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Abstract001

Existing reinforcement learning strategies002
based on outcome supervision have proven ef-003
fective in enhancing the performance of large004
language models(LLMs) for code generation.005
While reinforcement learning based on process006
supervision has shown great promise in han-007
dling multi-step reasoning tasks, its effective-008
ness in code generation remains largely under-009
explored and underjustified. The primary obsta-010
cle stems from the resource-intensive nature of011
constructing high-quality process-supervised012
data, which demands substantial human ex-013
pertise and computational resources. In re-014
sponse to this challenge, we propose a "state-015
ment mutation/refactoring-compile and exe-016
cution verification" strategy: mutating and017
refactoring code line-by-line through a teacher018
model, and utilizing compiler execution results019
to automatically label each line, resulting in020
line-by-line process-supervised data, which is021
pivotal for training a process-supervised reward022
model. The trained reward model is then inte-023
grated into the PRLCoder framework, followed024
by experimental validation on several bench-025
marks. Experimental results demonstrate that026
process-supervised reinforcement learning sig-027
nificantly surpasses methods relying solely on028
outcome supervision. Notably, in tackling com-029
plex code generation tasks, process-supervised030
reinforcement learning shows a clear advan-031
tage, ensuring both the integrity of the code032
generation process and the correctness of the033
generation results.034

1 Introduction035

Automatic code generation refers to the process of036

writing code automatically through algorithms or037

programs. Traditionally, automatic code generation038

has relied primarily on rule-driven programming039

tools and template-based code generators (Little040

and Miller, 2007; Gvero and Kuncak, 2015). These041

tools are typically only capable of handling sim-042

ple, highly repetitive tasks and required develop- 043

ers to precisely define rules and logic. In recent 044

years, with the emergence of LLMs based on deep 045

learning and natural language processing (such as 046

GPT (Brown, 2020; Floridi and Chiriatti, 2020; 047

Achiam et al., 2023) and LLaMA (Touvron et al., 048

2023a,b; Dubey et al., 2024)), the capabilities of 049

automatic code generation have been substantially 050

improved. These models can understand natural 051

language descriptions and automatically generate 052

corresponding code (Li et al., 2023), even solving 053

complex programming problems (Allamanis et al., 054

2018; Zan et al., 2022), thereby greatly enhancing 055

development productivity. 056

To better align models with complex human de- 057

mands, reinforcement learning (RL) has played 058

a crucial role by integrating human feedback 059

(Ouyang et al., 2022; Lee et al., 2023). The strength 060

of RL lies in its ability to indirectly optimize non- 061

differentiable reward signals, such as CodeBLEU 062

scores (Ren et al., 2020) and human preferences 063

(Wu et al., 2023), through policy optimization 064

and value function approximation (Williams et al., 065

2017; Dhingra et al., 2016). However, obtaining the 066

required human feedback often demands significant 067

human effort and resources (Casper et al., 2023). 068

In code generation tasks, reinforcement learning 069

demonstrates unique advantages: language models 070

can automatically utilize compiler feedback from 071

unit tests as reward signals, reducing excessive re- 072

liance on human feedback (Zhang et al., 2023; Le 073

et al., 2022; Wang et al., 2022; Shojaee et al., 2023). 074

This approach not only efficiently optimizes the 075

output but also significantly enhances the model’s 076

performance in code generation tasks. 077

Although these methods have achieved great suc- 078

cess, they predominantly rely on compiler feed- 079

back signals from entire code segments to train 080

the reward model, namely Outcome-Supervised 081

Reward Model (ORM), raising the sparse reward 082

space issue (Russell and Norvig, 2016; Amodei 083
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Figure 1: Illustrating the overall framework of our PRLCoder with three-phase structure: supervised training, reward
model training (including ORM for comparison), and reinforcement learning employing the trained reward model.

