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Abstract001

In practice, rigorous reasoning is often a key002
driver of correct code, while Reinforcement003
Learning (RL) for code generation often ne-004
glects optimizing reasoning quality. Bringing005
process-level supervision into RL is appealing,006
but it faces two challenges. First, training reli-007
able reward models to assess reasoning quality008
is bottlenecked by the scarcity of fine-grained009
preference data. Second, naively incorporat-010
ing such neural rewards may suffer from re-011
ward hacking. This work proposes ReCode012
(Reasoning-Reinforced Code Generation), a013
novel RL training framework comprising: (1)014
Contrastive Reasoning-Process Reward Learn-015
ing (CRPL), which trains a reward model with016
synthesized optimized and degraded reason-017
ing variants to assess the quality of reason-018
ing process; and (2) Consistency-Gated GRPO019
(CG-GRPO), which integrates the reasoning-020
process reward model into RL by gating neural021
reasoning-process rewards with strict execu-022
tion outcomes, using execution correctness as023
a hard gate to mitigate reward hacking. Ad-024
ditionally, to assess the reward model’s dis-025
criminative capability in assessing reasoning-026
process quality, we introduce LiveCodeBench-027
RewardBench (LCB-RB), a new benchmark028
comprising preference pairs of superior and029
inferior reasoning processes tailored for code030
generation. Experimental results across Hu-031
manEval(+), MBPP(+), LiveCodeBench, and032
BigCodeBench show that a 7B model trained033
with ReCode outperforms the base version by034
16.1% and reaches performance comparable to035
GPT-4-Turbo. We further demonstrate the gen-036
eralizability of ReCode by extending it to the037
math domain.038

