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Abstract001

Instruction following refers to the ability of002
large language models (LLMs) to generate003
outputs that satisfy all specified constraints.004
Existing research has primarily focused on con-005
straint categories, offering limited evaluation006
dimensions and little guidance for improving007
instruction-following abilities. To address008
this gap, we introduce MulDimIF, a multi-009
dimensional constraint framework encompass-010
ing three constraint patterns, four constraint011
categories, and four difficulty levels. Based012
on this framework, we design a controllable013
instruction generation pipeline. Through014
constraint expansion, conflict detection, and015
instruction rewriting, we construct 9,106 code-016
verifiable samples. We evaluate 18 LLMs from017
six model families and find marked perfor-018
mance differences across constraint settings.019
For instance, average accuracy decreases from020
80.82% at Level I to 36.76% at Level IV.021
Moreover, training with data generated by our022
framework significantly improves instruction023
following without compromising general per-024
formance. In-depth analysis indicates that these025
gains stem largely from parameter updates in026
attention modules, which strengthen constraint027
recognition and adherence.1028

1 Introduction029

Instruction following is a fundamental capability030

of large language models (LLMs) (Bai et al., 2022;031

OpenAI, 2023; Reid et al., 2024; Yang et al., 2024),032

enabling them to generate outputs that satisfy user-033

specified constraints (Zhou et al., 2023; Wen et al.,034

2024; Dong et al., 2025b). This skill is essential035

in real-world applications, especially in agentic036

and tool-assisted workflows where outputs must037

adhere to strict formats such as JSON (Xi et al.,038

2023; Deng et al., 2024; Ye et al., 2024). Even039

1Code and data will be made publicly available upon
acceptance of the paper.
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Figure 1: The hierarchical structure of the multi-
dimensional constraint framework, which includes
three constraint patterns, four constraint categories
(subdivided into thirteen subcategories), and four levels
of constraint difficulty.

small deviations can cause parsing failures and 040

downstream system breakdowns (Ye et al., 2025). 041

Existing research has approached this challenge 042

along two main lines. Benchmarking efforts 043

typically rely on template-based instructions (Zhou 044

et al., 2023; He et al., 2024c), evaluated either 045

through code verification or LLM-as-Judge meth- 046

ods (Jiang et al., 2024). In parallel, training- 047

focused studies have explored improving instruc- 048

tion following via tree search (Cheng et al., 2024), 049

reinforcement learning (RL) (He et al., 2024a), and 050

other data-centric strategies. 051

However, these efforts face key limitations. 052

Benchmarking work largely emphasizes the diver- 053

sity of constraint categories (Zhou et al., 2023; Sun 054

et al., 2024; Qin et al., 2024; Wen et al., 2024), 055

while relying on narrow evaluation dimensions 056

that cannot fully characterize instruction-following 057

ability. Meanwhile, training approaches often boost 058
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benchmark scores through data engineering (Zhang059

et al., 2024; Cheng et al., 2024; Dong et al., 2024),060

but rarely examine the mechanisms driving these061

improvements. As a result, we still lack deeper062

insight into the factors that shape instruction-063

following performance.064

To address this gap, we present MulDimIF,065

a multi-dimensional constraint framework for066

evaluating and improving instruction following in067

LLMs. As shown in Figure 1, the framework068

introduces three constraint patterns, namely ex-069

ample, listing, and incorporation, which capture070

common user instruction formats. Constraints071

are organized into four major categories, namely072

content, language, format, and length, which073

further divide into thirteen subcategories. The074

framework also defines four difficulty levels based075

on the complexity of constraint combinations076

within instructions. Building on this framework,077

we design an instruction generation pipeline con-078

sisting of constraint expansion, conflict detection,079

and instruction rewriting. This pipeline enables080

controlled transformation of initial instructions081

into diverse, constraint-rich variants. Using it, we082

generate 9,106 code-verifiable data instances.083

We evaluate 18 LLMs across six model families084

and uncover significant variation in their ability085

to follow different forms of constraints. Notably,086

while models perform well on the example pat-087

tern, they struggle with listing and incorporation088

patterns, emphasizing the challenges posed by089

complex instructions and the benefits of few-shot090

prompting (Brown et al., 2020). On average,091

performance declines from 80.82% at Level I to092

36.76% at Level IV, with even the best model093

scoring only 67.50% overall.094

To leverage these findings, we train LLMs using095

the GRPO algorithm (Shao et al., 2024) on data096

generated by our framework. The trained models097

show significantly improved instruction-following098

abilities without sacrificing general performance.099

Parameter-level analysis and case studies indicate100

that these gains primarily result from updates101

within attention modules, which more effectively102

align models’ focus with specified constraints.103

Our contributions are summarized as follows:104

1) We propose a multi-dimensional constraint105

framework that evaluates and improves instruction106

following in LLMs; 2) We design a controllable107

instruction generation pipeline that transforms108

plain instructions into constraint-rich variants;109

3) We generate 9,106 diverse constraint-rich110

data instances, evaluate the instruction-following 111

abilities of 18 LLMs, and improve model per- 112

formance through targeted training; and 4) We 113

conduct parameter-level analysis, showing that 114

improvements in instruction following primarily 115

arise from updates within attention modules. 116

2 Related Works 117

Evaluation of Instruction Following Evaluating 118

the instruction-following abilities of LLMs has 119

become a central focus in recent research. Bench- 120

marks such as IFEval (Zhou et al., 2023), Follow- 121

Eval (Jing et al., 2023), and FollowBench (Jiang 122

et al., 2024) evaluate models on dimensions like 123

logical reasoning and stylistic consistency, using ei- 124

ther code-based or LLM-based evaluations. Multi- 125

IF (He et al., 2024c) extends this to multilingual, 126

multi-turn dialogue settings, while InfoBench (Qin 127

et al., 2024) decomposes complex instructions 128

into simpler subtasks to evaluate execution ac- 129

curacy. CIF-Bench (Li et al., 2024) focuses 130

on the generalization abilities of Chinese LLMs 131

under zero-shot scenarios. Despite their breadth, 132

many of these benchmarks rely on templated or 133

highly constrained prompts, which limits their 134

ability to capture real-world instruction diversity 135

and support fine-grained evaluation. Our work 136

addresses these limitations by introducing a multi- 137

dimensional constraint framework comprising 138

three constraint patterns, four constraint categories, 139

and four difficulty levels. Built on this framework, 140

we develop a controllable instruction generation 141

pipeline that enhances diversity and complexity 142

through constraint expansion, conflict detection, 143

and instruction rewriting. 144

Improving of Instruction Following A range 145

of algorithms have been proposed to improve the 146

instruction-following performance of LLMs. RL 147

approaches such as PPO (Schulman et al., 2017) 148

and DPO (Rafailov et al., 2023) optimize model 149

behavior based on user preferences. IOPO (Zhang 150

et al., 2024) augments this by aggregating question- 151

answer pairs across datasets to enrich preference 152

signals and refine the optimization objective. Con- 153

infer (Sun et al., 2024) adopts a curriculum learning 154

approach, incrementally increasing task difficulty 155

during fine-tuning to improve constraint handling. 156

While these methods yield measurable gains, 157

they often lack in-depth analysis of the model 158

characteristics driving these improvements, which 159

limits their interpretability and generalizability. 160
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Rule 1: Does the question include all con-
straints from the constraint list?

Rule 2: Is there any constraint conflict in the 
constraints of the data?

Rules

Level I

Raw Data

What is the largest animal?

Language

English: 

 All uppercase, Capitalized, Lowercase

Chinese: 

 Simplified, Traditional

Others: 

 All uppercase, Capitalized, Lowercase

XML: 
 Number of attributes
Table: 
 Row limit, Column limit
Markdown: 
 Heading levels , Block quotes
Json: 
 Object nesting levels

Paragraphs: 

 At most, At least, Range

Sentences: 

 At most, At least, Range

Words: 

 At most, At least, Range

Keywords: 

 Must include, Repeated, Avoid

Punctuation: 

 Ending / Exclude punctuation

Identifiers: 

 Start / End / Delimiting identifier

Format

Length

Content

Constraint Category Constraint Expansion Conflict Detection Instruction Rewriting

What is the largest animal? The answer must be in capitalized
form, with the first letter of each word capitalized.① 

Level II

What is the largest animal? The answer must be in capitalized
form, with the first letter of each word capitalized.① The 
answer must include the keyword ‘largest’①. The answer must
end with a period②.

Level III

What is the largest animal? The answer must be in capitalized
form, with the first letter of each word capitalized.① The 
answer must include the keyword 'largest'①. The answer must
end with a period②. Additionally, if the answer includes a table,
it must be presented with a maximum of 3 rows.①

Level IV

What is the largest animal? The answer must be in capitalized
form, with the first letter of each word capitalized.① The 
answer must include the keyword ‘largest’①. The answer must
end with a period②. Additionally, if the answer includes a table,
it must be presented with a maximum of 3 rows.① The answer 
must be between 10 and 20 words.①

What is the largest animal? The answer must be in capitalized
form, with the first letter of each word capitalized.① The 
answer must include the keyword 'largest'①. The answer must
end with a period②.

Tell me in caps, first letter of each word capitalized.① 
Additionally, the answer must end with a period②. What is the 
largest animal? Besides, the answer must include the keyword
'largest'①.

Incorporation

How many continents are there in the world?
The output must follow the following rules:
 1. The answer must be in markdown format①.
 2. The answer must use lowercase letters①.
 3. The answer must be at least 3 sentences long①.

How many continents are there in the world? Please answer
using markdown format① and at least 3 sentences①. Please 
use lowercase letters①.

Listing

The output must be a response within 20 words①, starting
with '#'①, providing the highest mountain in the world.

Example
# Example: [three contextualized examples]
**Question**: [a question that shares the same constraint 
types as the instruction]
**Answer**: [an answer for above question]

**Question**: The output must be a response within 20
words①, starting with '#'①, providing the highest mountain 
in the world.

Rule 1: Y

Rule 2: Y
Rule 1: Y

Rule 2: Y
Rule 1: Y

Rule 2: Y

Rule 1: Y

Rule 2: N
Rule 1: Y

Rule 2: Y
Rule 1: Y

Rule 2: Y
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Rule 1: Y

Rule 2: Y
Rule 1: Y

Rule 2: Y

Figure 2: Illustration of the instruction generation pipeline. Constraint Expansion: Randomly selects a constraint
category not yet included in the instruction and adds 1–2 specific constraints. Conflict Detection: Identifies whether
the new instruction introduces redundant constraints or conflicts, and discards conflicting instructions. Instruction
Rewriting: Rewrites the remaining instructions based on different constraint patterns.

To fill this gap, we introduce a comprehensive161

data construction pipeline, enabling the creation162

of high-quality instruction-following datasets. Our163

parameter-level analysis suggests that a significant164

portion of the performance improvement arises165

from tuning the model’s attention mechanisms,166

which enhances its ability to recognize and comply167

with constraints.168

3 Approaches169

3.1 Multi-Dimensional Constraint170

Framework171

Existing studies (Zhou et al., 2023; Jing et al., 2023;172

Jiang et al., 2024) often focus solely on the diversity173

of constraint categories, limiting the dimension for174

evaluating and improving the instruction-following175

ability. To address this limitation, we propose a176

multi-dimensional constraint framework, as shown177

in Figure 1.2178

3.1.1 Constraint Pattern179

Drawing inspiration from publicly available guide-180

lines for writing instructions (Saravia, 2022), we181

2Examples are available in Appendix C.

identify three common patterns used to introduce 182

constraints during interactions with LLMs. 183

Example The example pattern involves adding 184

several question-answer pairs that share the same 185

constraint type as the instruction to be followed. 186

This method enhances the model’s ability to 187

comply with constraints through contextualized 188

examples, a technique commonly known as in- 189

context learning (Brown et al., 2020). 190

Listing The listing pattern presents constraints 191

in a clearly structured, point-by-point format. 192

This approach provides explicit communication 193

of constraint requirements, making it especially 194

effective in zero-shot scenarios. 195

Incorporation The incorporation pattern inte- 196

grates constraints directly into the instruction, 197

rather than listing them separately. While this 198

approach maintains fluency, it may make it more 199

difficult for LLMs to clearly interpret individual 200

constraint requirements. 201
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Data Constraint Pattern Constraint Category Constraint Difficulty Total
Example Listing Incorporation Content Format Language Length Level I Level II Level III Level IV

Training 1225 3308 3373 8888 9850 6168 9541 610 1614 2522 3160 7906
Test 400 400 400 1175 1210 694 1101 300 300 300 300 1200

Table 1: Distribution of training and test data constructed on the automated instruction generation pipeline.

