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Abstract001

Reinforcement Learning (RL) has empowered002
Large Language Models (LLMs) with strong003
reasoning capabilities, but vanilla RL mainly004
focuses on generation capability improvement005
by training with only first-order rollout (gener-006
ating multiple responses for a question), and we007
argue that this approach fails to fully exploit the008
potential of training data because of the neglect009
of critique capability training. To tackle this010
problem, we further introduce the concept of011
second-order rollout (generating multiple cri-012
tiques for a response) and propose a unified013
framework for jointly training generation and014
critique capabilities. Extensive experiments015
across various models on math datasets demon-016
strate that our approach can utilize training data017
more effectively than vanilla RL and achieve018
better performance under the same training019
data. Additionally, we uncover several insight-020
ful findings regarding second-order rollout and021
critique training, such as the importance of la-022
bel balance in critique training and the noise023
problem of outcome-based rewards. Our work024
offers a preliminary exploration of dynamic025
data augmentation and joint generation-critique026
training in RL, providing meaningful inspira-027
tion for the further advancement of RL train-028
ing.029

1 Introduction030

With the widespread application of Reinforcement031

Learning (RL) in post-training (Guo et al., 2025),032

Large Language Models (LLMs) have demon-033

strated remarkable reasoning capabilities, which034

inspires deeper investigations into RL training for035

LLMs. However, current RL training predomi-036

nantly focuses on enhancing generation capability,037

often neglecting the development of critique capa-038

bility, which can be a performance bottleneck for039

further improvement. Saunders et al. (2022) also040

categorizes model capabilities into Generation and041

Question: 
Which one is the bigger number, 9.11 or 9.8?

Response1: 
The bigger number is 9.11 Response 2 ... Response n

Critique 1: 
8<11 does not mean 0.8<0.11 (in fact, it is

0.8>0.11). This response is wrong.
Critique 2 ... Critique n

Question: Which one is the bigger number, 9.11 or 9.8?

Response: The bigger number is 9.11

Please critique the above response

2. Second-order Rollout

1. First-order Rollout

Figure 1: A demonstration of first/second-order rollout.
The policy model generates multiple responses for a
question in first-order rollout, and generates multiple
critiques for a response in second-order rollout.

Critique 1: (1) Generation refers to the ability to 042

produce a correct response to a given question; (2) 043

Critique denotes the capacity to judge whether a 044

response is correct and to identify specific errors 045

in a wrong response. Intuitively, these two capa- 046

bilities are not independent: Wang et al. (2025c) 047

finds that fine-tuning a model using only critique 048

data, even without any explicit generation data, can 049

significantly improve its generation performance. 050

Similarly, better critique performance with only 051

generation training is also witnessed by Wang et al. 052

(2025b). The neglect of critique training (Yu et al., 053

2025b; Xie et al., 2025) makes us wonder whether 054

current RL training solely on generation capability 055

can fully exploit the potential of training data, and 056

we would like to further explore a joint RL training 057

framework (Ruan et al., 2025; Wang et al., 2025a) 058

for better data utilization. 059

1The original classification delineates three distinct capa-
bilities: Generation, Discrimination, and Critique. For sim-
plicity, we subsume both Discrimination and Critique under
the single term Critique.
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In §3 we propose Generation and Critique RL060