1 Introduction039

Reinforcement Learning (RL) has emerged as040

a transformative paradigm for advancing Large041

Language Models (LLMs) in code generation.042

However, existing approaches primarily rely on043

outcome-based supervision, such as test-case pass 044

rates (Guo et al., 2025; Abdin et al., 2025; Zeng 045

et al., 2025), which provides limited guidance on 046

how to reach correct programs. In practice, rigor- 047

ous reasoning is often a key mechanism that sup- 048

ports correct code, rather than merely co-occurring 049

with it (Wei et al., 2022; Lyu et al., 2023). Consis- 050

tently, our preliminary investigation shows a sig- 051

nificant statistical association between reasoning- 052

process quality and solution correctness (see Ap- 053

pendix A.4). Therefore, a pivotal question arises: 054

Can we exploit reasoning-process quality as an ad- 055

ditional training signal—beyond final outcome—to 056

improve code generation? 057

However, translating this idea into a practical 058

training framework presents two challenges. First, 059

providing scalable, fine-grained supervision over 060

reasoning processes is non-trivial. While utilizing 061

strong LLMs as judges offers a potential solution, 062

their high computational cost and latency render 063

them impractical for the dense sampling required 064

in RL training loops (Kim et al., 2023). A learned 065

reasoning-process reward model provides a scal- 066

able way to supply such supervision for RL, but 067

training it is difficult due to the scarcity of fine- 068

grained preference data over reasoning processes. 069

Specifically, human annotation is unscalable and 070

subjective, while utilizing LLMs-as-a-judge often 071

suffers from poor calibration when assigning scalar 072

scores to nuanced reasoning process qualities (Feng 073

et al., 2024a; Ahn et al., 2024). Second, even with 074

a learned reward model for reasoning processes, 075

integrating it into RL poses risks. Naively incor- 076

porating neural rewards may suffer from reward 077

hacking (Guo et al., 2025). In code generation, 078

unit-test outcomes are strict and verifiable signals, 079

whereas neural rewards are less constrained, mak- 080

ing them easier to exploit. 081

To tackle these challenges, we introduce a 082

reasoning-reinforced framework in RL for code 083

generation. Specifically, we treat reasoning pro- 084

1



cesses as complementary learning signals and re-085

quire them to be (i) reliably measured and (ii)086

safely integrated into RL. This leads to Reasoning-087

Reinforced Code Generation (ReCode), a novel RL088

framework with two components, i.e., Contrastive089

Reasoning-Process Reward Learning (CRPL) for090

reliable measurement of reasoning quality and091

Consistency-Gated GRPO (CG-GRPO) for safe092

integration of reasoning-process rewards in RL.093

CRPL performs contrastive data synthesis to gen-094

erate Optimized and Degraded variants of reason-095

ing processes by perturbing three key reasoning-096

process features, i.e., factual accuracy, logical rigor,097

and coherence, and thereby forms a multi-level098

preference ordering. From this ordering, CRPL099

derives fine-grained preference pairs and trains a100

reward model for reasoning-process discrimina-101

tion. CG-GRPO augments GRPO by using the102

functional correctness of generated code as a hard103

gate for neural reasoning-process rewards, apply-104

ing it only when the code runs correctly. This gat-105

ing mechanism enforces reasoning–solution consis-106

tency, mitigating reward hacking while preserving107

informative gradients among correct solutions.108

In addition, to assess how well the reward model109

can discriminate between superior and inferior rea-110

soning processes, we construct LiveCodeBench-111

RewardBench (LCB-RB), a benchmark comprising112

174 manually-checked preference pairs of reason-113

ing processes derived from LiveCodeBench (Jain114

et al., 2025). To our knowledge, this is the first115

benchmark focusing on reasoning-process discrim-116

ination in code generation.117

Extensive experiments demonstrate the effective-118

ness of ReCode. On four benchmarks, i.e., Live-119

CodeBench, HumanEval(+), MBPP(+), and Big-120

CodeBench, Qwen2.5-Coder-7B-Instruct trained121

with ReCode achieves a relative improvement122

of 16.1% over the base model (50.4%→58.5%)123

and exhibiting performance comparable to GPT-124

4-Turbo. Meanwhile, reward models trained with125

CRPL achieve strong discriminative performance126

on LCB-RB and also perform well on the reason-127

ing subset of RewardBench (Lambert et al., 2024),128

indicating that the model trained with CRPL learns129

a reasoning-process reward that generalizes and is130

consistent with functional correctness. We further131

observe consistent gains by extending CG-GRPO132

to the math domain. The models, datasets, and133

code are publicly available1.134

1https://anonymous.4open.science/r/ReasoningRL-CC6F

2 ReCode 135

2.1 Contrastive Reasoning-Process Reward 136

Learning 137

The effectiveness of incorporating reasoning- 138

process rewards into RL hinges on a reward model 139

that can provide a reliable measurement of reason- 140

ing quality. However, training such a model is 141

bottlenecked by the scarcity of fine-grained pref- 142

erence data over reasoning processes. To address 143

this, we propose Contrastive Reasoning-Process 144

Reward Learning (CRPL) to automatically synthe- 145

sise contrastive preference data by generating opti- 146

mized and degraded reasoning variants, and train 147

a reasoning-process reward model on the result- 148

ing preference data. As shown in Figure 1, CRPL 149

induces a multi-level preference ordering over rea- 150

soning processes and trains the reward model to 151

discriminate reasoning-process quality. The reward 152

model then produces reasoning-process rewards for 153

the policy optimization module. 154

To construct high-quality, reasoning-aware pref- 155

erence data, we first codify the intrinsic attributes of 156

a reasoning process. Drawing upon insights from 157

manual analysis and prior work (Zhu et al., 2025), 158

we identify three critical dimensions of reasoning 159

quality: (1) Factual Accuracy: assesses whether 160

the reasoning contains factual errors; (2) Logical 161

Rigor: assesses (a) whether redundant or mislead- 162

ing logical steps exist, and (b) whether missing 163

logical connections result in incomplete reasoning; 164

(3) Logical Coherence: assesses whether the logi- 165

cal flow maintains clear connections between steps. 166

We then prompt a powerful LLM, Qwen2.5- 167

Coder-32B-Instruct, to synthesize a base reasoning 168

process t for a given problem x, and leverage the di- 169

mensions mentioned above to generate variants of 170

the base reasoning process t. Instead of generic 171

rewriting, which may yield stylistic changes or 172

ambiguous quality differences, we apply targeted 173

transformations along specific reasoning-process 174

dimensions to construct a multi-level preference 175

ordering, providing clearer preference supervision 176

for reward modeling. Concretely, we generate both 177

optimized and degraded variants. (a) For optimized 178

variants (t+), the model is prompted to enhance spe- 179

cific dimensions, such as removing redundancies 180

to improve logical rigor or clarifying transitions to 181

boost logical coherence. (b) For degraded variants 182

(t−), the model is prompted to inject subtle flaws 183

based on these dimensions, such as introducing a 184

factual error or a logical gap. The optimization and 185
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Figure 1: Overview of ReCode. Top: CRPL for reliably measuring reasoning quality. Bottom: CG-GRPO for
safely integrating reasoning-process rewards into RL.

degradation prompts are in Appendix A.6.186

We formulate three distinct types of preference187

pairs to establish a continuous quality manifold: (a)188

strong contrast pairs (x, t+ ≻ t−), (b) fine-grained189

optimization pairs (x, t+ ≻ t), and (c) fine-grained190

degradation pairs (x, t ≻ t−). This comprehen-191

sive training paradigm provides comparative sig-192

nals that enable the reward model to internalize the193

intrinsic features of high-quality reasoning through194

relative contrast rather than absolute quantification.195

Notably, while similar evolutionary strategies like196

Evol-Instruct (Xu et al., 2024) have been explored197

for synthesizing supervised fine-tuning data, we198

novelly identify and validate their effectiveness in199

training discriminative reward models for distin-200

guishing nuances in reasoning-process quality.201

Reward modeling objective. Let sθ(x, t) ∈
R be the score given by the reward model sθ
for the reasoning process t under problem x.
For each preference pair (x, t(a) ≻ t(b)) ∈ D,
where t(a) is preferred over t(b), we optimize a
Bradley–Terry (Bradley and Terry, 1952) objec-
tive, which is widely adopted in reward model-
ing (Ouyang et al., 2022):

LBT (θ) = − log σ(sθ(x, t
(a))− sθ(x, t

(b)))

and sum over all constructed pairs. Minimizing202

this objective encourages sθ to assign higher scores203

to higher-quality reasoning processes.204

2.2 Consistency-Gated GRPO205

Given the CRPL-trained reasoning-process re-206

ward model, this section instantiates the policy-207

optimization module that jointly leverages func-208

tional correctness and reasoning-process signals.209

Our implementation builds upon GRPO (Shao210

et al., 2024), which uses group-relative baselines 211

computed from a set of sampled responses to re- 212

duce variance. In our setting, each response y is 213

explicitly decomposed into a reasoning process and 214

a solution, y ≜
(
t, o

)
, where t denotes the con- 215

tent inside the <think> block and o denotes the 216

content inside the <answer> block. 217

While GRPO can optimize binary outcome re- 218

wards effectively, naively incorporating a neural 219

reward makes the policy susceptible to reward hack- 220

ing (Guo et al., 2025). For instance, the policy may 221

learn to inflate the process score without improving 222

the functional correctness of o. To mitigate this, we 223

propose Consistency-Gated GRPO (CG-GRPO), a 224

simple and effective gating mechanism that makes 225

process optimization conditional on successful exe- 226

cution. As shown in Figure 1(c), CG-GRPO intro- 227

duces a reward structure composed of three terms: 228

(1) Format Reward (Rfmt): A binary reward en- 229

suring structural compliance (i.e., correct usage 230

of <think> and <answer> tags). Rfmt = 231

I(Valid Format), which has been demonstrated to 232

be effective in prior works (Xie et al., 2025; Guo 233

et al., 2025). (2) Outcome Reward (Rout): A 234

strict binary signal derived from test case execu- 235

tion. Rout = 1 if the solution passes all test cases, 236

and 0 otherwise. (3) Reasoning Reward (Rproc): A 237

continuous scalar r ∈ [0, 1] provided by the CRPL- 238

trained reward model sθ (Section 2.1), quantifying 239

the quality of the reasoning process t. 240

A naive way to incorporate Rproc is to linearly 241

combine all reward terms (e.g., R = Rfmt+Rout+ 242

Rproc). However, since Rproc is a neural signal and 243

less constrained than the signal provided by exe- 244

cution feedback, such linear aggregation renders 245

the policy susceptible to reward hacking (see Sec- 246
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tion 6), where the policy inflates process scores247

without improving functional correctness. To mit-248

igate this, our consistency gate grounds Rproc in249

a strict and verifiable signal. We activate Rproc250

only for functionally correct samples. In this way,251

functional correctness acts as a hard constraint pre-252

venting the policy from compromising correctness253

for higher neural scores, while still providing infor-254

mative gradients to distinguish reasoning processes255

among correct solutions. The final reward Ri for256

the i-th sample is formulated as:257

Ri = R
(i)
fmt︸ ︷︷ ︸

Structure

+ R
(i)
out︸︷︷︸

Correctness

+ I(R(i)
out = 1) ·R(i)