3.1.2 Constraint Category202

Beyond the method of presentation, the types of203

constraints can vary widely. To enable fine-grained204

analysis, we categorize constraints into four main205

categories with thirteen subcategories.206

Content Content constraints restrict the elements207

present in the model’s output. These can be208

further divided into three subcategories: ensuring209

the inclusion of specific keywords, adhering to210

particular punctuation requirements, or referencing211

predefined identifiers.212

Format Format constraints require the output to213

follow specific structural rules, often necessary for214

post-processing tasks. Common examples include215

outputs in XML, Table, Markdown, or JSON.216

Language Language constraints specify the lan-217

guage to be used in the output, which is funda-218

mental in translation tasks (Ye et al., 2023). Based219

on the language category, constraints are classified220

into English, Chinese, or other languages.221

Length Length constraints enforce limits on222

the output’s size. Depending on granularity,223

these constraints can apply at the paragraph level,224

sentence level, or word level.225

3.1.3 Constraint Difficulty226

In addition to presentation and type, the number227

of constraints also impacts task difficulty. We228

define four difficulty levels based on the number229

and variety of constraints present in the instruction.230

Level I Level I includes an instruction with a231

single type of constraint, containing one or two232

individual constraint elements.233

Level II Level II includes an instruction with two234

types of constraints, comprising a total of two to235

four individual constraint elements.236

Level III Level III includes an instruction with237

three types of constraints, comprising a total of238

three to six individual constraint elements.239

Level IV Level IV includes an instruction with240

four types of constraints, comprising a total of four241

to eight individual constraint elements.242

3.2 Instruction Generation Pipeline 243

Building upon the multi-dimensional constraint 244

framework, we introduce a controllable pipeline 245

that transforms raw instructions into constrained 246

versions that can be verified through code, as 247

illustrated in Figure 2. 248

Constraint Expansion Constraint expansion in- 249

volves adding new constraints to a given instruction. 250

Specifically, we randomly select a constraint 251

category not yet covered and add one or two 252

specific constraints from that category. This 253

process progressively generates instructions across 254

varying levels of constraint difficulty. 255

Conflict Detection Conflict detection ensures 256

the soundness of instructions after constraint 257

expansion. It consists of two checks: first, verifying 258

that the newly specified constraints have been 259

correctly incorporated; second, ensuring that the 260

constraints do not conflict with each other (e.g., 261

requiring a sentence to be entirely lowercase while 262

also demanding the presence of uppercase words). 263

If either check fails, the instruction is discarded. 264

Otherwise, it is retained, and constraint expansion 265

continues until difficulty Level IV is reached. 266

Instruction Rewriting Instruction rewriting en- 267

hances instruction diversity by transforming a given 268

instruction to match a specified pattern. Specifi- 269

cally, we randomly select a constraint pattern and 270

rewrite the instruction accordingly. When handling 271

example-based constraints, we uniformly select 272

three question-answer pairs that share the same 273

constraint subcategories as the original instruction 274

to serve as contextual examples. 275

Dataset We randomly sample data from 276

ShareGPT3 and generate 9,106 data instances 277

using the aforementioned process. To ensure 278

quality, each instance undergoes manual review,4 279

and Python validation code is written for every data 280

point to enable automated evaluation. Statistical 281

details of the data are presented in Table 1.5 282

3https://www.sharegpt.com
4More details can be found in Appendix B.
5A comparison between MulDimIF and other approaches

is provided in Appendix A.
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Family Version Constraint Pattern Constraint Category Constraint Difficulty Overall
Example Listing Incorporation Content Format Language Length Level I Level II Level III Level IV

Open-Source LLMs (Non Reasoning)

LLaMA3.1
Instruct-8B 40.25 36.00 32.25 80.13 64.74 44.28 49.60 64.67 40.67 27.33 12.00 36.17
Instruct-70B 68.00 54.25 48.25 86.62 73.65 80.90 65.73 78.00 61.33 51.33 36.67 56.83

Qwen3
8B-Direct. 63.00 55.00 51.00 84.03 72.27 83.00 69.89 87.67 60.33 45.67 31.00 56.17
14B-Direct. 64.00 63.00 52.00 87.92 77.00 89.87 65.86 88.00 66.67 50.67 33.67 60.00
32B-Direct. 70.00 59.00 49.00 87.14 78.29 78.29 68.01 85.00 65.67 51.00 34.00 58.92

Open-Source LLMs (Reasoning)
DeepSeek-R1- Instruct-8B 42.00 28.00 28.00 80.00 50.44 44.72 53.09 59.67 40.33 18.33 12.33 32.67
Distill-LLaMA Instruct-70B 59.50 64.00 57.50 84.55 83.69 84.80 65.32 77.00 63.00 57.00 44.33 60.33

Qwen3
8B-Reason. 67.75 61.25 54.00 85.84 71.02 87.70 72.58 87.00 68.33 52.67 36.00 61.00
14B-Reason. 71.50 64.00 57.75 87.79 77.29 92.47 72.31 86.00 72.33 58.67 40.67 64.42
32B-Reason. 70.50 69.50 59.50 87.14 83.06 90.30 74.19 86.33 72.67 61.00 46.00 66.50

Closed-Source LLMs

Gemini1.5
Flash 71.50 61.00 64.50 88.70 80.68 87.84 74.06 86.00 68.00 57.67 51.00 65.67
Pro 73.50 61.75 65.25 87.40 81.81 88.28 75.67 86.67 70.00 59.00 51.67 66.83

Claude3.5
Haiku 44.25 53.50 52.00 84.29 82.81 49.06 68.01 71.33 51.67 41.67 35.00 49.92
Sonnet 72.50 69.00 61.00 86.62 83.44 84.23 76.21 82.67 71.67 60.67 55.00 67.50

GPT

3.5-Turbo 49.00 41.25 38.00 84.94 70.39 42.98 66.26 77.33 48.00 30.33 15.33 42.75
4-Turbo 70.75 59.25 52.25 89.09 79.17 77.57 73.25 82.67 68.00 55.00 37.33 60.75
4o-Mini 67.50 67.00 59.00 85.71 84.57 84.37 72.04 84.33 70.00 59.00 44.67 64.50
4o 70.50 62.50 59.00 87.92 84.44 82.78 69.35 84.33 69.33 57.33 45.00 64.00

Table 2: Results of the evaluation of LLMs’ instruction-following ability across different dimensions. ‘Overall’
denotes the overall score. The best results in each dimension are highlighted in bold.

4 Evaluations of LLMs283

4.1 Models284

Based on the test set described in Table 1, we con-285

duct an evaluation of 18 LLMs from six model fam-286

ilies, including four open-source and three closed-287

source. Among the open-source LLMs, we select288

LLaMA3.1-Instruct-8B and LLaMA3.1-Instruct-289

70B from the LLaMA3.1 family (Team, 2024);290

DeepSeek-R1-Distill-LLaMA-8B and DeepSeek-R1-291

Distill-LLaMA-70B from the DeepSeek-R1-Distill-292

LLaMA family (DeepSeek-AI et al., 2025); and293

Qwen3-8B, Qwen3-14B, and Qwen3-32B from the294

Qwen3 family (Yang et al., 2025). Since Qwen3295

includes specialized optimizations for reasoning,296

we evaluate its models in both non-reasoning297

mode (i.e., -Direct.) and reasoning mode (i.e., -298

Reason.). For the closed-source LLMs, we include299

Gemini1.5-Flash and Gemini1.5-Pro from the300

Gemini1.5 family (Reid et al., 2024); Claude3.5-301

Haiku and Claude3.5-Sonnet from the Claude3.5302

family (Bai et al., 2022); and GPT-3.5-Turbo, GPT-303

4-Turbo, GPT-4o-Mini, and GPT-4o from the GPT304

family (OpenAI, 2023).6305

4.2 Experimental Setup306

For instruction generation, we use GPT-4o.7 To307

ensure that each model’s capabilities are accurately308

represented, we use the built-in chat template for309

open-source models and the official API interface310

6More information can be found in Appendix D.
7The prompts are provided in Appendix F.

for closed-source models.8 For consistency and 311

reproducibility, we apply greedy decoding across 312

all evaluations. For LLMs that support a reasoning 313

mode, we evaluate only the final answer and 314

exclude the intermediate reasoning process. 315

4.3 Main Results 316

Table 2 summarizes the results of our multi- 317

dimensional evaluation of various LLMs. Several 318

key findings emerge from this analysis. 319

There is substantial variation in current 320

LLMs’ ability to follow different constraint 321

forms. For constraint patterns, most models 322

perform best on the example pattern, while perfor- 323

mance steadily declines under the incorporation 324

patter. This underscores the effectiveness of 325

in-context learning (Min et al., 2022) but also 326

highlights the persistent difficulty of adhering to 327

free-form constraints. Across constraint categories, 328

models generally follow content-based constraints 329

well but struggle with language- and length-related 330

ones, often producing additional content to improve 331

naturalness at the cost of constraint violations. 332

In terms of difficulty, average accuracy drops 333

sharply from 80.82% at Level I to 36.76% at 334

Level IV, suggesting that current models face 335

considerable challenges when handling multiple 336

or more complex constraints. 337

Scaling up models generally improves their 338

ability to follow instructions, though exceptions 339

are observed. Within most families, larger 340

8Chat templates for each LLM are listed in Appendix G.
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Dataset Ability # Number

Training
Ours Instruction Following 7906

Test
Ours Instruction Following 1200
IFEval Instruction Following 541
Multi-IF Instruction Following 13447
MMLU Knowledge 14042
GSM8K Reasoning 1319
MATH Reasoning 5000
HumanEval Coding 164
MBPP Coding 257

Table 3: Overview of the training and test datasets used
when improving instruction-following capabilities.

models exhibit stronger adherence, especially in341

challenging scenarios such as level IV. This trend342

is consistent with prior findings on scaling laws343

for LLMs (Kaplan et al., 2020; Chung et al.,344

2022). However, the Qwen3 and GPT families345

deviate from this pattern. For instance, Qwen3-346

32B-Direct. underperforms relative to Qwen3-14B-347

Direct., and GPT-4o falls short compared to GPT-348

4o-Mini. Such anomalies may reflect an alignment349

tax (Ouyang et al., 2022), whereby optimization350

for broader capabilities comes at the expense of351

precision in instruction following.352

Optimizing reasoning capabilities has raised353

the lower bound of a model’s instruction-354

following ability without enhancing its upper355

bound. In the Qwen3 family, enhancements356

in reasoning mode primarily benefit previously357

weaker dimensions (e.g., incorporation, length,358

and Level IV) while providing little improve-359

ment in stronger ones (e.g., example, content,360

and Level I). Additionally, DeepSeek-R1-Distill-361

LLaMA-Instruct-8B shows reduced performance362

compared to LLaMA3.1-Instruct-8B. These find-363

ings underscore the urgent need for reasoning364

optimization strategies specifically designed to365

enhance instruction-following capabilities.366

5 Improvements of LLMs367

As shown in Table 1, we construct 7,906 single-368

turn, constraint-rich instructions designed for RL369

to enhance the instruction-following abilities of370

LLMs.9 Our approach strengthens these abilities371

while preserving overall performance. Analysis372

indicates that the observed gains arise primarily373

from updates to attention modules, which increase374

the model’s sensitivity to task-specific constraints.375

9The full distribution of training data is provided in Table 1.