(GC-RL) that jointly trains two capabilities with061

only generation training data by introducing the062

concept of second-order rollout. In vanilla RL,063

a policy model samples multiple responses for a064

given question during training, which we define065

as first-order rollout. Building on this, we further066

define second-order rollout as the process in which067

the policy model generates multiple critiques for a068

<question, response> pair, and these two processes069

are illustrated in Figure 1. At each training step,070

we sample questions from the training set for first-071

order rollout and <question, response> pairs from072

a data cache for second-order rollout, and these073

rollout is then combined to update the policy model074

collectively. Meanwhile, responses generated from075

first-order rollout are filtered and added to the data076

cache for subsequent training. It is worth noting077

that the second-order rollout can proceed naturally078

based on the results of the first-order rollout, and079

no additional training data is required, which can080

be viewed as a "free lunch" from a data perspective.081

In §4, extensive experiments are conducted082

across different models, demonstrating that our083

GC-RL shows better data utilization and outper-084

forms vanilla RL in both generation and critique085

capabilities under the same training data. Further086

we conduct more experiments to explore second-087

order rollout and critique training in §5 and find: 1.088

the data filter is crucial for maintaining balanced089

critique training (§5.1); 2. outcome-based reward090

is noisy for critique training and denoising can091

be achieved through multiple samplings (§5.2); 3.092

static data performs better in critique-only training093

and dynamic data are more suitable for joint train-094

ing (§5.3); 4. fine-grained model critique behavior095

manipulation can be achieved through reward func-096

tion adjustment. (§5.4).097

Our contributions can be summarized as follows:098

1. We introduce the concept of second-order roll-099

out and propose GC-RL framework, which100

achieves better RL training data utilization by101

generation-critique joint training.102

2. We conduct extensive experiments to show the103

effectiveness of our approach and draw some104

instructive conclusions about critique training.105

3. Our work offers a preliminary exploration of106

dynamic data augmentation in RL training,107

providing meaningful inspiration for further108

advancement of RL.109

2 Related Work 110

RL for LLMs The exceptional reasoning capa- 111

bilities demonstrated by Deepseek-R1(Guo et al., 112

2025) highlight the significant role of RL(Zhang 113

et al., 2025) with verifiable reward in training 114

LLMs. Beyond rule-based rewards, other forms 115

such as model-based (Xu et al., 2025; Shao et al., 116

2025) and rubric-based (Gunjal et al., 2025; Huang 117

et al., 2025) rewards can also be leveraged for RL 118

training of LLMs. Another line of research focuses 119

on developing RL algorithms suited for LLM train- 120

ing, including works like PPO (Schulman et al., 121

2017), GRPO (Shao et al., 2024), DAPO (Yu et al., 122

2025a), and GSPO (Zheng et al., 2025). There are 123

also works exploring new RL training tasks and ob- 124

jectives: for instance, She et al. (2025) employs RL 125

to train models in reconstructing questions from 126

responses, while Dong et al. (2025) applies RL to 127

enhance next-token prediction. Different from pre- 128

vious works, our work explores better RL training 129

utilization through joint training of generation and 130

critique capabilities. 131

LLM Critique The ability to provide critique 132

constitutes a crucial component of LLM capabil- 133

ities. High-quality critiques enable LLMs to per- 134

form self-correction (Pan et al., 2024; Yang et al., 135

2025a,b) more effectively, and can also enhance 136

the reward signals produced by reward models 137

(Yu et al., 2025c; Ankner et al., 2024; Ye et al., 138

2025) when incorporated into the context. Sun 139

et al. (2024) proposes a framework for evaluat- 140

ing the quality of critiques, while other research 141

efforts have focused on improving critique abili- 142

ties through Supervised Fine-Tuning (Wang et al., 143

2025c), Direct Preference Optimization (Yu et al., 144

2025b) and RL (Xi et al., 2025; Xie et al., 2025; 145

Tang et al., 2025). In contrast to prior work, our ap- 146

proach integrates critique training into the vanilla 147

RL framework. 148

Data Augmentation Data augmentation (Wang 149

et al., 2024; Chai et al., 2026) is an effective ap- 150

proach to enhance model performance in LLM 151

training. Techniques such as back translation (Sen- 152

nrich et al., 2016; Kulhánek et al., 2021) and 153

rephrasing (Lu and Lam, 2023) can enrich the 154

dataset without altering semantic meanings. Al- 155

ternatively, another augmentation strategy involves 156

leveraging LLMs to generate new data in zero-shot 157

(Oh et al., 2023; Ubani et al., 2023) or in-context 158

learning (Dai et al., 2025) settings. Unlike con- 159
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Figure 2: Flowchart of a single training step in GC-RL. First, a batch of questions is sampled from the training
data, and multiple responses are generated (first-order rollout). Then, without replacement, a batch of <question,
response> pairs is sampled from the Question-Response Data Cache, and multiple critiques are generated (second-
order rollout). These rollouts are combined and utilized jointly to update the policy model. In addition, the
Question-Response Data Cache is maintained by processing the first-order rollout through a Data Filter and adding
the filtered data into the cache.