proc︸ ︷︷ ︸
Consistency-Gated Process

where I(·) is the indicator function. This formula-258

tion ensures that the process reward is activated if259

and only if the extrinsic outcome is correct.260

A key advantage of CG-GRPO is its ability to261

maintain learning dynamics when the model per-262

forms well. In standard GRPO, if a group of G263

samples is all correct (R(i)
out = 1, ∀i ∈ G), the stan-264

dard reward is uniform, leading to zero advantage.265

In contrast, our gated term I(Rout = 1) · Rproc266

introduces meaningful variance among function-267

ally correct solutions when their reasoning-process268

quality differs. This creates non-zero advantages,269

encouraging the model to prefer high-quality rea-270

soning processes among correct solutions.271

3 Benchmark Construction272

Existing benchmarks for evaluating reward mod-273

els (Lambert et al., 2024; Liu et al., 2025) primarily274

focus on distinguishing the correctness of final so-275

lutions rather than the quality of the intermediate276

reasoning process. This outcome-centric focus ren-277

ders these benchmarks insufficient for evaluating re-278

ward models for training processes. To bridge this279

gap, we introduce LiveCodeBench-RewardBench280

(LCB-RB), a benchmark designed to discriminate281

between superior and inferior reasoning processes.282

Following established protocols (Lambert et al.,283

2024; Liu et al., 2025), we use Qwen2.5-Coder-284

32B-Instruct with high-temperature sampling (T =285

1.0) to generate 50 reasoning-solution pairs per286

problem from LiveCodeBench v5. We first par-287

tition the generated solutions into pass and fail288

sets based on test-case execution. In most cases,289

execution outcomes provide a useful coarse sig-290

nal of reasoning-process quality-correct solutions291

are more likely to be supported by coherent rea- 292

soning than incorrect ones. However, our manual 293

analysis reveals a small but important Reasoning- 294

Implementation Gap: (i) a solution with a high- 295

quality reasoning process may fail due to minor 296

implementation issues (e.g., missing imports), and 297

(ii) a solution with a flawed reasoning process may 298

spuriously pass test cases due to randomness (Wang 299

et al., 2023). 300

To purify the data and ensure strict alignment 301

between reasoning and implementation, we imple- 302

ment a two-stage filtration pipeline: 303

Stage 1: Automated Dual-Consistency Check. 304

We employ GPT-4o (Achiam et al., 2023) as an 305

external validator to assess two criteria: (1) Log- 306

ical Soundness, i.e., whether the reasoning pro- 307

cesses contains substantive logical flaws; and (2) 308

Implementation Alignment, i.e., whether the pro- 309

duced code faithfully implements the described 310

plan. These checks target the two failure modes of 311

the Reasoning-Implementation Gap. The prompt is 312

in Appendix A.6. Based on GPT-4o’s assessment 313

of criterion (2), we discard instances with poor 314

alignment (i.e., code that does not implement the 315

stated reasoning). Among the remaining aligned 316

instances, we keep (a) logically sound processes 317

judged by GPT-4o as chosen candidates and (b) 318

logically flawed processes judged by GPT-4o as 319

rejected candidates. 320

Stage 2: Human Adjudication. To mitigate po- 321

tential bias of LLM-as-a-Judge (Zheng et al., 2023), 322

two authors independently inspect the filtered in- 323

stances. Adhering to the same evaluation criteria 324

and prompt definitions used in Stage 1, the an- 325

notators manually evaluate each instance for both 326

logical soundness and implementation alignment. 327

Inter-annotator agreement measured by Cohen’s 328

Kappa is κ = 0.769, indicating substantial agree- 329

ment (Landis and Koch, 1977). Disagreements 330

are subsequently resolved through consensus dis- 331

cussion between the annotators to ensure the high 332

quality of the final labels. 333

From the adjudicated pool, we construct 334

problem-wise preference pairs. We first exclude 335

problems lacking either a valid chosen or a valid 336

rejected process to ensure pairwise comparability. 337

Within the valid problems, we observe that valid 338

rejected processes (clear logical flaws under reli- 339

able reasoning-code alignment) remain relatively 340

scarce. To balance pairs, for each validated rejected 341

process, we randomly sample one validated chosen 342

process from the same problem instance. 343
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We reserve LiveCodeBench v5 problems from344

Oct. 2024 onwards exclusively for final code-345

generation evaluation to prevent data leakage. Fi-346

nally, we obtain 174 preference pairs.347

4 Experimental Setup348

Reward Model Setup. Our reward mod-349

els are initialized from Qwen2.5-Coder-7B-Base350

and Qwen2.5-Coder-3B-Base, and trained on351

preference pairs from the DeepCoder-Preview-352

Dataset (Luo et al., 2025), a corpus of 24k cod-353

ing problems. We evaluate our reward model on354

LCB-RB and the code and math subsets of Reward-355

Bench (Lambert et al., 2024), using accuracy as356

the evaluation metric (Lambert et al., 2024; Liu357

et al., 2025). Baselines include: (a) the original358

model, (b) state-of-the-art (SOTA) reward mod-359

els, including Starling-RM-34B (Zhu et al., 2023),360

EURUS-RM-7B (Yuan et al., 2024), Skywork-361

Reward-Llama-3.1-8B (Liu et al., 2024a), GPT-362

4-Turbo-2024-04-09 (Achiam et al., 2023), and363

GPT-3.5-Turbo-0125 (Brown et al., 2020), and (c)364

a Score-Based reward model. Further details are365

provided in appendix A.1.366

RL Setup. We select Qwen2.5-Coder-7B-Instruct367

as policy model, using DeepCoder-Preview-368

Dataset for training. The prompt used during369

training is in Appendix A.3. We conduct evalu-370

ations on HumanEval(+) (Liu et al., 2024b; Chen371

et al., 2021), MBPP(+) (Austin et al., 2021; Liu372

et al., 2024b), BigCodeBench (Zhuo et al., 2024),373

and LiveCodeBench (Jain et al., 2025). We use374

greedy decoding and employ Pass@1 for evalu-375

ation. Baselines include: (a) the original model,376

(b) SOTA code models, including Llama3-Instruct-377

70B (Dubey et al., 2024), Deepseek-Coder-V2-378

Lite-Instruct (Zhu et al., 2024), Qwen2.5-Coder-379

Instruct 14B (Hui et al., 2024), GPT-4-Turbo-2024-380

04-09, and GPT-3.5-Turbo-0125, (c) the model fine-381

tuned with SFT on the same data, and (d) the model382

only with outcome and format rewards. Further de-383

tails provided in Appendix A.2.384

5 Results385

We aim to answer the following research questions:386

RQ1: How effective is ReCode in improving code387

generation across different benchmarks?388

RQ2: How effectively does the CRPL-trained re-389

ward model distinguish reasoning-process quality390

on LCB-RB? Does this discriminative capability391

generalize to other reasoning benchmarks?392

1. Check if `n` is less than 0. If it is, 
return `False` because negative 
numbers cannot be perfect squares.

2. Compute the integer square root of 
`n` using the `int` with the square root 
function from `math` module.

3. Square the integer square root.
4. Check if the squared value equals `n`. 

If it does, return `True` because `n` is  
perfect. Otherwise, return `False`.

Write a function to check whether the given number is a perfect square.

1. Calculate the integer square root 
of the number.

2. Square integer square root and 
check if it equals original number.

3. If it does, the number is a perfect 
square; otherwise, it is not. The 
integer square root of a number 
(n) can be found using the floor 
value of the square root of (n). 

GRPO (Code) ReCode (Code+RM)

0.06 0.2188import math
def is_perfect_square(n):

root = math.isqrt(n)
if root * root == n:

return True
else:

return False

import math
def is_perfect_square(n):

if n < 0:
return False

root = int(math.sqrt(n))
return root * root == n

Figure 2: Example of reasoning processes generated by
the base model with ReCode and with GRPO.