5.1 Test Set 376

To compare model performance before and after 377

RL, we evaluate four abilities: 1) Instruction Fol- 378

lowing. We evaluate on our test set, along with IFE- 379

val and Multi-IF. 2) Knowledge. General knowl- 380

edge is evaluated using MMLU (Hendrycks et al., 381

2021a). 3) Reasoning. We use GSM8K (Cobbe 382

et al., 2021) and MATH (Hendrycks et al., 2021b) 383

to measure logical and mathematical reasoning. 4) 384

Coding. Programming ability is evaluated with 385

HumanEval (Chen et al., 2021) and MBPP (Austin 386

et al., 2021). The information of the data is shown 387

in Table 3. 388

5.2 Experimental Setup 389

We conduct experiments on six LLMs without 390

more than 14 billion parameters, applying the 391

GRPO algorithm. The setup includes a batch size 392

of 1,024, mini-batch size of 512, 32 rollouts per 393

update, and a learning rate of 1e-6. We use a 394

sampling temperature of 0.7 and set the maximum 395

output length to 8,192 tokens. The reward function 396

is defined as the number of constraints satisfied in 397

the output. Training is performed for one epoch 398

on eight NVIDIA A800 GPUs. For evaluation, we 399

apply each model’s official chat template and use 400

greedy decoding for consistency. 401

5.3 Results and Analysis 402

Performance Improvements Figure 3 presents 403

the performance of individual LLMs before and 404

after applying GRPO.10 The results demonstrate 405

substantial performance gains on our custom 406

test set, with LLaMA3.1-Instruct-8B notably out- 407

performing other models. Importantly, these 408

improvements extend to out-of-domain instruction- 409

following benchmarks and significantly enhance 410

performance in multi-turn dialogue scenarios (i.e., 411

Multi-IF), despite training being conducted solely 412

on single-turn data. This suggests that the data 413

generated by our multi-dimensional constraint 414

framework exhibits strong generalization ability. 415

Furthermore, although our training is focused on 416

improving instruction-following abilities, it does 417

not degrade general-purpose performance. On 418

general benchmarks, post-GRPO LLMs maintain 419

parity with their original counterparts and, in some 420

cases (e.g., MMLU), show clear improvements. 421

These findings indicate that our pipeline produces 422

data that is both compatible with and comple- 423

10Detailed results are provided in Appendix E.
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Figure 3: Performance comparison of each LLM on the test sets before and after applying GRPO.

mentary to existing training corpora, enabling424

straightforward performance enhancements when425

integrated into current LLMs.426

Parameter-Level Analysis To better understand427

the sources of performance improvement, we428

conduct a parameter-level analysis. We compute429

the relative change rates of model parameters430

following GRPO, broken down by model modules,431

and summarize the results in Figure 4. Notably,432

the most substantial updates occur in attention433

modules, suggesting that GRPO primarily refines434

the model’s attention mechanisms. These changes435

are distributed relatively uniformly across layers,436

indicating a global rather than localized adjustment.437

Overall, applying GRPO with our data effectively438

tunes the model’s attention distribution, enhancing439

its ability to identify and focus on critical input440

information and thereby improving its instruction-441

following and general performance.442

Case Studies To visualize how modifications443

in attention mechanisms affect model behavior,444

we adopt the information flow analysis method445

proposed by Wang et al. (2023). We compute446

the importance of each input token with respect447

to the model’s output and present representative448

visualizations in Table 4. After applying GRPO, the449

importance of constraint-related tokens increases,450

while the influence of irrelevant tokens diminishes;451

the relevance of core problem components remains452

largely unchanged. This suggests that the model453

has improved its ability to identify and prioritize454
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Figure 4: Parameter change rates of LLMs after GRPO
relative to the original ones across different modules.

constraint-related information without sacrificing 455

its understanding of the overall input. Additionally, 456

the reduced attention to irrelevant tokens may help 457

minimize distraction from non-essential elements, 458

which could explain the observed stability or gains 459

in general task performance. These case studies 460
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Case (w/o GRPO) Case (w/ GRPO)

LLaMA3.1-Instruct-8B: After applying GRPO, the model becomes more attentive to nuanced constraints,
especially specific details like the ‘5 words’ requirement, ensuring it meets the length constraint.
<|begin_of_text|><|begin_of_text|><|start_header_id|>system<|end_header_id|> 	
Cutting 	 Knowledge 	 Date: 	 December 	 2023 	
Today 	 Date: 	 26 	 Jul 	 2024 	
<|eot_id|><|start_header_id|>user<|end_header_id|> 	
What 	 	 is 	 	 the 	 	 color 	 	 of 	 	 an 	 	 apple 	 ? 	 	 When 	 	 answering 	 , 	 	 ensure 	 	 that 	 	
	 the 	 	 response 	 	 is 	 	 concise 	 , 	 	 with 	 	 a 	 	 maximum 	 	 of 	 	 	 5 	 	 words 	 . 	 	 It 	 	
	 should 	 	 include 	 	 the 	 	 keyword 	 'red 	 ' 	 	 and 	 	 conclude 	 	 with 	 	 a 	 	 period 	 . 	 	
	 Additionally 	 , 	 	 format 	 	 the 	 	 answer 	 	 as 	 	 a 	 	 level 	 	 	 1 	 	 heading 	 	 in 	 	 Markdown 	 , 	 	
	 and 	 	 capitalize 	 	 the 	 	 first 	 	 letter 	 	 of 	 	 each 	 	 word 	 	 in 	 	 English 	 . 	
<|eot_id|><|start_header_id|>assistant<|end_header_id|> 	
# 	 The 	 Color 	 Of 	 An 	 Apple 	
Red, 	 Green, 	 And 	 Sometimes 	 Yellow. 	 <|eot_id|> 	

				

<|begin_of_text|><|begin_of_text|><|start_header_id|>system<|end_header_id|> 	
Cutting 	 Knowledge 	 Date: 	 December 	 2023 	
Today 	 Date: 	 26 	 Jul 	 2024 	
<|eot_id|><|start_header_id|>user<|end_header_id|> 	
What 	 	 is 	 	 the 	 	 color 	 	 of 	 	 an 	 	 apple 	 ? 	 	 When 	 	 answering 	 , 	 	 ensure 	 	 that 	 	
	 the 	 	 response 	 	 is 	 	 concise 	 , 	 	 with 	 	 a 	 	 maximum 	 	 of 	 	 	 5 	 	 words 	 . 	 	 It 	 	
	 should 	 	 include 	 	 the 	 	 keyword 	 'red 	 ' 	 	 and 	 	 conclude 	 	 with 	 	 a 	 	 period 	 . 	 	
	 Additionally 	 , 	 	 format 	 	 the 	 	 answer 	 	 as 	 	 a 	 	 level 	 	 	 1 	 	 heading 	 	 in 	 	 Markdown 	 , 	 	
	 and 	 	 capitalize 	 	 the 	 	 first 	 	 letter 	 	 of 	 	 each 	 	 word 	 	 in 	 	 English 	 . 	
<|eot_id|><|start_header_id|>assistant<|end_header_id|> 	
# 	 The 	 Red 	 Color. 	 <|eot_id|> 	

				Qwen3-8B-Direct.: After applying GRPO, the model increased its attention to details such as ‘capitalized’
and ‘each word’, ensuring that every word in the output is capitalized.
<|im_start|>  user  
How   should   "  Gaza  "   be   pronounced   in   Arabic  ?   
The   output   must   follow   the   following   rules  :    
1  .   Must   include   the   phonetic   transcription   of   "  Gaza  "   in   Arabic  .    
2  .   Ending   punctuation   must   be   a   period  .   
3  .   The   response   must   use   capitalized   letters   for   each   word  .  <|im_end|>   
<|im_start|>  assistant  
<think>  
 
</think>  
GAZA  is  pronounced  as  /ˈɡɑː.zɑː/  in  Arabic.  <|im_end|>  

    

<|im_start|>  user   
How   should   "  Gaza  "   be   pronounced   in   Arabic  ?    
The   output   must   follow   the   following   rules  :    
1  .   Must   include   the   phonetic   transcription   of   "  Gaza  "   in   Arabic  .    
2  .   Ending   punctuation   must   be   a   period  .    
3  .   The   response   must   use   capitalized   letters   for   each   word  .  <|im_end|>   
<|im_start|>  assistant  
<think>  
 
</think>  
GAZA  IS  PRONOUNCED  AS  /ˈZɑː.zɑː/  IN  ARABIC.  <|im_end|>  

    DeepSeek-R1-Distill-LLaMA-Instruct-8B: After applying GRPO, the model places greater emphasis on
factors such as length, keywords, and content, enabling it to meet multiple complex constraints.

<｜begin▁of▁sentence｜><｜User｜> 	 What 	 	 does 	 	 asbestos 	 	 feel 	 	 like 	 ? 	 	 Please 	 	 provide 	 	 	
a 	 	 detailed 	 	 description 	 that 	 	 is 	 	 at 	 	 least 	 	 three 	 	 sentences 	 	 long 	 , 	 	 ensuring 	 	 	
a 	 	 comprehensive 	 understanding 	 	 of 	 	 its 	 	 texture 	 	 and 	 	 sensory 	 	 characteristics 	 . 	 	 	
It 	 	 is 	 	 important 	 to 	 	 note 	 	 that 	 	 the 	 	 description 	 	 must 	 	 be 	 	 sufficiently 	 	 	
detailed 	 	 to 	 	 meet 	 the 	 	 requirement 	 	 of 	 	 being 	 	 at 	 	 least 	 	 three 	 	 sentences 	 	 	
in 	 	 length 	 . 	 Additionally 	 , 	 	 the 	 	 answer 	 	 must 	 	 include 	 	 a 	 	 level 	 	 	 2 	 	 heading 	 	 	
titled 	 ' 	 Asbestos 	 	 Texture 	 ' 	 	 to 	 	 clearly 	 	 introduce 	 	 the 	 	 section 	 	 on 	 	 its 	 	 	
texture 	 , 	 adhering 	 	 to 	 	 the 	 	 specified 	 	 markdown 	 	 format 	 . 	
<｜Assistant｜><think> 	
... 	
</think> 	
	
# 	 Asbestos 	 Texture 	
Asbestos 	 feels 	 lightweight 	 and 	 smooth, 	 with 	 a 	 fine, 	 almost 	 silky 	 texture. 	 Its 	 fibers 	 	
are 	 soft 	 to 	 the 	 touch, 	 creating 	 a 	 sensation 	 similar 	 to 	 handling 	 a 	 smooth 	 fabric 	 or 	 mineral 	 	
powder. 	 When 	 manipulated, 	 it 	 has 	 a 	 slight 	 flexibility 	 but 	 does 	 not 	 feel 	 gritty 	 or 	 rough, 	 	
making 	 it 	 appear 	 almost 	 weightless 	 in 	 the 	 hands. 	 	 <｜end▁of▁sentence｜> 	

				