ventional offline data augmentation methods, our160

work can be viewed as an online data augmentation161

process conducted in RL.162

3 Methodology163

We introduce Generation and Critique RL (GC-164

RL), an RL framework for jointly training the gen-165

eration and critique capabilities, and the overview166

of our approach is illustrated in the figure 2. At167

each RL training step, a batch of data is sampled168

from the initial training set, and the policy model169

generates multiple responses for each question (in170

conventional RL training, these responses would171

be directly used to update the policy model). We172

go further by feeding these <question, response>173

pairs into a data filter, retaining a subset to be174

stored in a question-response data cache. Then175

a batch of <question, response> pairs is sampled176

from the data cache, for which the policy model177

further generates critiques. The responses and cri-178

tiques obtained from these two rollout processes179

are combined, assigned rewards and advantages,180

and utilized to update the policy model.181

RL with Second-order Rollout For each ques-182

tion qi in the training set D, the policy model183

samples n responses r1, r2, . . . , rn during vanilla184

RL training, a process we refer to as first-order185

rollout. For a specific <question, response> pair186

⟨qi, ri⟩, the policy model further samples n cri-187

tiques c1, c2, . . . , cn for subsequent training, which188

we define as second-order rollout. In essence, the189

first-order rollout aims to enhance the generation 190

capability, enabling model to produce appropri- 191

ate answers to given questions. The second-order 192

rollout is designed to improve critique capability, 193

empowering it to identify potential issues or errors 194

within a response. It is worth noting that the second- 195

order rollout can proceed naturally based on the 196

results of the first-order rollout, and no additional 197

training data is required, which can be viewed as a 198

"free lunch" from a data perspective. 199

Critique Data Filter During the RL training 200

process, the <question, response> pairs obtained 201

from the first-order rollout are passed through a 202

Data Filter, which controls which pairs to retain. 203

For a question q and its corresponding responses 204

r1, r2, . . . , rn, if all n responses are either entirely 205

correct or entirely incorrect, all these data are dis- 206

carded. Otherwise, one correct response rcorrect and 207

one incorrect response rwrong will be randomly se- 208

lected, and these two resulting pairs ⟨q, rcorrect⟩ 209

and ⟨q, rwrong⟩ will then stored in the data cache. 210

Although simple, this data filter plays a crucial 211

role in training stability, and removing this filter 212

would introduce significant issues: (1). imbalance 213

between critique data and generation data: for a 214

single question q, the first-order rollout produces 215

n responses and the second-order rollout further 216

generates n2 critiques, and critique data outnumber 217

generation data by a factor of n; (2). imbalance 218

within critique data: we have observed that incor- 219

rect responses tend to dominate over correct ones in 220
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the first-order rollout, which can cause a label im-221

balance problem for further critique training, and222

further discussion is provided in §5.1.223

Mixed Training During the update phase of the224

policy model, we perform training with a mixture225

of first-order rollout (responses) and second-order226

rollout (critiques). For each response r, a rule-227

based verifier is employed to check its correctness,228

with the reward function defined as:229

R(r) =

{
1, r is correct
0, r is wrong

(1)230

For each critique c generated based on <ques-231

tion,response> pair ⟨q, r⟩, the final judgment re-232

garding the correctness of r is extracted, denoted233

as Ext(c) ∈ {correct,wrong}. Since intermediate234

steps of a critique are hard to verify (Sun et al.,235

2024), we only assign an outcome reward based on236

the final binary judgment, and the corresponding237

reward function is:238

R(c) =


0.7, Ext(c) = correct & R(r)=1
0.7, Ext(c) = wrong & R(r)=0
0, else

(2)239

For responses and critiques in the mixed rollout,240

the respective rewards are computed with the above241

reward functions. Then they are mixed into the242

same group to acquire advantages with GRPO243

(Shao et al., 2024) algorithm for further update244

of policy model. By mixing data into the same245

group, we can control the amount of information246

the model learns from the augmented critique data247

through scaling reward values of correct critiques,248

and more discussion is shown in §5.4.249

4 Experiments250

4.1 Experimental Setup251

Models Our experiments are primarily conducted252

on the Qwen2.5 series (Yang et al., 2024), including253

Qwen2.5-(1.5B, 3B, 7B)-Base, to demonstrate the254

effectiveness of our method across models of vary-255

ing scales. Additional experiments are performed256

on Llama-3.1-8B-Instruct (Grattafiori et al., 2024)257

and Mistral-7B-Instruct-v0.3 (Rastogi et al., 2025)258

to further validate the general applicability of our259

approach to different model architectures. We em-260

ploy the verl 2 framework for RL training and adopt261

GRPO algorithm, with training hyper-parameters262

detailed in the Appendix A.263

2https://github.com/volcengine/verl

Dataset The training and evaluation mainly fo- 264

cus on mathematical reasoning tasks, and we leave 265

experiments on more domains to futher work. 266

DAPO-MATH-17k (Yu et al., 2025a) is employed 267

as the primary training dataset: 1k data are ran- 268

domly selected to construct cold-start data, while 269

the remaining 16k data are utilized for RL train- 270

ing. Several established mathematical reasoning 271

benchmarks are utilized for evaluation, including 272

Math-500(Hendrycks et al., 2021), GSM8k(Cobbe 273

et al., 2021), Minerva(Lewkowycz et al., 2022), 274

AMC23, and OlympiadBench(He et al., 2024). 275

4.2 RL Training and Experimental Results 276

Cold Start Applying RL directly to models can 277

lead to several issues: (1). Following the format of 278

CFT (Wang et al., 2025c), we instruct the model to 279

append a correctness judgment of its response at 280

the end of the critique. However, the base models 281

exhibit weak instruction-following capability, of- 282

ten failing to generate critiques that adhere to the 283

required format. (2). Due to their limited reason- 284

ing performance, the intermediate reasoning steps 285

within the generated critiques are often of low qual- 286

ity. To address these problems, we first distill 1,885 287

initial critique data from GPT-5 3, and the prompt 288

used for critique distillation is provided in the Ap- 289

pendix A. After filtering out data with incorrect 290

formatting or erroneous final judgments, we obtain 291

1,339 high-quality training examples. Before start- 292

ing RL, we perform Supervised Fine-Tuning (SFT) 293

on this curated critique dataset to equip the model 294

with a preliminary critique capability. 295

Baselines In addition to presenting the evalua- 296

tion results of our GC-RL (Generation and Cri- 297

tique RL) approach, we also provide the outcomes 298

of several baseline methods: (1) after cold start 299

without RL training; (2) G-RL (Generation RL): 300

vanilla RL training that performs only first-order 301

rollout to enhance generation capability; (3) C-RL 302

(Critique RL): for each question, 10 responses are 303

sampled in advance to construct a balanced train- 304

ing set consisting of <question, response> pairs, 305

and only second-order rollout is performed to train 306

critique capability of LLMs. All these RL training 307

are performed under the same training data. 308

Critique Evaluation In addition to generation 309

capability evaluation, we also try to examine the 310

critique capability after RL training. To construct 311

3gpt-5-chat-2025-08-07
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Models Methods Math-500 GSM8k Minerva AMC23 Olympiad Avg
Generation Accuracy (%)