RQ3: Can the ReCode training paradigm general- 393

ize to mathematical tasks which also rely on high- 394

quality reasoning capabilities? 395

5.1 RQ1: Effectiveness of ReCode in Code 396

Generation 397

ReCode effectively enhances the performance of 398

the model. As shown in Table 1, ReCode achieves a 399

relative improvement of 16.1% on average over the 400

base model across all benchmarks, showing compa- 401

rable performance to GPT-4-Turbo. Additionally, 402

ReCode surpasses the outcome-only baseline by 403

6.7%, maintaining a consistent performance advan- 404

tage as shown in Figure 3(a). 405

To further elucidate the mechanisms underlying 406

ReCode’s performance gains, we inspect models’ 407

outputs. Our analysis reveals that ReCode’s pri- 408

mary advantage lies in its ability to generate more 409

comprehensive and logically sound reasoning pro- 410

cesses, which help the model produce more accu- 411

rate code. For example, as shown in Figure 2, when 412

solving a perfect square problem, the model with- 413

out a reasoning-process reward fails to consider 414

negative numbers as edge cases in its reasoning 415

process, causing it to pass only the basic test cases 416

while failing the test cases in MBPP+. In contrast, 417

the model with ReCode demonstrates sound rea- 418

soning by considering negative inputs at the outset 419

of its reasoning process. 420

We further investigate the reward score of the 421

generated reasoning process of the case. The re- 422

sults show that the model trained with ReCode 423

achieves a reasoning-process reward of 0.2188, 424

outperforming the model trained with outcome- 425

only rewards, which obtains a score of 0.06. 426

This demonstrates that our reward model is well- 427

calibrated to reasoning-process quality, thereby pro- 428

viding effective supervision to guide the policy op- 429
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Model Size Humaneval MBPP LiveCodeBench BigCodeBench Avg
- HE HE+ MBPP MBPP+ Easy Medium Hard Full Hard -

GPT-4-Turbo � 90.2 86.0 85.7 73.3 68.5 24.2 4.6 58.2 35.1 58.4
GPT-3.5-Turbo � 72.6 67.7 84.1 71.2 46.3 9.4 5.6 50.6 21.6 47.7

Qwen2.5-Coder-Instruct 14B 89.6 87.2 86.2 72.8 61.0 11.3 2.8 48.4 22.2 53.5
DS-Coder-V2-Lite-Instruct 2.4/16B 81.1 75.6 82.8 70.4 43.9 5.7 5.6 36.8 16.2 46.5
Llama3-Instruct 70B 77.4 72.0 82.3 69.0 43.9 7.5 5.6 54.5 27 48.8

Qwen2.5-Coder-Instruct 7B 88.4 84.1 83.5 71.7 56.1 3.8 6.9 41.0 18.2 50.4
+SFT 7B 66.2 57.3 73.3 63.5 34.1 3.8 0.0 39.9 13.5 39.1
+GRPO 7B 85.9 81.1 86.7 75.1 58.5 15.1 9.7 52.0 29.7 54.9
+ReCode 7B 90.9 86.0 87.0 76.2 68.3 20.8 9.7 54.0 33.8 58.5

Table 1: Performance comparison of Qwen2.5-Coder-Instruct with ReCode against other baselines.

Model Size LCB-RB RewardBench Avg
- - Code Math -

GPT-4-Turbo � 62.4 98.1 67.3 75.9
GPT-3.5-Turbo � 50.6 77.6 40.6 56.3

Starling-RM 34B 54.0 88.8 85.9 76.2
EURUS-RM 7B 53.4 92.8 79.9 75.4
Skywork
-Reward
-Llama-3.1

8B 62.1 - - -

Qwen2.5-Coder 3B 53.4 52.8 60.0 55.4
+Score 3B 55.3 49.4 47.2 50.6
+CRPL 3B 57.5 63.6 93.5 71.5
Qwen2.5-Coder 7B 55.2 43.9 65.8 54.9
+Score 7B 60.3 80.2 71.8 70.8
+CRPL 7B 64.9 88.6 99.8 84.4

Table 2: Performance comparison of reward model
trained with CRPL against other baselines.

timization. Additional examples can be found in430

the supplementary materials.431

5.2 RQ2: Reward Model Effectiveness432

Table 2 presents the performance of the reward433

model trained with CRPL and other baselines on434

LCB-RB and the reasoning subsets of Reward-435

Bench. Due to potential data contamination, we436

exclude the results of Skywork-Reward-Llama-3.1437

from RewardBench2. The reward model trained438

with CRPL effectively enhances the base model’s439

ability to identify high-quality reasoning processes440

on LCB-RB, surpassing other baselines. For in-441

stance, our 7B parameter model achieves a rela-442

tive improvement of 11.2% over GPT-4-Turbo and443

19.3% over the score-based baseline.444

Compared with the score-based baseline, the445

CRPL-trained models demonstrate substantial im-446

provements. Specifically, our 3B and 7B models447

achieve relative improvements of 41.3% and 19.3%448

over score-based baselines, respectively. This in-449

2https://gist.github.com/natolambert/
1aed306000c13e0e8c5bc17c1a5dd300

(a) LiveCodeBench. (b) AIME 2024.

(c) Reward-model and formu-
lation ablations.

(d) Preference-source abla-
tions (Qwen-2.5-Coder-7B).

Figure 3: Overall performance of ReCode versus GRPO
(a,b), with ablations on the reward design and data
sources (c,d).

dicates that training LLMs to distinguish between 450

optimized and degraded versions of reasoning pro- 451

cesses is more effective than learning from direct 452

numerical scores. This is likely because LLMs are 453

not inherently sensitive to fine-grained numerical 454

values (Feng et al., 2024b; Ahn et al., 2024), mak- 455

ing it difficult to express the nuanced differences 456

between reasoning processes via a scalar score. 457

Furthermore, the base model trained with CRPL 458

demonstrates SOTA performance on reasoning sub- 459

sets of RewardBench, outperforming the best base- 460

line by 7.8% relatively. As RewardBench evaluates 461

a model’s ability to discriminate the quality of fi- 462

nal solutions, this result suggests that the discrim- 463

inative patterns learned from reasoning processes 464

generalize effectively to outcome assessment. 465

5.3 RQ3: Generalization to Mathematical 466

Tasks 467

To further assess the generalization of ReCode, we 468

extend it to the math domain where performance 469

hinges critically on high-quality reasoning. 470
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Model Size MATH
500

Minerva
Math AIME24 Avg

GPT-4o � 76.4 36.8 9.3 40.8

Llama-3.1-Inst 70B 64.6 35.3 16.7 38.9
Llama-3.1-Inst 405B 73.8 54.0 20.0 49.3
Eurus-2-PRIME 7B 79.2 38.6 26.7 48.2
Qwen2.5-Math-Inst 7B 79.8 37.1 13.3 43.4

Qwen2.5-Math 7B 46.9 15.5 11.2 24.5
+GRPO 7B 83.0 34.2 26.7 48.0
+ReCode 7B 83.0 38.2 33.3 51.5

Table 3: Performance comparison of Qwen2.5-Math
with ReCode against other baselines.