<｜begin▁of▁sentence｜><｜User｜> 	 What 	 	 does 	 	 asbestos 	 	 feel 	 	 like 	 ? 	 	 Please 	 	 provide 	 	 	
a 	 	 detailed 	 	 description 	 that 	 	 is 	 	 at 	 	 least 	 	 three 	 	 sentences 	 	 long 	 , 	 	 ensuring 	 	 	
a 	 	 comprehensive 	 understanding 	 	 of 	 	 its 	 	 texture 	 	 and 	 	 sensory 	 	 characteristics 	 . 	 	 	
It 	 	 is 	 	 important 	 to 	 	 note 	 	 that 	 	 the 	 	 description 	 	 must 	 	 be 	 	 sufficiently 	 	 	
detailed 	 	 to 	 	 meet 	 the 	 	 requirement 	 	 of 	 	 being 	 	 at 	 	 least 	 	 three 	 	 sentences 	 	 	
in 	 	 length 	 . 	 Additionally 	 , 	 	 the 	 	 answer 	 	 must 	 	 include 	 	 a 	 	 level 	 	 	 2 	 	 heading 	 	 	
titled 	 ' 	 Asbestos 	 	 Texture 	 ' 	 	 to 	 	 clearly 	 	 introduce 	 	 the 	 	 section 	 	 on 	 	 its 	 	 	
texture 	 , 	 adhering 	 	 to 	 	 the 	 	 specified 	 	 markdown 	 	 format 	 . 	
<｜Assistant｜><think> 	
... 	
</think> 	
	
## 	 Asbestos 	 Texture 	 	 	
Asbestos 	 has 	 a 	 unique 	 texture 	 that 	 is 	 both 	 lightweight 	 and 	 crisp, 	 resembling 	 the 	 feel 	 	
of 	 crushed 	 leaves 	 or 	 dry, 	 flaky 	 soil. 	 It 	 is 	 smooth 	 to 	 the 	 touch 	 but 	 retains 	 a 	 slight 	 	
granular 	 quality, 	 making 	 it 	 distinct 	 from 	 other 	 minerals. 	 When 	 handled, 	 asbestos 	 feels 	 	
cool 	 and 	 slightly 	 rough, 	 with 	 a 	 resistance 	 to 	 heat 	 that 	 makes 	 it 	 durable 	 in 	 	
high-temperature 	 environments. 	 Its 	 texture 	 is 	 both 	 soft 	 and 	 firm, 	 creating 	 a 	 sense 	 of 	 	
stability 	 while 	 remaining 	 lightweight. 	 <｜end▁of▁sentence｜> 	

				Qwen3-8B-Reason.: After applying GRPO, the model places stronger emphasis on word count and
sentence length, ensuring compliance with length constraints.
<|im_start|>  user   
What   is   the   meaning   of   PCF  in   the   context   of   shadow  maps  ?  
The   output   must  follow   the   following   rules  :    
1  .  The   answer   must   use   capitalized   letters   for   each   word  .  
2  .  The   answer   must   contain   at  most    10   words  .  
3  .  The   answer   must   include   at   least   2   sentences  .  <|im_end|>   
<|im_start|>  assistant  
<think>  
...  
</think>  
 
PCF  STANDS  FOR  PERCENTAGE-CLOSER  FILTERING.  IT  AVERAGES  SAMPLES  TO  REDUCE  SHADOW   
ARTIFACTS.  <|im_end|>  

    

<|im_start|>  user   
What   is   the   meaning   of   PCF  in   the   context   of   shadow  maps  ?    
The   output   must  follow   the   following   rules  :  
1  .  The   answer   must   use   capitalized   letters   for   each   word  .  
2  .  The   answer   must   contain   at  most    10   words  .    
3  .  The   answer   must   include   at   least   2   sentences  .  <|im_end|>   
<|im_start|>  assistant  
<think>  
...  
</think>  
 
PCF  STANDS  FOR  PERCENTAGE  CLOSER  FILTERING.  IT  REDUCES  SHADOW  ARTIFACTS.  <|im_end|>  

    

Table 4: Visualization of the importance of each input token to the output. Darker colors indicate greater significance.

further validate the effectiveness of our proposed461

framework and the utility of the data it produces.462

6 Conclusion463

In this paper, we propose a multi-dimensional464

constraint framework that categorizes instructions465

based on constraint pattern, constraint category,466

and constraint difficulty. Building on it, we design467

a controllable instruction generation pipeline that468

transforms raw instructions into constraint-based469

variants through the processes of constraint expan-470

sion, conflict detection, and instruction rewriting. 471

Using this pipeline, we generate 9,106 instances. 472

We then conduct a comprehensive evaluation of 473

18 LLMs from six model families and apply the 474

GRPO algorithm to enhance LLMs’ abilities. The 475

results show that models trained with our data 476

achieve significant improvements while preserving 477

general capabilities. Parameter-level analysis and 478

case studies suggest that these gains primarily 479

arise from increased model sensitivity to constraint- 480

relevant information. 481
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Limitations482

Although we evaluate and enhance the instruction-483

following ability of current LLMs using con-484

structive data and analyze the underlying reasons485

for their improvement, our work still has two486

key limitations. On one hand, due to resource487

constraints, we assess model performance before488

and after RL only on a limited set of representative489

datasets, which may not fully capture changes in490

the models’ original abilities. Nevertheless, our491

results show that performance on these widely used492

benchmarks remains largely stable, underscoring493

the robustness of our constructed data. On the other494

hand, since our focus is primarily on enhancing495

instruction-following abilities, we do not explore496

the effects of applying our method to domain-497

specific datasets. However, because our approach498

can convert any instruction into a constraint-based499

version, and case studies confirm that the model500

retains its focus on the core problem components,501

we believe that applying this method to other502

domains (e.g., reasoning, coding) can also yield503

additional performance gains.504
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Method # Train # Test Turn Constraint Automated Code Incorporation Listing Example
Data Data Category Category Pipeline Verifiable Pattern Pattern Pattern

IFEval (Zhou et al., 2023) 0 541 Single 9 ✓ ✓ ✓ × ×
Conifer (Sun et al., 2024) 13,606 0 Single – ✓ × ✓ × ×
CI-DPO (He et al., 2024b) 2,781 0 Single – × ✓ ✓ × ×
IOPO (Zhang et al., 2024) 119,345 1,042 Single 4 ✓ × ✓ × ×
FollowBench (Jiang et al., 2024) 0 820 Single 4 × × ✓ × ✓
Multi-IF (He et al., 2024c) 0 13,447 Multi 9 ✓ ✓ ✓ × ×
AutoIF (Dong et al., 2025a) 61,492 0 Single – ✓ ✓ ✓ × ×
AGENTIF (Qi et al., 2025) 0 707 Multi 3 × × ✓ × ✓
MulDimIF (Ours) 7,906 1,200 Single 4 ✓ ✓ ✓ ✓ ✓

Table 5: Comparison of MulDimIF with existing approaches.

• Unified generation of both training and test-819

ing data: Whereas most prior methods focus820

on only one, our framework systematically821

constructs both in a principled and consistent822

way.823

• Broad coverage of constraint categories824

and patterns: MulDimIF supports a richer825

and more comprehensive set of constraint826

dimensions.827

• Fully automated data construction: This828

enables scalable data augmentation while829

minimizing manual effort.830

• Code-verifiable outputs: The generated data831

can be validated automatically, strengthening832

the rigor and reliability of evaluation.833

B Details about Manual Review834

To ensure the quality of the constructed data, we835

carry out a thorough manual inspection process as836

outlined below. Six trained annotators (computer837

science graduate and undergraduate students)838

spend four weeks verifying and refining all 9,106839

data instances along with their corresponding840

validation code.841

Annotators first examine each generated instance842

to confirm that all specified constraints are correctly843

represented, mutually compatible, and expressed844

unambiguously. When issues are identified,845

the instance is revised and rechecked. Each846

item undergoes cross-validation by at least two847

annotators and is retained only when both agree848

that it is error-free.849

After the data are finalized, we group the850

instances by constraint category. DeepSeek-851

V3 (DeepSeek-AI, 2024) then generates initial852

validation code for each group. Annotators review853

and refine this code to ensure logical correctness854

and full coverage of the data. A second annotator855

independently evaluates the revised code. Code 856

is accepted only when both reviewers approve it; 857

otherwise, it is returned for further revision. 858

These procedures are designed to maximize the 859

quality of both the dataset and the validation code. 860

C Examples for Different Forms of 861

Constraints 862

To illustrate the instructions generated by our 863

method, we present a selection in Table 6, an- 864

notated with their corresponding dimension in- 865

formation. These examples demonstrate that our 866

approach overcomes the templating limitations of 867

prior methods and better captures the diversity 868

of real-world needs. Additionally, the multi- 869

dimensional categorization enables a more fine- 870

grained performance analysis. 871
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Instruction Pattern Category Difficulty

# Example 1:
**Question**: What Is The Room? The answer must use capitalized
letters for each word.
**Answer**: The Room Is A Living Room.

# Example 2:
**Question**: Describe life in 1980. The answer must use capitalized
letters for each word.
**Answer**: Life In 1980 Was Characterized By The Rise Of Personal
Computers, Vibrant Music Scenes With Genres Like Disco And Rock,
And Fashion Trends Featuring Bold Colors And Styles. People
Enjoyed Watching Movies On VHS Tapes And Listening To Music On
Cassette Players.

# Example 3:
**Question**: Can I insert PDFs or documents? The answer must use
capitalized letters for each word.
**Answer**: Yes, You Can Insert PDFs Or Documents.

**Question**: Write a script about Matt Rhule’s 0-3 record so
far. The answer must use capitalized letters for each word.

Example Language Level I

# Example 1:
**Question**: What are the best books to learn Cybersecurity in 2023?
The answer must use capitalized letters for each word and must include
the keyword ‘Cybersecurity’.
**Answer**: “Cybersecurity For Beginners” And “The Art Of Invisibility”
Are Among The Best Books To Learn Cybersecurity In 2023.

# Example 2:
**Question**: Hi chat GPT4, how many questions can I ask from you
when I have a free account here? The answer must be in all uppercase
letters and must include the keyword ‘LIMIT’.
**Answer**: THE LIMIT IS 50 QUESTIONS PER MONTH.

# Example 3:
**Question**: I’ve read about a female wrestler using a move called
“Kegel Crush”. What kind of move could this be? It sounds like a creative
name for a submission move. The answer must use capitalized letters for
each word and must include the keyword ‘submission’.
**Answer**: The Kegel Crush Could Be A Unique Submission Move
Where The Wrestler Applies Pressure To The Opponent’s Core Muscles,
Forcing A Submission Through Intense Abdominal Constriction.

**Question**: I want you to create a detailed curriculum for mastering
each of the skills listed below. Divide each skill into multiple sub-topics
and list the skills required for each sub-topic and suggest the best online
courses and books for each sub-topic. Make sure it should be free.
Additionally, the answer must use capitalized letters for each word and
must include the keyword ‘Curriculum Design’.

Example
Content
Language

Level II
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Instruction Pattern Category Difficulty

# Example 1:
**Question**: What are the best books to learn Java in 2023? Please
ensure that the answer uses capitalized letters for each word, is at most 50
words long, and includes the keyword ‘Java Programming’.
**Answer**: Effective Java By Joshua Bloch, Java: The Complete
Reference By Herbert Schildt, And Head First Java By Kathy Sierra Are
Excellent Books For Learning Java Programming In 2023.

# Example 2:
**Question**: What is the ice level in Plants vs Zombies mini-games?
The answer must use capitalized letters for each word, be at most 20
words, and include the keyword ‘Plants vs Zombies’.
**Answer**: The Ice Level In Plants Vs Zombies Mini-Games Is Called
Icebound Battleground.