Qwen2.5-7B

w/o RL 55.6 77.9 16.9 35.0 22.8 41.6
C-RL 65.1 83.7 19.2 47.5 26.1 48.3
G-RL 75.4 89.7 24.6 60.0 33.7 56.7
GC-RL 77.6 92.0 24.6 62.5 39.8 59.3

Qwen2.5-3B

w/o RL 20.4 29.4 4.0 5.0 7.6 13.3
C-RL 30.4 50.0 4.4 12.5 11.0 21.7
G-RL 57.8 79.5 12.9 27.5 24.5 40.4
GC-RL 61.8 81.4 14.9 32.5 25.2 43.2

Qwen2.5-1.5B

w/o RL 11.0 14.6 1.8 5.0 3.3 7.1
C-RL 21.3 25.6 3.6 10.0 5.9 13.3
G-RL 45.1 67.2 8.7 25.0 12.7 31.7
GC-RL 47.2 69.0 10.3 27.5 15.3 33.9

Critique Accuracy (%)

Qwen2.5-7B
C-RL 80.5 82.5 62.3 71.4 72.5 73.8
GC-RL 84.6 88.3 67.1 79.4 73.8 78.6

Qwen2.5-3B
C-RL 67.4 66.7 57.1 64.7 61.2 63.4
GC-RL 70.2 72.8 57.1 66.2 61.5 65.6

Qwen2.5-1.5B
C-RL 59.5 57.7 53.8 58.8 55.0 57.0
GC-RL 61.4 60.6 57.2 61.3 57.5 59.6

Table 1: Generation and critique capabilities evaluation results on Qwen-2.5-(1.5B,3B,7B). GC-RL outperforms all
other RL training methods in both generation and critique capabilities.

the evaluation dataset, we utilize 5 datasets in gen-312

eration evaluation as seed data, and sample re-313

sponses with Qwen2.5-(1.5B,7B,72B)-Instruct, re-314

spectively (10 responses for each model). The final315

answer is required to be enclosed in boxed{}, and316

we filter out responses that dissatisfy this format317

requirement, as well as questions for which all sam-318

pled responses are either entirely correct or entirely319

incorrect. From the remaining data, we randomly320

select one correct response and an incorrect one321

for each question, discarding all other responses,322

and this process yields critique evaluation datasets323

in which the correct and incorrect responses are324

1:1. Since assessing the accuracy of the intermedi-325

ate reasoning steps within a critique is particularly326

challenging, we focus solely on evaluating whether327

the final judgment of critique on the correctness328

of the response is accurate, which essentially re-329

duces the task to a binary classification. We also330

report denoised reward (§5.2) to measure critique331

capability as supplemental results in Appendix B332

Results The evaluation experiments are con-333

ducted on both generation and critique capabilities:334

For generation tasks, model-generated answers are335

verified by comparing them with reference answers336

and the final accuracy is reported; For critique tasks,337

we extract the generated final judgment on the cor-338

rectness of a response and measure the binary clas-339

sification accuracy. We show experimental results 340

for Qwen-2.5-(1.5B,3B,7B) in Table 1, and pro- 341

vide more results on Llama-3.1-8B-instruct and 342

Mistral-7B-Instruct-v0.3 in Appendix B, finding 343

that: 1. Even if a model is trained solely with C-RL 344

(without generation training), its generation ability 345

significantly improves—though such enhancement 346

remains far inferior to that achieved through G-RL. 347

2. After training with GC-RL, the model attains op- 348

timal performance in both generation and critique 349

capabilities. On one hand, its generation capability 350

surpasses that of models trained with G-RL; on the 351

other hand, its critique ability exceeds that of mod- 352

els trained with C-RL. This result suggests a certain 353

coupling between critique and generation capabil- 354

ities, and further demonstrates that joint training 355

yields superior overall performance compared to 356

training for each capability independently. 357

5 Analysis 358

First-order rollout in RL training has been thor- 359

oughly studied by previous works, so we conduct a 360

more detailed analysis of second-order rollout and 361

critique training in this section. First, we discuss 362

the label imbalance problem in critique training and 363

demonstrate the effectiveness of our data filter both 364

theoretically and experimentally (§5.1). Next, we 365

discuss the reward noise problem in critique train- 366
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Math-500 GSM8k Minerva AMC23 Olympiad Avg

Genration
Random Sampling 75.0 90.9 22.9 60.0 37.5 57.3
Random Sampling + Reweight 77.2 91.5 23.2 60.0 38.2 58.0
Data Filter 77.6 92.0 24.6 62.5 39.8 59.3

Critique
Random Sampling 82.3 84.0 63.3 73.5 71.6 74.9
Random Sampling + Reweight 83.7 86.7 65.8 77.9 72.8 77.4
Data Filter 84.6 88.3 67.1 79.4 73.8 78.6

Table 2: A comparison of model performance on Qwen2.5-7B when sampling responses with/without a data
filter. Random sampling leads to the worst performance, though adding reward reweighting can alleviate this issue.
Utilizing the data filter achieves the best performance.