Experimental Setup We employ the same re-471

ward model in RQ1. For the policy model, we472

utilize Qwen2.5-Math-7B (Yang et al., 2024). We473

choose DAPO-Math-17k (Yu et al., 2025) as the474

training dataset, consisting of 17K mathematical475

data. We maintain the same experimental setup as476

in RQ1, except the training steps are reduced to 900,477

accounting for the smaller dataset size. Model per-478

formance is evaluated on MATH500 (Hendrycks479

et al., 2021), Minerva Math (Lewkowycz et al.,480

2022) and AIME 2024 (Art of Problem Solving,481

2024). Following prior work (Cui et al., 2025;482

Dubey et al., 2024), we employ greedy decoding483

for evaluation and report accuracy metric. Base-484

lines include: (1) original model, (2) base model485

trained via RL without reasoning-process rewards,486

and (3) SOTA mathematical models, including487

Llama-3.1-Instruct, GPT-4o-2024-0806, Eurus-2-488

PRIME (Cui et al., 2025), Qwen2.5-Math-Instruct.489

As shown in Table 3, ReCode effectively en-490

hances the model’s performance on mathematical491

tasks, indicating that ReCode generalizes beyond492

code generation. Specifically, the base model with493

ReCode demonstrates superior performance com-494

pared to several SOTA mathematical models. It495

demonstrates a 7.4% relative improvement over496

the RL baseline trained without reasoning-process497

rewards. To further illustrate the superiority of Re-498

Code, we analyze the performance trajectory on499

AIME24. As shown in Figure 3(b), ReCode out-500

performs the baseline without reasoning-process501

rewards throughout the training process.502

6 Discussion503

Comparison with Other Reward Models. We504

replace the reward model in CG-GRPO with505

Skywork-Reward-Llama-3.1-8B to further validate506

the effectiveness of our reward model. Due to com-507

putational constraints, we use Qwen2.5-Coder-7B-508

Instruct as the policy model and evaluate perfor-509

mance changes over the first 500 steps on Live- 510

CodeBench. As shown in Figure 3(c), CG-GRPO 511

with our CRPL-trained reward model demonstrates 512

superior performance. This may be because our 513

reward model is trained on fine-grained, reasoning- 514

aware preference pairs, which helps the model cap- 515

ture nuanced differences in reasoning quality. As a 516

result, when used in RL, our reward model yields 517

more precise and informative learning signals for 518

policy optimization than reward models trained on 519

outcome-centric preference data. 520

The Impact of Reward Hacking. To further 521

demonstrate the susceptibility of process-reward 522

RL to reward hacking, we introduce two alterna- 523

tive reward formulations that relax the consistency 524

constraint used in CG-GRPO. (1) Direct Addition 525

directly adds the process reward to the total re- 526

ward: Ri = R
(i)
fmt +R

(i)
out +R

(i)
proc, (2) Soft-Gated 527

Formulation replaces the hard execution gate with 528

a soft weight based on the execution pass rate: 529

Ri = R
(i)
fmt +R

(i)
out + P

(i)
out ·R

(i)
proc, where P (i)

out de- 530

notes the pass rate of output oi. We run controlled 531

experiments using Qwen2.5-Coder-7B-Instruct as 532

the policy and track performance over the first 500 533

training steps on LiveCodeBench. As shown in 534

Figure 3(c), both alternative formulations consis- 535

tently underperform CG-GRPO, with direct addi- 536

tion yielding the largest drop. These results suggest 537

that reasoning-process rewards computed from in- 538

correct programs are inherently noisy and could 539

be exploited by the policy. Without the strict con- 540

sistency constraint, the policy may over-optimize 541

R
(i)
proc even when the resulting code fails execution, 542

ultimately degrading code-generation performance. 543

Impact of Different Preference Pair Combina- 544

tions. We train base models on different combi- 545

nations with identical experimental settings. As 546

illustrated in Figure 3d, models achieve optimal 547

performance when trained on all types of prefer- 548

ence pairs (due to space limitations, the results 549

for the 3B model are in Appendix A.5). This im- 550

provement indicates that each pair type contributes 551

useful supervision. We hypothesize that aggregat- 552

ing diverse pair types provides a more comprehen- 553

sive learning signal, which enables the model to 554

better distinguish reasoning processes. Notably, 555

training solely on Opt–Deg pairs yields the best 556

performance among all single-pair settings, outper- 557

forming Opt–Ori and Ori–Deg by 22.2% on aver- 558

age. This may be because pairs with larger quality 559

separation provide a higher-contrast and less am- 560
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Model Size LCB-RB RewardBench
- - Code Math

Qwen2.5-Coder 3B 53.4 52.8 60.0
+Cross-Gen (50/50) 3B 53.4 54.6 81.7
+Single-Gen 3B 57.5 63.6 93.5
Qwen2.5-Coder 7B 55.2 43.9 65.8
+Cross-Gen (50/50) 7B 58.0 81.5 89.4
+Single-Gen 7B 64.9 88.6 99.8

Table 4: Reward model performance under single-
generator vs. cross-generator preference data synthesis.

