFT-Open

Huozi-RLHF (Huozi-Team, 2024) 3.98 3.63 3.81 4.98 4.00 4.99 5.25 5.92 5.71 5.14 4.47
Chinese-DPO-Pairs 4.06 3.39 3.73 4.84 4.14 4.87 5.88 5.68 6.09 5.25 4.49
TaP (GPT-4) 4.26 3.65 3.96 5.59 3.84 5.37 6.16 6.08 6.24 5.55 4.75

Gemma-2-9B-SFT-TaP

Huozi-RLHF (Huozi-Team, 2024) 3.62 3.50 3.56 4.69 3.83 4.96 5.17 5.50 5.61 4.96 4.26
Chinese-DPO-Pairs 3.82 3.28 3.55 4.69 3.28 4.93 5.40 5.42 5.73 4.91 4.23
TaP (GPT-4) 4.31 3.51 3.91 4.98 3.67 4.96 5.80 5.92 6.07 5.23 4.57

Qwen2.5-14B-SFT-Open

Huozi-RLHF (Huozi-Team, 2024) 6.53 4.86 5.69 5.83 5.71 6.25 5.64 6.03 6.10 5.93 5.81
Chinese-DPO-Pairs 6.35 5.35 5.85 6.22 5.62 6.50 6.08 6.32 6.29 6.17 6.01
TaP (GPT-4) 6.73 5.32 6.02 6.13 5.79 6.00 6.28 6.32 6.43 6.16 6.09

Qwen2.5-14B-SFT-TaP

Huozi-RLHF (Huozi-Team, 2024) 6.94 5.90 6.42 6.55 5.88 6.58 6.17 6.34 6.49 6.34 6.38
Chinese-DPO-Pairs 7.23 5.73 6.48 6.68 6.14 6.91 6.57 6.50 6.72 6.59 6.53
TaP (GPT-4) 7.38 6.29 6.84 6.67 6.05 6.35 6.64 6.45 6.81 6.50 6.67

Table 15: Performance comparison of LLMs trained with PPO using different datasets on AlignBench. The model
names include two possible suffixes: “Open” and “TaP.” The “Open” suffix indicates that the LLMs were initialized
from models trained via supervised fine-tuning on open-source datasets, whereas “TaP” denotes initialization from
models trained on a dataset constructed by TaP. The evaluation is conducted using DeepSeek-V3, which scores
the models’ responses. The “Fund.” column denotes Fundamental Language Ability, “Chi.” denotes Advanced
Chinese Understanding, “Open.” denotes Open-ended Questions, “Writ.” denotes Writing Ability, “Role.” denotes
Task-oriented Role Play, “Pro” denotes “Professional Knowledge”, “Math.” denotes Mathematics, and “Logic.”
denotes Logical Reasoning.
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