ing and explore a sampling-based denoising strat-367

egy (§5.2). We then compare static and dynamic368

data in critique training, observing that dynamic369

data is more suitable for GC-RL, while static data370

works better for C-RL (§5.3). Finally, by adjust-371

ing the reward function, we achieve fine-grained372

critique behavior manipulation of LLMs after RL373

training (§5.4).374

5.1 Towards Balanced Critique Training375

We theoretically analyze why GC-RL without a376

data filter can lead to training data imbalance and377

restrict the critique capability of LLMs. To miti-378

gate this problem, we explore employing a reward379

reweighting strategy and utilizing a data filter, and380

finally conduct comparative experiments to validate381

the effectiveness of our data filter.382

Alleviating imbalance problem with reward383

reweighting The ultimate judgement of whether384

a response is correct or not in a critique is essen-385

tially a binary classification task, but the number386

of erroneous responses significantly outweighs the387

correct ones in the first-order rollout. Intuitively,388

this label imbalance problem can impact subse-389

quent critique training, and we also theoretically390

analyze the effect of data imbalance on the perfor-391

mance of the critique training, with detailed dis-392

cussions shown in Appendix C. To mitigate this393

problem, we also explore reweighting and scaling394

rewards for positive and negative data to balance395

their contributions, and the weighted reward func-396

tion is defined as:397

Rw(c) =


0.35

E[R(r)] , Ext(c) = correct & R(r)=1
0.35

1−E[R(r)] , Ext(c) = wrong & R(r)=0

0, else

(3)398

where E[R(r)] is the expected reward for response399

r during RL training. It can be mathematically400

proved that the weighted reward is unbiased and401

does not incentivize the model to judge an uncer- 402

tain response as correct or wrong, and the detailed 403

proof is shown in Appendix C. Essentially, this 404

weighting strategy amplifies the reward for rare 405

classes, enabling the model to learn more effec- 406

tively from such data and thereby approximating 407

balanced training. 408

Empirical comparison of training with/without 409

a data filter Comparison experiments are con- 410

ducted on Qwen2.5-7B with GC-RL training un- 411

der three settings: (1) randomly sampling re- 412

sponses without data filter, (2) randomly sampling 413

responses and training with the weighted reward 414

function in Equation 3, and (3) utilizing the data fil- 415

ter in §3. As the experimental results shown in Ta- 416

ble 2, random sampling strategy leads to the worst 417

generation and critique capabilities because of la- 418

bel imbalance, and this problem can be alleviated 419

to some extent with a weighted reward function. 420

Although reward weighting can achieve balance in 421

the reward level for imbalanced data, utilizing a 422

data filter can achieve inherently balanced training 423

data and yield the best performance. 424

5.2 Reward Noise & Denoising in Critique RL 425

Reward noise problem in critique RL Obtain- 426

ing precise rewards for critiques is more challeng- 427

ing than for responses. For instance, in mathemat- 428

ical problems, since we have a corresponding an- 429

swer to each question, the correctness of a response 430

can be easily rule-based verified and a precise re- 431

ward can then be assigned accordingly. However, 432

for critiques, it is difficult to verify the correctness 433

of each intermediate step, and we can only assign 434

rewards based on whether the final binary classi- 435

fication result is correct. Generating responses is 436

essentially a generation task, and it is rare for a 437

model to produce intermediate errors yet still arrive 438

at the correct final answer. In contrast, generat- 439

ing critiques is essentially a binary classification 440
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Figure 3: A comparison of model performance of
Qwen2.5-7B with/without reward denoising strategy
on Math-500. In both GC-RL and C-RL settings, re-
ward denoising can improve model performance on both
generation and critique capabilities.