biguous preference signal, making it easier for the561

reward model to learn discriminative features of562

reasoning-process quality.563

Impact of Data Generator Diversity in CRPL.564

To investigate whether the reward model overfits565

to generator-specific stylistic artefacts rather than566

intrinsic reasoning semantics, we construct a cross-567

generator variant of CRPL by randomly splitting568

original data into two halves: for one half, we569

use Llama-3.1-70B-Instruct to synthesize reason-570

ing processes, while the other half is generated571

by Qwen2.5-Coder-32B-Instruct. We train reward572

models on the mixed dataset. As shown in Ta-573

ble 4, single-generator training consistently outper-574

forms cross-generator training. For example, with575

Qwen2.5-Coder-7B as the base model, the single-576

generator setting improves performance by 10.7%577

on average compared to the cross-generator variant.578

We hypothesize that this gap reflects a signal-to-579

noise trade-off under a fixed budget: preference580

pairs produced by a stronger generator tend to pro-581

vide cleaner pairwise supervision, whereas mixing582

generators increases stylistic and structural variabil-583

ity of reasoning processes, diluting the preference584

signal and making it harder for the reward model to585

learn stable reasoning-process quality distinctions.586

7 Related Work587

RL for Code Generation. Code generation offers588

a natural verification signal via unit tests, enabling589

outcome-based rewards for RL. Building on this590

property, a line of work improves LLM coding591

by leveraging execution feedback. CodeRL (Le592

et al., 2022) applies RL with unit-test feedback,593

PPOCoder (Shojaee et al., 2023) enriches rewards594

by combining unit tests with syntactic and semantic595

similarity to ground-truth solutions, and DeepSeek-596

R1 (Guo et al., 2025) adopts GRPO using relative597

pass rates within a group of samples. To address598

the sparsity of binary signals provided by outcome-599

based rewards, recent works have shifted towards 600

incorporating fine-grained process supervision into 601

RL. StepCoder (Dou et al., 2024) uses curricu- 602

lum learning that progresses from code-completion 603

tasks to full generation, masking unexecuted to- 604

kens via test coverage for fine-grained PPO up- 605

dates. PRLCoder (Ye et al., 2025) learns a line- 606

level process reward model validated by the com- 607

piler and the test cases from mutation and refactor- 608

ing. Despite these advances, existing methods re- 609

main largely implementation-centric. They primar- 610

ily evaluate the correctness of generated code rather 611

than the logical soundness of reasoning processes. 612

Motivated by evidence that reasoning quality af- 613

fects functional correctness, we propose ReCode to 614

explicitly incentivize rigorous reasoning. As prior 615

approaches largely focus on implementation-level 616

refinement, ReCode is potentially complementary 617

to them by improving reasoning-process quality. 618

Reward Model Evaluation on Reasoning. Evalu- 619

ating the performance of reward models for rea- 620

soning tasks typically relies on verifiable prob- 621

lems. For example, the code subset of Reward- 622

Bench (Lambert et al., 2024) utilizes HumanEval- 623

Pack (Muennighoff et al., 2023), a multilingual ex- 624

tension of the HumanEval dataset. However, they 625

typically focus only on the correctness of the final 626

output, neglecting the quality of the intermediate 627

reasoning process that produced it. Additionally, 628

there is a risk of data contamination for benchmarks 629

derived from HumanEval (Jain et al., 2025). This 630

can lead to inflated performance metrics that do not 631

reflect true capabilities. To address these, we con- 632

struct LCB-RB sourced from LiveCodeBench (Jain 633

et al., 2025), which allows us to reliably evaluate a 634

reward model’s discrimination capabilities on the 635

intermediate steps of problem-solving. 636

8 Conclusion 637

We propose ReCode (Reasoning-Reinforced Code 638

Generation), a novel RL framework designed to 639

align code generation with high-quality reason- 640

ing processes. It comprises two components, i.e., 641

CRPL for reliable measurement of reasoning qual- 642

ity and CG-GRPO for safe integration of reasoning- 643

process rewards in RL. Our reward model achieves 644

strong performance on LCB-RB, a new benchmark 645

designed to distinguish between high-quality and 646

flawed reasoning processes. Extensive experiments 647

demonstrate the effectiveness of ReCode, and this 648

paradigm generalizes to the math domain. 649
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Limitations650

While our work displays many strengths, we high-651

light three limitations:652

Scalability in Long-Context Reasoning Pro-653

cesses. We train with a 4K output length due654

to compute constraints, which limits direct vali-655

dation on long-horizon settings where reasoning656

processes can exceed 30K tokens. Scaling ReCode657

to long contexts requires longer-context training658

and a long-context generator for the reward model.659

Future work could explore extending our frame-660

work to long-context reasoning processes.661

Limited Scale of LCB-RB. LCB-RB is derived662

from LiveCodeBench. To avoid potential data leak-663

age and ensure label reliability, it contains 174664

manually verified preference pairs. While this665

improves the reliability of evaluation, the small666

scale may limit coverage. Future work could667

expand reasoning-centric benchmarks using addi-668

tional problems and further evaluate reward mod-669

els.670

Limited Exploration of Other LLMs We observe671

cross-domain generalization when applying Re-672

Code to Qwen2.5-Math-7B after developing it on673

Qwen2.5-Coder-7B-Instruct. However, our evalua-674

tion is still limited to 7B backbones, leaving open675

how ReCode behaves across other models. We676

leave the exploration of other LLM backbones as677

future work.678

Ethical considerations679

All the datasets we use to fine-tune LLMs are680

publicly available and are for research purposes681

only. Beyond existing datasets, we also create682

synthetic preference supervision via CRPL and683

curate LCB-RB from LiveCodeBench. These ar-684

tifacts are derived from programming tasks and685

model-generated reasoning processes rather than686

users’ personal data. We conduct automated filter-687

ing and manual spot-checking to reduce the pres-688

ence of personally identifying information (PII)689

and overtly harmful or offensive content in the gen-690

erated data, and we release artifacts with a research-691

only intended use under the licenses and access692

conditions of the original sources. The open- and693

closed-source LLMs used (e.g., Qwen2.5 series,694

GPT-4/3.5) have their own training and deployment695

considerations documented by their creators. Our696

reward models are used to score reasoning traces,697

and models trained with ReCode are optimized to698

generate responses whose reasoning is consistent699

with the produced implementation. However, we 700

acknowledge that LLMs, including those used in 701

our study, may occasionally produce improper or 702

harmful content. Such outputs are unintended and 703

do not reflect the views or intentions of the authors. 704
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A Appendix993

A.1 Implementation Details994

Reward Model Setup We utilize Qwen2.5-995

Coder-32B-Instruct (Hui et al., 2024) to generate996

reasoning process preference data. The reward997

model is trained with a batch size of 128 and a998

learning rate of 1e-6 for 2 epochs. We partition the999

dataset using a 9:1 train-validation split and employ1000

an early stopping strategy based on the validation1001

set.1002

We compare our approach against several base-1003

lines: (1) Original Model: The base model with-1004

out any additional fine-tuning. (2) SOTA Re-1005

ward Models: Current best-performing reward1006

models to validate the competitive performance1007

of our method, including Starling-RM-34B (Zhu1008

et al., 2023), EURUS-RM-7B (Yuan et al., 2024),1009

Skywork-Reward-Llama-3.1-8B (Liu et al., 2024a),1010

GPT-4-Turbo-2024-04-09 (Achiam et al., 2023),1011

and GPT-3.5-Turbo-0125 (Brown et al., 2020). (3)1012

Score-Based reward model: We employ Qwen2.5-1013

Coder-32B-Instruct to score the initial reasoning1014

processes based on the dimensions of reasoning1015

quality, scoring prompt is in Appendix A.6, which1016

is also employed by (Fan et al., 2025). We then1017

perform SFT on the base model using consistent1018

hyperparameter settings to those with the CRPL-1019

based method.1020

A.2 RL Setup1021

For BigCodeBench, we use both the full and1022

hard sets with complete configuration. For Live-1023

CodeBench, we utilize the problems from Octo-1024

ber 2024 to February 2025, in line with prior1025

work (Yang et al., 2025; Tian et al., 2025). We 1026

compare our approach against several baselines: (1) 1027

Original Model: the original model without any ad- 1028

ditional training. (2) SOTA Code Models: Current 1029

best-performing models on code generation tasks 1030

for competitive comparison, including Llama3- 1031

Instruct-70B (Dubey et al., 2024), Deepseek-Coder- 1032

V2-Lite-Instruct (Zhu et al., 2024), Qwen2.5- 1033

Coder-Instruct 14B (Hui et al., 2024), GPT-4- 1034

Turbo-2024-04-09 (Achiam et al., 2023), and GPT- 1035

3.5-Turbo-0125 (Brown et al., 2020) (3) SFT on 1036

RL Data: The model fine-tuned on the same dataset 1037

using identical hyperparameters with SFT. (4) RL 1038

without reasoning reward: The model only with 1039

outcome and format rewards. 1040

The RL training is conducted using 1041

VeRL (Sheng et al., 2024) on 8 NVIDIA 1042

A800 80GB GPUs, with a total batch size of 32 1043

and a maximum output length of 4,096. We employ 1044

AdamW optimizer with a constant learning rate 1045

of 1e-6 and train for 1,600 steps. We remove the 1046

KL divergence term and adopt token-level policy 1047

gradient loss computation and the clip-higher 1048

mechanism with εlow = 0.2, εhigh = 0.28 for 1049

training stability (Yu et al., 2025; He et al., 2025; 1050

Wang et al., 2025) 1051

A.3 Prompt used for RL training 1052

As an AI Assistant, your task is to solve a user's question. First 
thinks about the reasoning process in the mind and then provides 
the user with the final answer. The reasoning process and answer 
are enclosed within <think> </think> and <answer> </answer> 
tags, respectively, i.e., <think> reasoning process here 
</think><answer> answer here </answer>.
{problem}
Write Python code to solve the problem. First, present your 
thinking process within <think> </think> tags. Then, present the 
code in a python code block within <answer> </answer> tags.