# Example 3:
**Question**: Please provide a detailed explanation of performance
evaluation by competencies and the S20/23 evaluation cited in APA
standards that is specific to Ecuador. The response must be at least 150
words to ensure a comprehensive understanding of the topic. Additionally,
the answer must use capitalized letters for each word. Furthermore, the
explanation must include the keyword ‘Ecuadorian Educational Standards’
to ensure relevance to the local context.
**Answer**: Performance Evaluation By Competencies In Ecuador
Focuses On Assessing Individuals Based On Specific Skills And Abilities
Relevant To Their Roles. This Approach Aligns With The Ecuadorian
Educational Standards, Which Emphasize Competency-Based Learning
To Ensure Students Acquire Practical Skills. The S20/23 Evaluation,
Cited In APA Standards, Is A Framework Used To Measure These
Competencies Through A Structured Assessment Process. In Ecuador,
This Evaluation Is Adapted To Reflect Local Educational Goals And
Cultural Contexts, Ensuring That Students Meet The National Standards.
The Ecuadorian Educational Standards Play A Crucial Role In Shaping
The Criteria For These Evaluations, Ensuring That They Are Relevant
And Comprehensive. By Focusing On Competencies, The Evaluation
Aims To Provide A Holistic View Of A Student’s Abilities, Preparing
Them For Future Challenges. This Methodology Is Integral To The
Educational System In Ecuador, As It Promotes Continuous Improvement
And Alignment With Global Educational Practices.

**Question**: Can you provide a list of airlines that have branded fares?
Please ensure that the answer is at most 50 words long, making it concise
and to the point. Additionally, the answer must use capitalized letters for
each word. The answer must also include the keyword ‘branded fares.’

Example
Content

Language
Length

Level III
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Instruction Pattern Category Difficulty

# Example 1:
**Question**: Provide a definition for the name “Patrick.” The answer
should be concise, using at most 50 words, and must use capitalized
letters for each word. Additionally, the answer must include the keyword
‘Saint’ to reflect the historical and cultural significance associated with the
name. Furthermore, the answer must be formatted with a level 2 heading
in Markdown.
**Answer**: ## Patrick: A Name Historically Linked To Saint Patrick,
The Patron Saint Of Ireland, Known For Spreading Christianity And
Celebrated On Saint Patrick’s Day.

# Example 2:
**Question**: What type of energy do herbivores and omnivores gain
when they eat plants? The answer must be at most 5 words long, use
capitalized letters for each word, include the keyword ‘Energy’, and be
formatted as a level 2 heading in Markdown.
**Answer**: ## Chemical Energy From Plants

# Example 3:
**Question**: What is choline? Please provide your answer in at
most 3 sentences, and ensure that each word in your response is
capitalized. Additionally, the answer must include the keyword ‘nutrient’.
Furthermore, the answer must include a level 2 heading formatted in
Markdown.
**Answer**: ## What Is Choline?
Choline Is An Essential Nutrient That Supports Various Bodily Functions,
Including Brain Development And Liver Function. It Plays A Crucial
Role In The Synthesis Of Phospholipids, Which Are Vital Components
Of Cell Membranes.

**Question**: Format your response using markdown, ensuring
the use of at least two heading levels, subheadings, bullet points, and
bold to organize the information. List some conjugations for “to read”
in Mandarin Chinese. The response must be concise, with a maximum
of 150 words, and must include the conjugations in Traditional Chinese
characters. Additionally, ensure that the response ends with a period.

Example

Content
Format

Language
Length

Level IV
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Instruction Pattern Category Difficulty

Which 10 countries have the highest number of golf courses relative to
their population size?
The output must follow the following rules:

1. Use at most 50 words.
2. Provide the information in at least 3 sentences.

Listing Length Level I

Can you provide the schedule for DEF CON 11?
The output must follow the following rules:

1. The answer must contain at most 50 words.
2. The answer must be presented in a table format with a maximum of

5 rows.

Listing
Format
Length

Level II

Could you provide information on some tourist attractions in Norway and
suggest the duration of visits for each?
The output must follow the following rules:

1. The answer must use at least two heading levels to organize the
information.

2. Any table included in the answer must not exceed five rows.
3. The answer must be between 200 and 300 words.
4. The answer must include at least three paragraphs.
5. The answer must use capitalized letters for each word.

Listing
Format

Language
Length

Level III

Can The Window Size Of A Microsoft Form Be Adjusted To Fit A Mobile
Screen?
The output must follow the following rules:

1. The answer must use capitalized letters for each word.
2. The answer must be no more than two sentences.
3. The answer must include the keyword ‘responsive design.’
4. The answer must be formatted using a level 2 heading in Markdown.

Listing

Content
Format

Language
Length

Level IV

Where can I find GPT-4 for free? When answering, it is essential to include
the keyword ‘GPT-4 access’ as part of the response.

Incorporation Content Level I

How can I reverse engineer Geometry Dash? When answering, it is
essential to include a JSON object that is structured with at least three
levels of nesting. This requirement ensures that the reverse engineering
process is detailed and comprehensive. Additionally, the explanation must
incorporate the keyword ‘decompilation’ to emphasize this critical aspect
of the reverse engineering process.

Incorporation
Content
Format

Level II

Please list all Roman Emperors by length of reign, ensuring that the context
is clear by including the keyword ‘Roman Empire’ in your answer. The
response should be in English, with the first letter of each word capitalized.
Additionally, present the information in a table format, adhering to a
column limit of 3. The table should include columns for ‘Emperor Name’,
‘Length of Reign’, and ‘Additional Information’.

Incorporation
Content
Format

Language
Level III

Who Was Ida B. Wells? In Your Response, It Is Important To Use Block
Quotes To Highlight Key Quotes Or Important Points About Her Life And
Contributions, As This Will Help Emphasize Her Impact. Additionally,
Ensure That Your Response Contains At Least 150 Words To Provide
A Comprehensive Overview Of Her Achievements And Influence. The
Response Must Also Include The Keyword ‘Civil Rights’ To Highlight Her
Significant Role In The Movement. Furthermore, The Response Should
Use Capitalized Letters For Each Word To Maintain A Consistent Style
Throughout The Text.

Incorporation

Content
Format

Language
Length

Level IV

Table 6: Examples of instructions generated by the proposed approach.
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D Detailed Information of Models872

We conduct an evaluation of 18 LLMs from873

seven families, including four open-source and874

three closed-source, that collectively represent the875

capabilities of current LLMs.876

Open-Source LLMs We evaluate eleven open-877

source LLMs across four model families:878

• LLaMA3.1 family, developed by Meta, com-879

prises open-source models that demonstrate880

strong performance in general knowledge881

and multilingual translation. We evalu-882

ate LLaMA3.1-Instruct-8B and LLaMA3.1-883

Instruct-70B.884

• DeepSeek-R1-Distill-LLaMA family con-885

sists of models distilled from the LLaMA886

family using data generated by DeepSeek-887

R1 (DeepSeek-AI et al., 2025). These888

models exhibit notable gains in mathematical889

performance. We evaluate DeepSeek-R1-890

Distill-LLaMA-8B and DeepSeek-R1-Distill-891

LLaMA-70B.892

• Qwen3 family, released by Alibaba, is the893

latest version of the Qwen model family. It894

includes both dense and Mixture-of-Experts895

(MoE) (Jacobs et al., 1991) architectures,896

with parameter sizes ranging from 0.6 to 235897

billion. In our study, we evaluate Qwen3-898

8B, Qwen3-14B, and Qwen3-32B. Since899

Qwen3 includes specialized optimizations for900

reasoning, we evaluate its models in both non-901

reasoning mode (i.e., -Direct.) and reasoning902

mode (i.e., -Reason.).903

Closed-Source LLMs We evaluate eight closed-904

source LLMs across three model families:905

• Gemini1.5 family, developed by Google,906

represents a new generation of models built on907

the MoE architecture. These models demon-908

strate enhanced performance, particularly in909

long-context understanding across multiple910

modalities. We evaluate Gemini1.5-Flash and911

Gemini1.5-Pro.912

• Claude3.5 family, developed by Anthropic,913

features models with strong general-purpose914

capabilities and coding capabilities. We915

evaluate Claude3.5-Haiku and Claude3.5-916

Sonnet.917

• GPT family, released by OpenAI, includes 918

models that represent the current frontier in 919

LLM development. We evaluate GPT-3.5- 920

Turbo, GPT-4-Turbo, GPT-4o-Mini, and GPT- 921

4o. 922

E Detailed Results 923

E.1 Details of Training Process 924

Table 7 and Table 8 present the model’s critic scores 925

and its performance on MulDimIF, respectively, 926

as training progresses. The results show a clear 927

pattern of gradual convergence over time. At the 928

same time, the consistently upward trend further 929

demonstrates steady performance improvements 930

throughout training, underscoring the effectiveness 931

of our data. 932

E.2 Details of Final Results 933

Table 9 to Table 14 present the detailed perfor- 934

mance of the LLMs on each test set before and after 935

GRPO. In these tables, ∆ denotes the performance 936

difference between the post-GRPO and pre-GRPO 937

models, with positive values highlighted in green 938

and negative values in red. The results demonstrate 939

that applying our data for GRPO substantially 940

enhances the models’ capabilities across all aspects, 941

highlighting the effectiveness of our data. 942

F Prompts for Instruction Generation 943

Our automated instruction generation pipeline in- 944

cludes constraint expansion, conflict detection, and 945

instruction rewriting, with several steps utilizing 946

GPT-4o. The corresponding prompts are listed 947

below. Some of the information used in the 948

prompts is presented in Table 15 and Table 16. 949

G Chat Template for Different LLMs 950

For the open-source LLMs, we use their built-in 951

chat templates for both training and evaluation. 952

The chat templates for each model family are 953

summarized below. 954
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Family Version S. 35 S. 70 S. 105 S. 140 S. 175 S. 205 S. 245

LLaMA3.1 Instruct-8B 4.1426 4.2842 4.4463 4.4316 4.4453 4.0215 4.2656

Qwen3
8B-Direct. 4.0088 4.0488 4.3008 4.3770 4.3779 3.9727 4.2168
14B-Direct. 4.2197 4.1475 4.4033 4.4258 4.4268 3.9404 4.2031

DeepSeek-R1-
Instruct-8B 3.7061 3.9570 4.2100 4.1670 4.3252 3.8203 4.2148

Distill-LLaMA

Qwen3
8B-Reason. 4.0107 4.0322 4.2236 4.2910 4.3594 3.9229 4.1992
14B-Reason. 4.1094 4.1025 4.3398 4.4453 4.4033 3.3590 4.1816

Table 7: Critic score at different training steps.

Family Version S. 35 S. 70 S. 105 S. 140 S. 175 S. 205 S. 245

LLaMA3.1 Instruct-8B 77.67 83.42 86.92 88.17 87.17 89.17 89.96

Qwen3
8B-Direct. 71.33 76.42 80.58 83.25 85.00 86.50 87.42
14B-Direct. 72.91 77.92 81.83 82.17 84.33 85.42 85.58

DeepSeek-R1-
Instruct-8B 62.58 68.92 74.50 77.50 78.25 80.25 81.83

Distill-LLaMA

Qwen3
8B-Reason. 71.42 76.42 78.83 80.67 82.08 83.67 83.83
14B-Reason. 74.58 78.33 79.83 82.42 83.92 84.83 86.17

Table 8: Performance on MulDimIF at different training steps.