task, and even random guessing can yield correct441

answers with a 50% probability, leading to many442

critiques with incorrect intermediate steps but cor-443

rect final judgement. Ideally, for critiques with444

correct outcomes, we should differentiate between445

those with erroneous intermediate steps and those446

with correct ones, assigning lower and higher re-447

wards, respectively. However, verifying interme-448

diate steps is challenging in practice, so critiques449

with correct results are often given the same re-450

ward, and we refer to such rewards as noised re-451

wards. Guo et al. (2025) has demonstrated sig-452

nificant success in Reinforcement Learning with453

Verifiable Rewards (RLVR), which fundamentally454

relies on oracle rewards. Liu et al. (2025); Shi455

and Jin (2025); Whitehouse et al. (2025) also at-456

tempt RL on classification tasks, showing that even457

with noised rewards, model performance can be458

improved to some extent, which is also witnessed459

by our experiments in §4.460

Exploring critique reward denoising based461

on self-correction with multiple samplings In462

LLM self-correction process (Kamoi et al., 2024;463

Pan et al., 2024), a model is provided with three464

components: <question, response, critique>, and465

then instructed to modify the original response466

based on the potential issues identified by the cri-467

tique and generate a refined response. Intuitively,468

the higher the quality of the critique—i.e., the more469

accurately it identifies problems in the original re-470

sponse—the greater the likelihood that the refined471

response will be correct. Thus, we can inversely472

estimate the quality of a critique based on the qual-473

ity of its corresponding refined response. Similar474

to (Tang et al., 2025; Xie et al., 2025; Yu et al.,475

2025b), for a given critique, we allow the model 476

to perform self-correction and sample n refined re- 477

sponses, with the number of correct ones denoted 478

as k, based on which we then propose the following 479

reward function to estimate critique quality: 480

Rq(c) =

{
0.1 ∗ k

n , Ext(c) == correct
0.7 ∗ k

n , Ext(c) == wrong
(4) 481

Although it is difficult to directly verify the correct- 482

ness of intermediate steps in critique, this sampling 483

method can indirectly estimate it to some extent, 484

thereby reducing noise in the reward. We utilize 485

the sum of the outcome reward from Equation 2 486

and the estimated reward obtained from Equation 487

4, denoted as R(c) +Rq(c), as the final reward for 488

critique, and compare it with using only the out- 489

come reward R(c). Theoretically, a larger number 490

of samples n leads to better noise reduction and 491

more accurate reward values, but at a higher com- 492

putational cost. To make the computational over- 493

head controllable, experiments are conducted with 494

n = 1, and the experimental results on Math-500 495

are shown in Figure 3 (with more results shown in 496

Figure 9 in Appendix B). A performance improve- 497

ment in both generation and critique capabilities 498

can be witnessed under both CG-RL and C-RL 499

settings with our reward denoising strategy. 500

5.3 Static v.s. Dynamic Data 501

A comparison of static and dynamic responses 502

during critique RL training. In our approach, 503

dynamic self-generated responses are utilized when 504

generating second-order rollout, and an alternative 505

strategy involves utilizing static responses (Ruan 506

et al., 2025; Xie et al., 2025) for critique RL train- 507

ing, where pre-prepared <question, response> pairs 508

remain fixed throughout the RL process. A perfor- 509

mance comparison of static and dynamic training 510

data is conducted under GC-RL and C-RL settings 511

for both generation and critique capabilities on 512

Qwen2.5-7B, and the experimental results on Math- 513

500 are presented in Figure 4 (with more results 514

shown in Figure 7 in Appendix B). We find that 515

training with dynamically self-generated response 516

data leads to higher performance in both genera- 517

tion and critique capabilities under GC-RL setting. 518

However, under C-RL setting, where responses are 519

abandoned and only critiques are utilized to up- 520

date the policy model, dynamic data suffers from 521

a severe reward hacking problem, and the static 522

data strategy significantly outperforms the dynamic 523

7
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Figure 4: Performance of Qwen2.5-7B on Math-500 un-
der GC-RL and C-RL settings with static and dynamic
critique training data. Dynamic data outperforms static
data in the GC-RL setting, while the opposite holds for
C-RL.

data. With dynamic data, the model seems to iden-524

tify a shortcut to maximize rewards during RL: it525

deliberately generates incorrect responses in the526

generation stage (though producing a correct re-527

sponse is challenging, generating an incorrect one528

can be quite easy), then it labels all responses as529

incorrect to get the reward in the critique stage. To530

summarize, dynamic data is more suitable for GC-531

RL training, while static data is more appropriate532

for C-RL training.533

5.4 Fine-grained Critique Behavior534

Manipulation535

There are often different requirements for the bi-536

nary classification performance in different scenar-537

ios. For instance, a higher recall rate is demanded538

in disease screening, while a higher precision rate is539

required in recommendation systems. In the reward540

function defined in Equation 2, the same reward is541

assigned to both correct and incorrect responses as542

long as the critique identifies them correctly, and543

we also explore training with more fine-grained544

reward functions to better control the critique be-545

havior of LLMs. For example, to encourage the546

model to be more inclined to classify a response as547

incorrect when it is uncertain, we try the following548

reward function:549

Rw(c) =


0.6, Ext(c) = correct & R(r)=1
0.8, Ext(c) = wrong & R(r)=0
0, else

(5)550

Conversely, to steer the model toward classifying551

uncertain responses as correct, we assign a large552

reward value to correct responses and employ the553

following reward function:554

Precision Recall F1
70

75

80

85

90

83.7%

85.2%
84.4%

85.2%

81.6%

83.4%
82.5%

86.2%

84.3%

R(c)
Rw(c)
Rr(c)

Figure 5: A comparison of critique performance of
Qwen2.5-7B with different reward function on Math-
500. Compared to baseline R(c), Rw(c) leads to a
higher precision while Rr(c) generates a higher recall.