Figure 4: The Prompt used for RL training.

A.4 Synergistic Correlation Between 1053

Reasoning Quality and Code Correctness 1054

To investigate the correlation between reasoning 1055

quality and code correctness, we employ a pow- 1056

erful LLM to generate multiple solutions with ex- 1057

plicit reasoning processes for coding problems. We 1058

then utilize corresponding test cases to categorize 1059

the generated code into correct and incorrect im- 1060

plementations. To assess the quality of reason- 1061

ing processes, we leverage GPT-4o-mini (Achiam 1062

et al., 2023) to classify each solution’s reasoning 1063

into three distinct categories: (1) flawless reason- 1064

ing with consistent implementation, (2) flawed rea- 1065
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soning with consistent implementation, and (3) in-1066

consistent reasoning and implementation. We ex-1067

clude the third category from our analysis, as the1068

misalignment between reasoning and implemen-1069

tation introduces confounding factors that would1070

obscure the relationship between reasoning quality1071

and code correctness. This filtering ensures that our1072

study focuses specifically on cases where the imple-1073

mentation faithfully reflects the reasoning process,1074

whether that reasoning is sound or flawed. Conse-1075

quently, each generated output can be characterized1076

by two attributes: (1) code correctness (correct or1077

incorrect), and (2) reasoning quality (flawless or1078

flawed).1079

To quantify the association between these two1080

attributes, we perform the chi-square test (Pear-1081

son, 1900). Specifically, we utilise Qwen2.5-Coder-1082

32B-Instruct with temperature T = 1.0 to generate1083

50 solutions for problems from LiveCodeBench1084

v5. Our analysis yields a highly significant result1085

with p = 9.3×10−15 ≪ 0.001, indicating a strong1086

statistical dependence between reasoning quality1087

and code correctness.1088

A.5 Impact of Different Preference Pair1089

Combinations of 3B Models1090

We present the performance of the 3B model un-1091

der different pair combinations, as illustrated in1092

Figure 5.1093

Figure 5: The effectiveness of different preference pair
sources for Qwen-2.5-Coder-3B, where Ori, Deg, and
Opt denote the original, degraded, and optimized rea-
soning paths, respectively.

A.6 Prompt1094

Here, we outline the key prompts utilized in our1095

framework. Figure 6 shows the prompt for gen-1096

erating the initial reasoning processes. Figures 71097

and 8 show the prompts for generating degraded1098

and optimized reasoning processes, respectively.1099

Figure 9 shows the prompt for dual-consistency 1100

checking of the reasoning processes. Figure 10 1101

shows the prompt used in the score-based baseline 1102

for reward-model training. 1103
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Initial Reasoning Generation Prompt

# Task Objective
You are an Expert Problem Solver and Algorithmic Thinker. Your primary goal is to generate
a detailed, step-by-step Chain-of-Thought (CoT) that deconstructs and logically solves the
given problem. Your output should be the reasoning process itself, not the final solution or
code.
# Input Data
[Problem Statement]
{problem_statement}
# Requirements for Your Reasoning
1. Deconstruct from First Principles: Begin by dissecting the problem statement. What is the
core question? What are the explicit and implicit requirements? What are the inputs, outputs,
and constraints? Break the problem down into smaller, more manageable sub-problems.
2. Analyze Examples and Edge Cases: Systematically use the provided examples and test
cases to verify your understanding. Explicitly state what each test case teaches you.
3. Brainstorm and Strategize:
(1) Prioritize Optimal Approaches: Begin by brainstorming efficient strategies. First, explore
algorithms and data structures that could lead to an optimal or near-optimal solution (e.g., hash
maps, two-pointers, binary search, dynamic programming, greedy algorithms). Do not start by
considering the brute-force approach.
(2) Select and Justify the Best Strategy: Evaluate the potential efficient approaches you’ve
identified. Choose the most promising one and provide a clear justification for your choice.
Analyze its trade-offs in terms of time complexity (O(n)), space complexity (O(n)), and
implementation difficulty. For instance, "A hash map approach offers an optimal O(n) time
complexity at the cost of O(n) space, which is an acceptable trade-off here. We will proceed
with this strategy."
(3) Acknowledge Brute-Force as a Last Resort: Only if you determine that efficient algorithms
are not applicable or are excessively complex to implement for the problem at hand, should
you then articulate the reasoning for using a brute-force approach.
4. Develop a Step-by-Step Logical Plan: Based on your chosen strategy, create a clear, logical,
and sequential plan.
(1) Mental Walkthrough: "Pre-run" your logic using a specific example. Narrate the state of
your variables or data structures at each step of the plan.
(2) Refine and Self-Correct: After the walkthrough, reflect on the plan. Are there any logical
gaps? Does it correctly handle all the identified edge cases? Could any step be simplified or
made more robust? Acknowledge and address any flaws found during the mental walkthrough.
5. Clarity and Structure: Ensure the entire reasoning process is articulated in a clear, structured
manner that is easy for a human to follow. The goal is to illuminate the *how* and *why* of
the solution, not just the what.
# Output Format
Your response must contain ONLY the reasoning process, formatted in Markdown. Do not
include any introductory or concluding remarks outside the reasoning block.

Figure 6: Prompt used for initial reasoning generation.
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Reasoning Degrading Prompt

# Task Objective
You are a Red Teaming AI Agent specializing in crafting sophisticated negative training data
for advanced reasoning models. Your task is to deliberately introduce a specific, targeted flaw
into a ‘Golden Chain-of-Thought’ (CoT). This creates challenging examples that teach other
models to identify and avoid logical errors.
# Input Data
[Problem Statement]
{question}
[Golden Chain-of-Thought]
{golden_CoT}
# Degradation Methods
1. Factually Incorrect Reasoning: Introduce a clear factual error into the logic. For example,
misstate a core constraint from the problem, use an incorrect mathematical formula, or
misrepresent the time/space complexity of a known algorithm.
2. Irrelevant or Misleading Path: Add steps that are factually correct on their own but are
irrelevant to solving the actual problem. This creates a distracting and inefficient reasoning
path.
3. Incomplete Reasoning: The reasoning starts correctly but halts before reaching the final
step, leaving the logic unfinished and the conclusion unsupported.
4. Logical Gap / Jump: Remove a key intermediate step, making the jump from a premise to a
conclusion seem abrupt and unsubstantiated, even if the final conclusion happens to be correct.
5. Chaotic or Acausal Reasoning: Invert the cause-and-effect relationship, or create a sequence
of steps that are logically disconnected and do not follow a coherent progression.
# Execution Steps
1. Identify Methods: Identify one or more ‘Degradation Methods’ from the inputs (e.g., a
comma-separated list like “Logical Gap, Factually Incorrect Reasoning").
2. Analyze & Plan: Carefully analyze the ‘Golden CoT’. Strategically plan how to weave
all the selected degradation methods into the reasoning. The flaws should be as subtle as
realistically possible, modelling a plausible human error.
3. Generate Degraded CoT: Rewrite the CoT to create the flawed ‘[Degraded CoT]’. This
section must contain ONLY the flawed reasoning itself.
4. Generate Explanation: Create a concise ‘[Explanation of Degradation]’. In this section, you
must clearly list each degradation method you used, and for each one, pinpoint exactly how,
where, and why you altered the original reasoning.
# Output Format
Your response MUST be in Markdown format and strictly adhere to the two-part structure
below. If multiple degradations are applied, list each one in the explanation.
“‘markdown
[Degraded Cot]
(Write the Degraded Chain-of-Thought here.)
[Explanation]
(Describe where and how you applied the degradation method(s).)