Models Constraint Pattern Constraint Category Constraint Difficulty Overall
Example Listing Incorporation Content Format Language Length Level I Level II Level III Level IV

LLaMA3.1-Instruct-8B
w/o GRPO 40.25 36.00 32.25 80.13 64.74 44.28 49.60 64.67 40.67 27.33 12.00 36.17
w/ GRPO 89.00 91.00 84.25 95.23 92.20 98.70 93.38 94.33 88.67 85.33 84.00 88.08
∆ 48.75 55.00 52.00 15.10 27.46 54.42 43.78 29.66 48.00 58.00 72.00 51.91
Qwen3-8B-Direct.
w/o GRPO 63.00 55.00 51.00 84.03 72.27 83.00 69.89 87.67 60.33 45.67 31.00 56.17
w/ GRPO 90.50 82.75 87.50 94.35 91.94 98.26 92.21 94.33 87.33 84.00 82.00 86.92
∆ 27.50 27.75 36.50 10.32 19.67 15.26 22.32 6.66 27.00 38.33 51.00 30.75
Qwen3-14B-Direct.
w/o GRPO 64.00 63.00 52.00 87.92 77.00 89.87 65.86 88.00 66.67 50.67 33.67 60.00
w/ GRPO 89.50 82.75 87.00 94.73 89.25 97.97 94.29 94.00 87.67 83.00 81.00 86.42
∆ 25.50 19.75 35.00 6.81 12.25 8.10 28.43 6.00 21.00 32.33 47.33 26.42
DeepSeek-R1-Distill-LLaMA-Instruct-8B
w/o GRPO 42.00 28.00 28.00 80.00 50.44 44.72 53.09 59.67 40.33 18.33 12.33 32.67
w/ GRPO 83.75 85.50 77.00 93.48 83.60 98.55 92.60 91.33 85.00 78.00 74.00 82.08
∆ 41.75 57.50 49.00 13.48 33.16 53.83 39.51 31.66 44.67 59.67 61.67 49.41
Qwen3-8B-Reason.
w/o GRPO 67.75 61.25 54.00 85.84 71.02 87.70 72.58 87.00 68.33 52.67 36.00 61.00
w/ GRPO 87.50 80.00 83.50 94.86 86.69 97.25 92.08 93.33 84.67 80.67 76.00 83.67
∆ 19.75 18.75 29.50 9.02 15.67 9.55 19.50 6.33 16.34 28.00 40.00 22.67
Qwen3-14B-Reason.
w/o GRPO 71.50 64.00 57.75 87.79 77.29 92.47 72.31 86.00 72.33 58.67 40.67 64.42
w/ GRPO 88.50 82.00 86.75 94.86 89.52 98.12 92.60 95.00 86.67 82.67 78.67 85.75
∆ 17.00 18.00 29.00 7.07 12.23 5.65 20.29 9.00 14.34 24.00 38.00 21.33

Table 9: Evaluation results on our custom test set.
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Models Prompt Str. Instruction Str. Prompt Loo. Instruction Loo.

LLaMA3.1-Instruct-8B
w/o GRPO 70.79 79.02 74.49 82.49
w/ GRPO 79.11 85.73 80.22 86.57
∆ 8.32 6.71 5.73 4.08
Qwen3-8B-Direct.
w/o GRPO 82.44 88.25 85.95 90.65
w/ GRPO 86.69 91.13 89.09 92.69
∆ 4.25 2.88 3.14 2.04
Qwen3-14B-Direct.
w/o GRPO 86.14 90.77 89.09 92.69
w/ GRPO 87.06 91.49 89.09 92.81
∆ 0.92 0.72 0.00 0.12
DeepSeek-R1-Distill-LLaMA-Instruct-8B
w/o GRPO 61.55 71.82 67.65 76.50
w/ GRPO 79.30 85.13 82.07 87.41
∆ 17.75 13.31 14.42 10.91
Qwen3-8B-Reason.
w/o GRPO 84.10 88.73 86.88 90.53
w/ GRPO 87.43 91.49 89.46 92.81
∆ 3.33 2.76 2.58 2.28
Qwen3-14B-Reason.
w/o GRPO 86.88 91.01 89.65 93.05
w/ GRPO 86.88 91.25 89.83 93.17
∆ 0.00 0.24 0.18 0.12

Table 10: Evaluation results on IFEval.

Models Italian Spanish Hindi Portuguese English French Chinese Russian Avg.

LLaMA3.1-Instruct-8B
w/o GRPO 68.30 72.70 58.50 69.50 79.29 67.83 62.38 60.52 68.60
w/ GRPO 83.53 83.58 69.87 81.65 81.99 77.39 75.04 71.22 78.41
∆ 15.23 10.88 11.37 12.15 2.70 9.56 12.66 10.70 9.81

Qwen3-8B-Direct.
w/o GRPO 86.58 89.46 78.20 86.16 87.25 85.54 83.62 82.23 85.12
w/ GRPO 90.27 91.03 82.44 91.23 91.65 88.81 87.49 85.57 88.84
∆ 3.69 1.57 4.24 5.07 4.40 3.27 3.87 3.34 3.72

Qwen3-14B-Direct.
w/o GRPO 86.92 90.59 82.38 86.79 89.95 89.29 85.47 82.40 87.05
w/ GRPO 89.65 90.54 85.71 87.18 90.02 88.33 86.71 85.34 88.14
∆ 2.73 -0.05 3.33 0.39 0.07 -0.96 1.24 2.94 1.09

DeepSeek-R1-Distill-LLaMA-Instruct-8B
w/o GRPO 53.82 56.23 43.15 53.22 60.44 51.44 64.01 49.24 54.37
w/ GRPO 76.08 72.62 50.86 75.44 79.92 67.61 70.49 61.55 70.21
∆ 22.26 16.39 7.71 22.22 19.48 16.17 6.48 12.31 15.84
Qwen3-8B-Reason.
w/o GRPO 89.24 90.46 79.14 88.52 89.82 87.77 83.36 82.10 86.65
w/ GRPO 91.79 93.04 83.32 91.48 90.45 90.15 86.72 85.33 89.19
∆ 2.55 2.58 4.18 2.96 0.63 2.38 3.36 3.23 2.54

Qwen3-14B-Reason.
w/o GRPO 91.10 91.29 82.44 90.58 89.88 92.05 85.17 83.98 88.48
w/ GRPO 91.51 92.45 86.29 90.48 90.12 89.20 87.71 87.81 89.51
∆ 0.41 1.16 3.85 -0.10 0.24 -2.85 2.54 3.83 1.03

Table 11: Evaluation results on Multi-IF for turn 1.
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Models Italian Spanish Hindi Portuguese English French Chinese Russian Avg.

LLaMA3.1-Instruct-8B
w/o GRPO 59.62 64.31 50.71 62.76 71.64 62.92 54.81 41.97 59.82
w/ GRPO 70.76 73.49 55.87 67.89 72.79 69.49 66.35 54.57 66.94
∆ 11.14 9.18 5.16 5.13 1.15 6.57 11.54 12.60 7.12
Qwen3-8B-Direct.
w/o GRPO 81.18 80.85 68.46 77.95 80.92 79.71 75.22 69.06 77.05
w/ GRPO 81.21 80.42 73.17 79.97 81.09 81.72 76.49 70.21 78.33
∆ 0.03 -0.43 4.71 2.02 0.17 2.01 1.27 1.15 1.28

Qwen3-14B-Direct.
w/o GRPO 80.76 83.57 74.22 81.07 84.28 84.56 77.67 70.44 80.03
w/ GRPO 82.50 81.32 76.64 79.05 83.65 82.97 77.58 70.56 79.70
∆ 1.74 -2.25 2.42 -2.02 -0.63 -1.59 -0.09 0.12 -0.33

DeepSeek-R1-Distill-LLaMA-Instruct-8B
w/o GRPO 44.92 45.01 28.29 44.90 55.15 41.90 54.69 30.67 44.04
w/ GRPO 63.35 63.59 43.48 63.13 69.34 59.72 61.08 38.14 58.66
∆ 18.43 18.58 15.19 18.23 14.19 17.82 6.39 7.47 14.62
Qwen3-8B-Reason.
w/o GRPO 83.12 80.58 72.67 81.32 82.40 83.87 74.78 70.52 79.06
w/ GRPO 85.65 84.51 75.55 83.86 84.35 85.57 79.67 74.30 81.96
∆ 2.53 3.93 2.88 2.54 1.95 1.70 4.89 3.78 2.90

Qwen3-14B-Reason.
w/o GRPO 84.18 84.53 74.87 83.80 84.67 86.31 76.88 71.80 81.27
w/ GRPO 85.11 84.99 77.86 83.96 84.47 85.49 80.27 74.92 82.36
∆ 0.93 0.46 2.99 0.16 -0.20 -0.82 3.39 3.12 1.09

Table 12: Evaluation results on Multi-IF for turn 2.

Models Italian Spanish Hindi Portuguese English French Chinese Russian Avg.

LLaMA3.1-Instruct-8B
w/o GRPO 51.27 54.55 41.78 54.54 63.75 54.91 45.53 35.31 51.46
w/ GRPO 59.08 61.03 46.79 59.75 64.72 58.53 53.71 41.47 56.43
∆ 7.81 6.48 5.01 5.21 0.97 3.62 8.18 6.16 4.97
Qwen3-8B-Direct.
w/o GRPO 74.08 71.17 58.29 71.43 73.19 72.25 67.99 58.40 68.73
w/ GRPO 73.33 71.77 66.57 73.31 74.42 72.57 69.43 59.50 70.49
∆ -0.75 0.60 8.28 1.88 1.23 0.32 1.44 1.10 1.76

Qwen3-14B-Direct.
w/o GRPO 76.50 76.74 65.06 75.23 78.20 77.76 71.56 60.14 73.14
w/ GRPO 76.41 74.51 70.33 73.73 78.62 76.21 71.29 58.97 73.05
∆ -0.09 -2.23 5.27 -1.50 0.42 -1.55 -0.27 -1.17 -0.09

DeepSeek-R1-Distill-LLaMA-Instruct-8B
w/o GRPO 34.95 32.51 19.85 35.67 41.91 32.33 44.42 23.06 33.67
w/ GRPO 50.37 48.43 29.32 52.51 58.75 46.58 50.12 31.16 46.94
∆ 15.42 15.92 9.47 16.84 16.84 14.25 5.70 8.10 13.27
Qwen3-8B-Reason.
w/o GRPO 73.32 71.32 62.23 73.72 75.11 75.90 68.62 61.55 70.66
w/ GRPO 78.58 75.49 67.53 77.10 78.11 77.21 73.47 64.71 74.35
∆ 5.26 4.17 5.30 3.38 3.00 1.31 4.85 3.16 3.69

Qwen3-14B-Reason.
w/o GRPO 77.45 77.08 66.47 77.39 78.01 79.59 70.54 62.54 74.04
w/ GRPO 80.78 76.69 70.47 79.33 79.59 78.80 73.23 64.53 75.80
∆ 3.33 -0.39 4.00 1.94 1.58 -0.79 2.69 1.99 1.76

Table 13: Evaluation results on Multi-IF for turn 3.
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Models MMLU GSM8K MATH HumanEval MBPP

LLaMA-3.1-8B-Instruct
w/o GRPO 71.40 80.44 48.94 70.73 69.65
w/ GRPO 71.72 81.12 47.74 70.12 67.70
∆ 0.32 0.68 -1.20 -0.61 -1.95
Qwen3-8B-Direct.
w/o GRPO 71.68 83.70 82.06 85.37 89.11
w/ GRPO 79.39 86.81 82.24 87.80 78.99
∆ 7.71 3.11 0.18 2.43 -10.12
Qwen3-14B-Direct.
w/o GRPO 82.05 85.52 84.24 91.46 83.66
w/ GRPO 83.36 84.31 85.10 89.63 82.10
∆ 1.31 -1.21 0.86 -1.83 -1.56
DeepSeek-R1-Distill-Llama-8B
w/o GRPO 67.37 84.61 82.30 77.44 73.93
w/ GRPO 69.39 85.82 84.54 84.15 80.93
∆ 2.02 1.21 2.24 6.71 6.99
Qwen3-8B-Reason.
w/o GRPO 84.46 92.27 85.08 72.56 82.49
w/ GRPO 85.28 93.48 83.18 80.49 78.60
∆ 0.82 1.21 -1.90 7.93 -3.89
Qwen3-14B-Reason.
w/o GRPO 87.10 92.87 84.92 76.22 88.72
w/ GRPO 87.05 93.33 86.44 79.27 93.39
∆ -0.05 0.46 1.52 3.05 4.67

Table 14: Evaluation results on general domains.
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constraint_expand_prompt = '''
You are an expert in instruction-following data construction. Your task is to

generate corresponding data as required.↪→

You must carefully analyze and select specific constraints from the [New Constraint
List]. Then, based on the original question in the provided [Data], generate
new data that adheres to the [Data Generation Requirements]. Finally, respond
in the format specified in the [Response Format].