Rr(c) =


0.8, Ext(c) = correct & R(r)=1
0.6, Ext(c) = wrong & R(r)=0
0, else

(6) 555

The experimental results on Math-500 of uti- 556

lizing Rw(c) and Rr(c) are presented in Figure 557

5, and more results can be found in Figure 8 in 558

Appendix B). Compared with the baseline R(c), 559

we observe that when Rw(c) is applied, the model 560

achieves higher precision but lower recall; whereas 561

with Rr(c), the precision decreases while recall 562

increases. By adjusting the reward function, we 563

can exert finer-grained control over the critique 564

behavior of LLMs. 565

6 Conclusion 566

Based on the first-order rollout in vanilla RL (gen- 567

erating multiple responses for a question), we fur- 568

ther introduce the concept of second-order rollout 569

(generating multiple critiques for a response) and 570

propose GC-RL, a unified framework to train gen- 571

eration and critique capabilities jointly. Extensive 572

experiments across various models and datasets 573

demonstrate that our approach can more effectively 574

utilize training data compared to vanilla RL, achiev- 575

ing superior performance under the same training 576

data. Additionally, we uncover some insightful 577

findings related to second-order rollout and critique 578

training, such as the importance of label balance in 579

critique training. Our work serves as an initial ex- 580

ploration into dynamic data augmentation and joint 581

training of generation and critique in RL training, 582

offering meaningful insights for further advance- 583

ments in RL for LLMs. 584

8



Limitations585

Our work represents a preliminary attempt to inte-586

grate dynamic data augmentation with joint train-587

ing of generation and critique into RL, and still ex-588

hibits several limitations that warrant further explo-589

ration. For simplicity, we only employ the GRPO590

algorithm for RL training, and the applicability591

of our approach to other RL algorithms (such as592

PPO) remains to be investigated. Theoretically,593

our method is applicable to any data whose results594

can be rule-based verified. However, we have only595

conducted experiments on mathematical tasks, and596

we would like to leave the verification in other do-597

mains for future work. Moreover, experiments are598

confined to models with fewer than 10B parame-599

ters, and extending our approach to larger-scale RL600

training with multi-domain training data and larger601

models is considered to be an important direction602

for future work. Additionally, we have observed603

that our approach converges more slowly compared604

to vanilla RL, essentially trading computational re-605

sources for improved performance. Our approach606

also requires that responses can be rule-based ver-607

ified, making it less straightforward to apply to608

RL tasks where responses are harder to evaluate609

(e.g., rubric-based RL training (Gunjal et al., 2025;610

Huang et al., 2025)). How to perform second-order611

rollout and assign rewards to critiques in such set-612

tings is also worth further exploration.613

Ethical Considerations614

The data utilized are open for research, and LLMs615

in the experiments are all publicly available by616

either parameters or API calls. Therefore, we do617

not anticipate any ethical concerns in our research.618
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Appendix878

A More Implementation Details879

We provide more implementation details in this880

section. We show the prompt utilized for cold start881

data distillation in Figure 6. We show some hyper-882

parameters in RL training in Table 3.883

Prompt for Critique Data Distillation

#Question#:
<insert question>
#Solution#:
<insert question>
#Instruction#:
Please verify step by step and judge whether the solu-
tion is correct, and end your answer with **Conclu-
sion: right/wrong [END]**

Figure 6: Our prompt fed to GPT-5 for critique data
generation, which is comprised of a question, a solution,
and critique instruction.

train bath size 512

ppo mini batch size 128

rollout n 5

adv estimator grpo

kl loss coef 1e-3

learning rate 1e-6

max prompt length 4096

max response length 4096

clip ratio 0.2

epochs 10

Table 3: RL training hyper-parameters.

B More Experimential Results884

We show more experimental results in this section.885

Main experiments on Mistral-7B-Instruct-v0.3 and886

Llama-3.1-8B-Instruct are shown in Table 4. Sup-887

plemental critique capability evaluation results are888

shown in Table 5. Performance comparison of889

static and dynamic critique training data is shown890

in Figure 7; performance comparison of different891

reward functions is shown in Figure 8; performance892

comparison of training with/without reward denois-893

ing strategy is shown in Figure 9.894

C Discussions on Label Imbalance 895

Problem 896

A theoretical analysis of data imbalance prob- 897

lem in critique training without the data filter. 898

Theoretically, generating a critique can be viewed 899

as a binary classification task, requiring the critique 900

to include a final judgment on whether the response 901

is correct or not, and binary classification tasks are 902

susceptible to label distribution imbalance in the 903

training data: when one category predominates, the 904

trained model tends to favor predicting that cate- 905

gory. In §3, the data processed through the first- 906

order rollout and subsequently filtered by a data fil- 907

ter are stored in the Question-response Data Cache 908

to support subsequent critique RL training, and this 909

data filter ensures a 1:1 ratio between correct and 910

incorrect responses, thereby preventing label bias 911

in subsequent critique training. If the data filter is 912

omitted and responses are sampled uniformly at 913

random, in the first-order rollout, E[R(r)]× 100% 914

of responses are correct and (1−E[R(r)])×100% 915

are incorrect, where E denotes the mathematical 916

expectation. Consequently, the ratio of correct to 917

incorrect responses under random sampling is also 918

E[R(r)] : (1 − E[R(r)]). Similar to Yang et al. 919

(2025a), let P1 and P2 denote the probabilities that 920

the model correctly identifies correct and wrong 921

responses, respectively, during the critique phase. 922

On a validation set with a balanced 1:1 positive- 923

to-negative ratio, the expected validation reward 924

is E[Rval(c)] =
0.7P1+0.7P2

2 , and the expected re- 925

ward for critiques during RL training is: 926

E[R(c)]

= E[R(r)] ∗ P1 ∗ 0.7 + (1− E[R(r)]) ∗ P2 ∗ 0.7
= 0.7E[R(r)]P1

+ (1− E[R(r)])(2E[Rval(c)]− 0.7P1)