Figure 7: Prompt used for generating degraded reasoning generation.
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Reasoning Evolving Prompt

# Task Objective
You are an AI Reasoning Optimizer, specializing in refining training data for advanced
reasoning models. Your task is to take a Golden Chain-of-Thought (CoT) and apply one
or more optimizations to make its logic more rigorous, efficient, and accurate. The goal is
to create higher-quality training samples to elevate the performance of advanced reasoning
models.
# Input Data
[Problem Statement]
{question}
[Golden Chain-of-Thought]
{golden_CoT}
# Optimization Methods
1. Factual Verification & Correction: Identifies and corrects a clear factual error within the
reasoning. If no errors are found, this method should not be applied.
2. Focusing Logic: Identifies and removes any redundant steps from the original reasoning.
This ensures every step directly contributes to the final goal, making the entire reasoning path
more focused.
3. Comprehensive Reasoning: Extends a line of reasoning that may have halted prematurely
or omitted final steps. This ensures the logical chain is fully closed and the conclusion is
explicitly and robustly supported.
4. Bridging Logical Gaps: Adds necessary intermediate steps between logical nodes that
seemed disjointed. This makes the transition from premise to conclusion smoother and more
self-evident.
5. Enhancing Logical Flow: Reorganizes reasoning steps to follow a clearer, more intuitive
causal or hierarchical order. This ensures the entire thought process is well-structured and
flows seamlessly from start to finish.
# Execution Steps
1. Identify Methods: Based on the ‘Optimization Methods’ above, analyze the input Golden
CoT and identify one or more specific methods for application (e.g., a comma-separated list
like “Bridging Logical Gaps, Factual Verification").
2. Analyze & Plan: Carefully analyze the ‘Golden CoT’. Formulate a clear strategy for
integrating all selected optimization methods into the new reasoning process. The goal of the
optimization is to make the reasoning more rigorous, clear, and persuasive.
3. Generate Optimized CoT: Rewrite the CoT to create the ‘[Optimized CoT]’. This section
must contain ONLY the improved reasoning itself.
4. Generate Explanation: Create a concise ‘[Explanation of Optimization]’. In this section,
you must clearly list each optimization method you used and, for each one, pinpoint exactly
how, where, and why you improved the original reasoning.
# Output Format
Your response MUST be in Markdown format and strictly adhere to the two-part structure
below. If multiple optimization methods are applied, list each one in the explanation.
“‘markdown
[Optimized CoT]
(Write the optimized Chain-of-Thought here.)
[Explanation]
(Describe where and how you applied the optimization method(s).)

Figure 8: Prompt used for generating optimized reasoning generation.
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Reasoning Flaw Assessment Prompt

You are a top-tier code reviewer and logical analyst.
Your task is to rigorously analyze a programming solution by evaluating both its thought
process (‘<think>’) and the consistency of its implementation (‘<answer>’).
Key Analysis Criteria:
1. Reasoning Soundness: Is the algorithm, logic, and step-by-step plan described in the
‘<think>‘ block a correct and robust way to solve the problem? Does this logic have flaws?
2. Implementation-Thought Consistency: Does the code in the ‘<answer>’ block faithfully
implement the logic described in the ‘<think>’ block?
Input Format:
[Problem Description]
{problem_description}
[Solution]
{solution_content}
Your Task:
Strictly adhere to the following two-line output format.
Line 1: Output only ‘Yes’, ‘No’, or ‘None’ based on the following specific logic:
(1) Output ‘Yes’ ONLY if the reasoning in ‘<think>’ has a flaw, AND the code in ‘<answer>’
is a consistent implementation of that flawed reasoning.
(2) Output ‘No’ ONLY if the reasoning in ‘<think>’ is sound, AND the code in ‘<answer>’ is
a consistent implementation of that sound reasoning.
(3) Output ‘None’ in all other scenarios. This primarily means any case where the code in
‘<answer>’ is NOT a consistent implementation of the logic in ‘<think>’, regardless of whether
the reasoning is sound or flawed.
Line 2: Explain the reasoning for your judgment. Your explanation must address both the
soundness of the thought process and its consistency with the final code.

Figure 9: Prompt used for checking the reasoning process.

Reasoning Scoring Prompt

# Task Objective
You are an expert evaluator of AI reasoning. I will provide you with a problem and a candidate’s
chain-of-thought reasoning. Your goal is to judge the quality of this reasoning process and
assign it a single score between 0 and 1. Your evaluation must focus on the logical integrity of
the process, not merely on whether the final answer is correct.
# Input Data
[Problem Statement]
{question}
[Reasoning Process]
{reasoning_to_evaluate}
# Evaluation Criteria
1. Factual Errors: Does the reasoning introduce incorrect facts, misuse formulas, or misstate
constraints from the problem?
2. Logical Gaps or Jumps: Are there missing steps? Does the conclusion jump from a premise
without a clear, logical bridge?
3. Irrelevant or Misleading Paths: Does the reasoning include steps that, while perhaps
factually correct, are irrelevant to solving the problem and create a distracting or inefficient
path?
4. Incomplete Reasoning: Does the reasoning start correctly but stop short of reaching a final,
supported conclusion?
5. Chaotic or Acausal Structure: Is the reasoning jumbled? Does it invert cause-and-effect or
present steps in an illogical, disconnected order?
# Scoring Instructions
Provide a single score from 0, 0.1, 0.2,..., 1.0 based on the reasoning quality.
1.0: Perfectly sound reasoning. Clear, correct, complete, and efficient.
0.7 - 0.9: Minor flaws. Contains small, easily correctable errors or slight inefficiencies.
0.3 - 0.6: Significant flaws. Contains major logical gaps, factual errors, or irrelevant paths that
seriously undermine the reasoning.
0.0 - 0.2: Completely flawed. The reasoning is chaotic, nonsensical, or fundamentally wrong
from the start.
# Output Format
Be strict, you should only output the score without any explanation.

Figure 10: Prompt used in the score-based baseline for reward-moded training.
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