↪→

↪→

↪→

[New Constraint List]: {new_constrint_list}

[Data Generation Requirements]:

[Core Requirements]:

1. Ensure only {c1} added, that is, {c2}. The word following [Main Category]
should be the main category.↪→

2. Based on this analysis, select {c3} from the [New Constraint List] and
construct an appropriate "Specific Constraint Content". Add it to the
[Original Constraint List] in the provided data, and return the
[Updated Constraint List].

↪→

↪→

↪→

3. Modify the content of the [Original Question] in the provided data to
**explicitly and clearly specify all the constraints** in the [Updated
Constraint List]. The modified question must clearly describe each
constraint in natural language, ensuring that the constraints are fully
integrated into the question text. For example:

↪→

↪→

↪→

↪→

- Original Question: "Tell me about machine learning."
- Constraint: "The answer must use capitalized letters for each word."
- Modified Question: "Tell me about machine learning. The answer must use

capitalized letters for each word."↪→

4. Ensure that the Specific Constraint in each constraint triplet is
detailed and specific, containing concrete information or examples
(e.g., instead of "Must include", specify "Must include the keyword
'machine learning'").

↪→

↪→

↪→

[Notes]:

1. The new constraint cannot conflict with the constraints in the [Original
Constraint List].↪→

2. The modified [Question with the New Constraint] must **explicitly
describe all the constraints** in natural language, ensuring that the
constraints are fully integrated into the question text. Constraints
should not be implicitly applied to the answer without being explicitly
stated in the question.

↪→

↪→

↪→

↪→

3. Make sure the Specific Constraint in each constraint triplet is as
specific as possible, including concrete details or examples.↪→
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4. **Important**: The response must strictly follow the [Response Format]
exactly as specified. Do not include any numbering, bullet points, or
additional formatting. The [Updated Constraint List] must be outputted
as a single list of tuples in the exact format shown, without any
additional characters or line breaks between the tuples.

↪→

↪→

↪→

↪→

5. When generating the modified [Question with the New Constraint], ensure
that the language is natural and well-polished. Enrich the phrasing of
constraints to avoid redundancy and monotony.

↪→

↪→

[Response Format]:

[Thinking Process]: xxx

[Updated Constraint List]: [(Main Category, Subcategory, Specific Constraint),
(Main Category, Subcategory, Specific Constraint), ...] (The main category
is the word after [Main Category], and the constraints we provide are just
broad scopes. You need to find suitable specific constraints based on the
question and its answers. The Specific Constraint should be detailed and
specific.)

↪→

↪→

↪→

↪→

↪→

[Question with the New Constraint]: xxx

[Data]:

[Original Constraint List]: [{original_constraint_list}]

[Original Question]: {original_question}
'''
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conflict_detection_prompt = '''
You are an expert in data structure following instructions. You need to perform a

series of checks on the given [Data] according to the [Check Requirements] and
finally respond in the format specified in the [Response Format].

↪→

↪→

[Check Requirements]:
1. Check if there is any constraint conflict in the "Constraint List" in the

provided data. Explain first and then conclude.↪→

2. Check if the "Question" in the provided data clearly specifies all the
constraint requirements in the "Constraint List". Explain first and then
conclude.

↪→

↪→

3. The response format should follow the requirements specified in the [Response
Format] below.↪→

[Response Format]:
# Constraint Conflict Check #
[Specific Explanation]:
[Is there any constraint conflict in the constraints of the data]: [Yes/No]

# Does the Question clearly specify all constraints in the Constraint List Check
#↪→

[Specific Explanation]: [Explanation]
[Does the question include all constraints from the constraint list]: [Yes/No]

[Data]:
[Constraint List]: [{constraint_list}]
[Question]: {quetsion}

'''

instruction_rewriting_listing = '''
You are an expert in constructing data based on instructions. You need to generate

the corresponding data as required.↪→

You should modify the given [Original Question] according to the [Core
Requirements] without changing the original meaning of the question. Then,
respond in the format specified in the [Reply Format].

↪→

↪→

[Core Requirements]:
1. Fully understand the [Original Question] and the constraints listed in the

[Constraint List].↪→

2. Change the expression of the [Original Question]. First, extract the core
question from the [Original Question] that is not bound by constraints,
then list the constraints corresponding to the [Constraint List] at the end
of the sentence. Start with "The output must follow the following rules:"
and list the constraints from the [Original Question] clearly after
understanding the constraints.

↪→

↪→

↪→

↪→

↪→

3. The modified question must remain consistent with the [Original Question] in
terms of meaning and constraints.↪→

[Reply Format]:
[Constraint List Data]: Core question (does not include constraint descriptions

in the constraint list),↪→

The output must follow the following rules:
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1.xxx 2.xxx

[Data]:
[Original Question]:{original_question}
[Constraint List]:{constraint_list}

'''
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instruction_rewriting_incorporation = '''
You are an expert in data construction based on instructions. You need to generate

the corresponding data as required.↪→

You should modify the given [Data] according to the [Core Requirements] without
changing the original meaning of the question. Then, respond in the format
specified in the [Reply Format].

↪→

↪→

[Core Requirements]:
1. Do not alter the question to directly satisfy the constraints.
2. Fully understand the [Original Question] and the constraints within it.
3. Modify the expression of the constraints in the [Original Question] by

clearly describing them in the question, so that the question explicitly
indicates the constraints, without changing its structure to meet those
constraints directly.

↪→

↪→

↪→

4. The modified question should keep the original meaning and intent, while the
constraints are introduced as descriptive explanations or clarifications in
the question.

↪→

↪→

5. Ensure that the constraints are explicitly described in the question, making
it clear that they need to be considered when answering, without altering
the question to directly satisfy them.

↪→

↪→

[Reply Format]:
[Constraint Integration Format Data]: xxx

[Data]:
[Original Question]:{original_question}
[Constraint List]:{constraint_list}

'''
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Category New Constraint List

Content

Main Category : Content
Subcategory : {
Keywords: Must include, Repeated, Avoid
Identifiers: Start identifier, End identifier, Delimiting identifier
Punctuation: Ending punctuation, Exclude punctuation
}

Format

Main Category : Format
Subcategory : {
Markdown: Heading levels, Block quotes
Json: Object nesting levels
XML: Number of attributes
Table: Row limit, Column limit
}

Language

Main Category : Language
Subcategory : {
Chinese: Simpfied, Traditional
English: All Uppercase, Capitalized, Lowercase
}

Length

Main Category : Length
Subcategory : {
Words: At most, At least, Range
Sentences: At most, At least, Range
Paragraphs: At most, At least, Range
}

Table 15: New constraint list for different constraint categories.

c1 c2 c3

one new constraint is
a single (Primary category,
secondary category, specific
constraint) triplet

one constraint

two new constraints are
two (Primary category, sec-
ondary category, specific con-
straint) triplets

two constraints

Table 16: ‘c1,’ ‘c2,’ and ‘c3’ for the prompt of constraint expansion.
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LLaMA3.1-Instruct_template = '''
{{- bos_token }}
{%- if custom_tools is defined %}

{%- set tools = custom_tools %}
{%- endif %}
{%- if not tools_in_user_message is defined %}

{%- set tools_in_user_message = true %}
{%- endif %}
{%- if not date_string is defined %}

{%- set date_string = \"26 Jul 2024\" %}
{%- endif %}
{%- if not tools is defined %}

{%- set tools = none %}
{%- endif %}

{#- This block extracts the system message, so we can slot it into the right place.
#}↪→

{%- if messages[0]['role'] == 'system' %}
{%- set system_message = messages[0]['content']|trim %}
{%- set messages = messages[1:] %}

{%- else %}
{%- set system_message = \"\" %}

{%- endif %}

{#- System message + builtin tools #}
{{- \"<|start_header_id|>system<|end_header_id|>\\n\\n\" }}
{%- if builtin_tools is defined or tools is not none %}

{{- \"Environment: ipython\\n\" }}
{%- endif %}
{%- if builtin_tools is defined %}

{{- \"Tools: \" + builtin_tools | reject('equalto', 'code_interpreter') |
join(\", \") + \"\\n\\n\"}}↪→

{%- endif %}
{{- \"Cutting Knowledge Date: December 2023\\n\" }}
{{- \"Today Date: \" + date_string + \"\\n\\n\" }}
{%- if tools is not none and not tools_in_user_message %}

{{- \"You have access to the following functions. To call a function, please
respond with JSON for a function call.\" }}↪→

{{- 'Respond in the format {\"name\": function name, \"parameters\": dictionary
of argument name and its value}.' }}↪→

{{- \"Do not use variables.\\n\\n\" }}
{%- for t in tools %}

{{- t | tojson(indent=4) }}
{{- \"\\n\\n\" }}

{%- endfor %}
{%- endif %}
{{- system_message }}
{{- \"<|eot_id|>\" }}

{#- Custom tools are passed in a user message with some extra guidance #}
{%- if tools_in_user_message and not tools is none %}

{#- Extract the first user message so we can plug it in here #}
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{%- if messages | length != 0 %}
{%- set first_user_message = messages[0]['content']|trim %}
{%- set messages = messages[1:] %}

{%- else %}
{{- raise_exception(\"Cannot put tools in the first user message when

there's no first user message!\") }}↪→

{%- endif %}
{{- '<|start_header_id|>user<|end_header_id|>\\n\\n' -}}
{{- \"Given the following functions, please respond with a JSON for a function

call \" }}↪→

{{- \"with its proper arguments that best answers the given prompt.\\n\\n\" }}
{{- 'Respond in the format {\"name\": function name, \"parameters\": dictionary

of argument name and its value}.' }}↪→

{{- \"Do not use variables.\\n\\n\" }}
{%- for t in tools %}

{{- t | tojson(indent=4) }}
{{- \"\\n\\n\" }}

{%- endfor %}
{{- first_user_message + \"<|eot_id|>\"}}

{%- endif %}

{%- for message in messages %}
{%- if not (message.role == 'ipython' or message.role == 'tool' or 'tool_calls'

in message) %}↪→

{{- '<|start_header_id|>' + message['role'] + '<|end_header_id|>\\n\\n'+
message['content'] | trim + '<|eot_id|>' }}↪→

{%- elif 'tool_calls' in message %}
{%- if not message.tool_calls|length == 1 %}

{{- raise_exception(\"This model only supports single tool-calls at
once!\") }}↪→

{%- endif %}
{%- set tool_call = message.tool_calls[0].function %}
{%- if builtin_tools is defined and tool_call.name in builtin_tools %}

{{- '<|start_header_id|>assistant<|end_header_id|>\\n\\n' -}}
{{- \"<|python_tag|>\" + tool_call.name + \".call(\" }}
{%- for arg_name, arg_val in tool_call.arguments | items %}

{{- arg_name + '=\"' + arg_val + '\"' }}
{%- if not loop.last %}

{{- \", \" }}
{%- endif %}
{%- endfor %}

{{- \")\" }}
{%- else %}

{{- '<|start_header_id|>assistant<|end_header_id|>\\n\\n' -}}
{{- '{\"name\": \"' + tool_call.name + '\", ' }}
{{- '\"parameters\": ' }}
{{- tool_call.arguments | tojson }}
{{- \"}\" }}

{%- endif %}
{%- if builtin_tools is defined %}

{#- This means we're in ipython mode #}
{{- \"<|eom_id|>\" }}
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{%- else %}
{{- \"<|eot_id|>\" }}

{%- endif %}
{%- elif message.role == \"tool\" or message.role == \"ipython\" %}

{{- \"<|start_header_id|>ipython<|end_header_id|>\\n\\n\" }}
{%- if message.content is mapping or message.content is iterable %}