= 0.7(2E[R(r)]− 1)P1

+ 2(1− E[R(r)])E[Rval(c)]
(7) 927

Though E[R(r)] and E[Rval(c)] gradually im- 928

prove throughout the whole RL training process, 929

they can be approximately viewed as constants be- 930

tween adjacent RL steps. From this point of view 931

and Equation 7, we can see that the expected cri- 932

tique reward is in proportion to P1. Similar to Yang 933

et al. (2025a), P1 and P2 also exhibit a competitive 934

trade-off and P1 + P2 can be viewed as a constant 935

between adjacent RL steps. When 2E[R(r)]−1 > 936

0, this reward encourages the model to increase 937

P1 and decrease P2; when 2E[R(r)] − 1 < 0, a 938

12



decrease in P1 raises the expected reward, thereby939

incentivizing the model to reduce P1 and increase940

P2. For example, when training Qwen2.5-7B with941

GC-RL in §4, we find E[R(r)] ≈ 0.1 in early942

training and E[R(r)] ≈ 0.45 in late stage, con-943

sistently satisfying 2E[R(r)] − 1 < 0 and incen-944

tivizing the model to decrease P1. Consequently,945

a model trained with randomly sampled responses946

for second-order rollout exhibits lower P1 and947

higher P2, meaning it tends to classify responses948

as incorrect during critique.949

The weighted reward function is unbiased We950

give a proof of the unbiasedness of the following951

weighted reward function:952

Rw(c) =


0.35

E[R(r)] , Ext(c) = correct & R(r)=1
0.35

1−E[R(r)] , Ext(c) = wrong & R(r)=0

0, else

(8)953

Under this scheme, the expected reward for cri-954

tiques during RL training becomes:955

E[R(c)]

= E[R(r)]P1
0.35

E[R(r)]

+ (1− E[R(r)])P2
0.35

1− E[R(r)]

=
0.7P1 + 0.7P2

2
= E[Rval(c)]

(9)956

Under these circumstances, the reward does not957

incentivize the model to increase or decrease P1 or958

P2. Essentially, this weighting strategy amplifies959

the reward for rare classes, enabling the model960

to learn more effectively from such examples and961

thereby approximating balanced training.962
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Models Methods Math-500 GSM8k Minerva AMC23 Olympiad Avg
Generation Accuracy (%)

Mistral-7B-Instruct-v0.3

w/o RL 10.8 46.7 7.4 5.0 1.8 14.3
C-RL 19.8 54.2 9.8 12.5 4.2 20.1
G-RL 47.6 77.8 18.6 30.0 15.6 37.9
GC-RL 52.1 81.2 19.4 32.5 17.9 40.6

Llama-3.1-8B-Instruct

w/o RL 48.2 84.2 19.1 25.0 15.0 38.3
C-RL 55.6 87.6 21.3 32.5 20.1 43.4
G-RL 72.3 92.0 28.9 47.5 28.4 53.8
GC-RL 75.8 92.6 30.1 50.0 31.6 56.0

Critique Accuracy (%)

Mistral-7B-Instruct-v0.3
C-RL 65.2 70.1 60.3 66.4 63.2 65.0
GC-RL 69.0 74.8 64.5 71.6 66.1 69.2

Llama-3.1-8B-Instruct
C-RL 77.8 80.5 58.3 70.4 67.3 70.9
GC-RL 81.4 83.2 64.1 75.4 70.6 74.9

Table 4: Generation and critique capabilities evaluation results on Mistral-7B and Llama3.1-8B-Instruct. GC-RL
outperforms all other RL training methods in both generation and critique capabilities.

Models Methods Math-500 GSM8k Minerva AMC23 Olympiad Avg
Denoised Reward

Qwen2.5-7B
C-RL 0.901 0.912 0.715 0.797 0.812 0.827
GC-RL 0.945 0.986 0.774 0.852 0.836 0.879

Qwen2.5-3B
C-RL 0.752 0.754 0.652 0.699 0.691 0.710
GC-RL 0.774 0.802 0.657 0.712 0.698 0.729

Qwen2.5-1.5B
C-RL 0.651 0.638 0.607 0.648 0.612 0.631
GC-RL 0.683 0.676 0.658 0.672 0.635 0.665

Table 5: Supplemental critique capability evaluation results on Qwen-2.5-(1.5B,3B,7B). The average denoised
reward (§5.2) is also reported to reflect the critique capability.
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Figure 7: Performance of Qwen2.5-7B on 4 datasets under GC-RL and C-RL settings with static and dynamic
critique training data. Dynamic data outperforms static data in the GC-RL setting, while the opposite holds for
C-RL.
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Figure 8: A comparison of critique performance of Qwen2.5-7B with different reward functions on 4 datasets.
Compared to baseline R(c), Rw(c) leads to a higher precision while Rr(c) generates a higher recall.
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Figure 9: A comparison of model performance of Qwen2.5-7B with/without reward denoising strategy on 4 datasets.
In both GC-RL and C-RL settings, reward denoising can improve model performance on both generation and
critique capabilities.
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