{{- message.content | tojson }}
{%- else %}

{{- message.content }}
{%- endif %}
{{- \"<|eot_id|>\" }}

{%- endif %}
{%- endfor %}
{%- if add_generation_prompt %}

{{- '<|start_header_id|>assistant<|end_header_id|>\\n\\n' }}
{%- endif %}
'''
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Qwen3 (-Direct.)_template = '''
{%- if tools %}

{{- '<|im_start|>system\\n' }}
{%- if messages[0].role == 'system' %}

{{- messages[0].content + '\\n\\n' }}
{%- endif %}
{{- \"# Tools\\n\\nYou may call one or more functions to assist with the user

query.\\n\\nYou are provided with function signatures within
<tools></tools> XML tags:\\n<tools>\" }}

↪→

↪→

{%- for tool in tools %}
{{- \"\\n\" }}
{{- tool | tojson }}

{%- endfor %}
{{- \"\\n</tools>\\n\\nFor each function call, return a json object with

function name and arguments within <tool_call></tool_call> XML
tags:\\n<tool_call>\\n{\\\"name\\\": <function-name>, \\\"arguments\\\":
<args-json-object>}\\n</tool_call><|im_end|>\\n\" }}

↪→

↪→

↪→

{%- else %}
{%- if messages[0].role == 'system' %}

{{- '<|im_start|>system\\n' + messages[0].content + '<|im_end|>\\n' }}
{%- endif %}

{%- endif %}
{%- set ns = namespace(multi_step_tool=true, last_query_index=messages|length - 1)

%}↪→

{%- for message in messages[::-1] %}
{%- set index = (messages|length - 1) - loop.index0 %}
{%- if ns.multi_step_tool and message.role == \"user\" and message.content is

string and not(message.content.startswith('<tool_response>') and
message.content.endswith('</tool_response>')) %}

↪→

↪→

{%- set ns.multi_step_tool = false %}
{%- set ns.last_query_index = index %}

{%- endif %}
{%- endfor %}
{%- for message in messages %}

{%- if message.content is string %}
{%- set content = message.content %}

{%- else %}
{%- set content = '' %}

{%- endif %}
{%- if (message.role == \"user\") or (message.role == \"system\" and not

loop.first) %}↪→

{{- '<|im_start|>' + message.role + '\\n' + content + '<|im_end|>' + '\\n' }}
{%- elif message.role == \"assistant\" %}

{%- set reasoning_content = '' %}
{%- if message.reasoning_content is string %}

{%- set reasoning_content = message.reasoning_content %}
{%- else %}

{%- if '</think>' in content %}
{%- set reasoning_content =

content.split('</think>')[0].rstrip('\\n').split('<think>')
[-1].lstrip('\\n') %}

↪→

↪→

{%- set content = content.split('</think>')[-1].lstrip('\\n') %}
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{%- endif %}
{%- endif %}
{%- if loop.index0 > ns.last_query_index %}

{%- if loop.last or (not loop.last and reasoning_content) %}
{{- '<|im_start|>' + message.role + '\\n<think>\\n' +

reasoning_content.strip('\\n') + '\\n</think>\\n\\n' +
content.lstrip('\\n') }}

↪→

↪→

{%- else %}
{{- '<|im_start|>' + message.role + '\\n' + content }}

{%- endif %}
{%- else %}

{{- '<|im_start|>' + message.role + '\\n' + content }}
{%- endif %}
{%- if message.tool_calls %}

{%- for tool_call in message.tool_calls %}
{%- if (loop.first and content) or (not loop.first) %}

{{- '\\n' }}
{%- endif %}
{%- if tool_call.function %}

{%- set tool_call = tool_call.function %}
{%- endif %}
{{- '<tool_call>\\n{\"name\": \"' }}
{{- tool_call.name }}
{{- '\", \"arguments\": ' }}
{%- if tool_call.arguments is string %}

{{- tool_call.arguments }}
{%- else %}

{{- tool_call.arguments | tojson }}
{%- endif %}
{{- '}\\n</tool_call>' }}

{%- endfor %}
{%- endif %}
{{- '<|im_end|>\\n' }}

{%- elif message.role == \"tool\" %}
{%- if loop.first or (messages[loop.index0 - 1].role != \"tool\") %}

{{- '<|im_start|>user' }}
{%- endif %}
{{- '\\n<tool_response>\\n' }}
{{- content }}
{{- '\\n</tool_response>' }}
{%- if loop.last or (messages[loop.index0 + 1].role != \"tool\") %}

{{- '<|im_end|>\\n' }}
{%- endif %}

{%- endif %}
{%- endfor %}
{%- if add_generation_prompt %}

{{- '<|im_start|>assistant\\n' }}
{{- '<think>\\n\\n</think>\\n\\n' }}

{%- endif %}
'''
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DeepSeek-R1-Distill-LLaMA_template = '''
{% if not add_generation_prompt is defined %}

{% set add_generation_prompt = false %}
{% endif %}
{% set ns = namespace(is_first=false, is_tool=false, is_output_first=true,

system_prompt='') %}↪→

{%- for message in messages %}
{%- if message['role'] == 'system' %}

{% set ns.system_prompt = message['content'] %}
{%- endif %}

{%- endfor %}
{{bos_token}}
{{ns.system_prompt}}
{%- for message in messages %}

{%- if message['role'] == 'user' %}
{%- set ns.is_tool = false -%}
{{'<|User|>' + message['content']}}

{%- endif %}
{%- if message['role'] == 'assistant' and message['content'] is none %}

{%- set ns.is_tool = false -%}
{%- for tool in message['tool_calls']%}

{%- if not ns.is_first %}
{{'<|Assistant|><|tool_calls_begin|><|tool_call_begin|>' +

tool['type'] + '<|tool_sep|>' + tool['function']['name'] +
'\\n' + '```json' + '\\n' + tool['function']['arguments'] +
'\\n' + '```' + '<|tool_call_end|>'}}

↪→

↪→

↪→

{%- set ns.is_first = true -%}
{%- else %}

{{'\\n' + '<|tool_call_begin|>' + tool['type'] + '<|tool_sep|>' +
tool['function']['name'] + '\\n' + '```json' + '\\n' +
tool['function']['arguments'] + '\\n' + '```' +
'<|tool_call_end|>'}}

↪→

↪→

↪→

{{'<|tool_calls_end|><|end_of_sentence|>'}}
{%- endif %}

{%- endfor %}
{%- endif %}
{%- if message['role'] == 'assistant' and message['content'] is not none %}

{%- if ns.is_tool %}
{{'<|tool_outputs_end|>' + message['content'] + '<|end_of_sentence|>'}}
{%- set ns.is_tool = false -%}

{%- else %}
{% set content = message['content'] %}
{% if '</think>' in content %}

{% set content = content.split('</think>')[-1] %}
{% endif %}
{{'<|Assistant|>' + content + '<|end_of_sentence|>'}}

{%- endif %}
{%- endif %}
{%- if message['role'] == 'tool' %}

{%- set ns.is_tool = true -%}
{%- if ns.is_output_first %}
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{{'<|tool_outputs_begin|><|tool_output_begin|>' + message['content'] +
'<|tool_output_end|>'}}↪→

{%- set ns.is_output_first = false %}
{%- else %}

{{'\\n<|tool_output_begin|>' + message['content'] +
'<|tool_output_end|>'}}↪→

{%- endif %}
{%- endif %}
{%- endfor -%}
{% if ns.is_tool %}

{{'<|tool_outputs_end|>'}}
{% endif %}
{% if add_generation_prompt and not ns.is_tool %}

{{'<|Assistant|><think>\\n'}}
{% endif %}
'''
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Qwen3 (-Reason.)_template = '''
{%- if tools %}

{{- '<|im_start|>system\\n' }}
{%- if messages[0].role == 'system' %}

{{- messages[0].content + '\\n\\n' }}
{%- endif %}
{{- \"# Tools\\n\\nYou may call one or more functions to assist with the user

query.\\n\\nYou are provided with function signatures within
<tools></tools> XML tags:\\n<tools>\" }}

↪→

↪→

{%- for tool in tools %}
{{- \"\\n\" }}
{{- tool | tojson }}

{%- endfor %}
{{- \"\\n</tools>\\n\\nFor each function call, return a json object with

function name and arguments within <tool_call></tool_call> XML
tags:\\n<tool_call>\\n{\\\"name\\\": <function-name>, \\\"arguments\\\":
<args-json-object>}\\n</tool_call><|im_end|>\\n\" }}

↪→

↪→

↪→

{%- else %}
{%- if messages[0].role == 'system' %}

{{- '<|im_start|>system\\n' + messages[0].content + '<|im_end|>\\n' }}
{%- endif %}

{%- endif %}
{%- set ns = namespace(multi_step_tool=true, last_query_index=messages|length - 1)

%}↪→

{%- for message in messages[::-1] %}
{%- set index = (messages|length - 1) - loop.index0 %}
{%- if ns.multi_step_tool and message.role == \"user\" and message.content is

string and not(message.content.startswith('<tool_response>') and
message.content.endswith('</tool_response>')) %}

↪→

↪→

{%- set ns.multi_step_tool = false %}
{%- set ns.last_query_index = index %}

{%- endif %}
{%- endfor %}
{%- for message in messages %}

{%- if message.content is string %}
{%- set content = message.content %}

{%- else %}
{%- set content = '' %}

{%- endif %}
{%- if (message.role == \"user\") or (message.role == \"system\" and not

loop.first) %}↪→

{{- '<|im_start|>' + message.role + '\\n' + content + '<|im_end|>' + '\\n' }}
{%- elif message.role == \"assistant\" %}

{%- set reasoning_content = '' %}
{%- if message.reasoning_content is string %}

{%- set reasoning_content = message.reasoning_content %}
{%- else %}

{%- if '</think>' in content %}
{%- set reasoning_content =

content.split('</think>')[0].rstrip('\\n').split('<think>')
[-1].lstrip('\\n') %}

↪→

↪→

{%- set content = content.split('</think>')[-1].lstrip('\\n') %}
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{%- endif %}
{%- endif %}
{%- if loop.index0 > ns.last_query_index %}

{%- if loop.last or (not loop.last and reasoning_content) %}
{{- '<|im_start|>' + message.role + '\\n<think>\\n' +

reasoning_content.strip('\\n') + '\\n</think>\\n\\n' +
content.lstrip('\\n') }}

↪→

↪→

{%- else %}
{{- '<|im_start|>' + message.role + '\\n' + content }}

{%- endif %}
{%- else %}

{{- '<|im_start|>' + message.role + '\\n' + content }}
{%- endif %}
{%- if message.tool_calls %}

{%- for tool_call in message.tool_calls %}
{%- if (loop.first and content) or (not loop.first) %}

{{- '\\n' }}
{%- endif %}
{%- if tool_call.function %}

{%- set tool_call = tool_call.function %}
{%- endif %}
{{- '<tool_call>\\n{\"name\": \"' }}
{{- tool_call.name }}
{{- '\", \"arguments\": ' }}
{%- if tool_call.arguments is string %}

{{- tool_call.arguments }}
{%- else %}

{{- tool_call.arguments | tojson }}
{%- endif %}
{{- '}\\n</tool_call>' }}

{%- endfor %}
{%- endif %}
{{- '<|im_end|>\\n' }}

{%- elif message.role == \"tool\" %}
{%- if loop.first or (messages[loop.index0 - 1].role != \"tool\") %}

{{- '<|im_start|>user' }}
{%- endif %}
{{- '\\n<tool_response>\\n' }}
{{- content }}
{{- '\\n</tool_response>' }}
{%- if loop.last or (messages[loop.index0 + 1].role != \"tool\") %}

{{- '<|im_end|>\\n' }}
{%- endif %}

{%- endif %}
{%- endfor %}
{%- if add_generation_prompt %}

{{- '<|im_start|>assistant\\n' }}
{%- endif %}
'''
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