et al., 2016), where the policy has no idea how well084

it is performing during the training before reach-085

ing the ultimate output. In this context, Process-086

Supervised Reward Model (PRM) (Uesato et al.,087

2022; Lightman et al., 2023) offers a new perspec-088

tive. This model provides step-level feedback for089

multi-step reasoning results generated by language090

models, helping to identify and correct errors in in-091

termediate steps, rather than focusing solely on the092

final outcome. However, the current PRM has only093

been validated in the field of logical reasoning and094

has yet to demonstrate its effectiveness in code gen-095

eration. Moreover, given the high cost of manual096

labeling required to construct datasets for training097

PRMs, efficiently building a process-supervision098

dataset tailored for code generation remains a criti-099

cal challenge.100

In this paper, we introduce PRLCoder, an in-101

novative framework leveraging process-supervised102

reinforcement learning to enhance code genera-103

tion, as depicted in Figure 1, which outlines its104

three-phase structure: supervised training, reward105

model training (including ORM for comparison),106

and reinforcement learning employing the trained107

reward model. Importantly, we design a "statement108

mutation/refactoring-compile and execution verifi-109

cation" strategy to automatically generate process-110

supervised data. To be specific, for each line of the111

code, we adopt a teacher model to perform muta-112

tion and refactoring operations, where mutations113

produce code with different functionality from the114

original statement, while refactoring aims to pre- 115

serve the statement’s functionality as much as pos- 116

sible. The modified block of code is then verified 117

by a compiler, and based on the outcome of test 118

cases, the samples are labeled as either "Positive" 119

or "Negative". We observe that the test cases in the 120

MBPP dataset exhibit low coverage and are unable 121

to accurately label the sample code. To address 122

this, we extend the test cases to more effectively 123

leverage compiler feedback signals. Finally, we uti- 124

lize the trained PRM to assign fine-grained rewards 125

to each line of code, enabling reinforcement learn- 126

ing. This method not only significantly reduces the 127

time and cost required for manual annotation in 128

traditional process supervision but also eliminates 129

errors and biases in manual labeling. Additionally, 130

the accuracy of fine-grained rewards makes the 131

model more efficient in environment exploration, 132

enhancing the stability of the training process. 133

We evaluate our approach on two widely used 134

benchmark datasets, MBPP and HumanEval. Ex- 135

perimental results indicate that PRLCoder im- 136

proved the pass rate by 10.5% compared to the 137

base model and by 5.1% compared to outcome- 138

supervised reinforcement learning, with more sig- 139

nificant performance gains in tasks involving com- 140

plex code generation. In summary, our main con- 141

tributions are as follows: 142

1) To the best of our knowledge, we present the 143

first attempt to investigate process-supervised 144

reinforcement learning in the realm of code 145
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generation, exploring its potential to enhance146

the performance.147

2) To address the challenge of the resource-148

intensive manual labeling process, we in-149

troduce a "mutation/refactoring-verification"150

strategy to automatically generate high-151

quality process-supervised data for training152

reward models. Additionally, we supplement153

the test cases in the MBPP dataset to improve154

the accuracy of line-level labeling.155

3) Empirically we demonstrate that process su-156

pervision outperforms outcome supervision157

in code generation, achieving 4.4% improve-158

ment with more significant performance gain159

in tasks involving complex code generation.160

2 Related Work161

2.1 Pretrained LLMs for Code162

As LLMs begin to exhibit early signs of artificial in-163

telligence, their applications have extended beyond164

text processing. In the domain of code genera-165

tion, LLMs, trained on extensive corpora of code166

and natural language, are capable of generating167

code that is coherent both syntactically and se-168

mantically (Jiang et al., 2024; Guo et al., 2020;169

Li et al., 2022; Nijkamp et al., 2022). Among170

them, encoder models like CodeBERT (Feng et al.,171

2020) focus on understanding code structure and se-172

mantic relationships, encoder-decoder models like173

CodeT5 (Wang et al., 2021) specialize in translat-174

ing high-level language descriptions into concrete175

code, while decoder-only models like DeepSeek-176

Coder (Guo et al., 2024) generate syntactically cor-177

rect and semantically coherent code through au-178

toregressive methods. Additionally, researchers in179

the coding community have applied instructional180

tuning to their models. Wang et al. (2023) fine-181

tuned CodeT5+ using 20,000 instruction data gener-182

ated by InstructGPT, resulting in InstructCodeT5+183

with enhanced generalization capabilities. How-184

ever, these models largely overlook the unique se-185

quential features of code, exhibiting limited perfor-186

mance in handling complex issues and in cross-task187

generalization and scalability (Zhang et al., 2024).188

2.2 RL based on Compiler189

Reinforcement learning is a method of learning190

through "trial and error," aiming to enable an agent191

to interact with the environment and receive re-192

wards to guide behavior and maximize cumulative193

rewards (Mnih, 2013; Mnih et al., 2015; Van Has- 194

selt et al., 2016). Given the requirement for both 195

syntactic and functional correctness in code gener- 196

ation tasks, leveraging compiler feedback signals 197

from unit tests for reinforcement learning has be- 198

come a more competitive strategy. CodeRL (Le 199

et al., 2022) takes advantage of this by introduc- 200

ing a critic network to predict the functional cor- 201

rectness of generated programs, providing dense 202

feedback signals to the code generation model 203

(i.e., the actor network) for reinforcement learn- 204

ing. Similarly, CompCoder (Wang et al., 2022) 205

and PPOCoder (Shojaee et al., 2023) employ the 206

Proximal Policy Optimization (PPO) algorithm to 207

train CodeGPT and CodeT5, respectively, while 208

RLTF (Liu et al., 2023) uses compiler-generated 209

error messages and locations to provide more fine- 210

grained feedback. It constructs an online reinforce- 211

ment learning framework with multi-granularity 212

unit test feedback, generating data in real-time 213

during the training process. However, despite the 214

progress made by these outcome-supervised rein- 215

forcement learning methods, they still face chal- 216

lenges such as sparse reward space and training 217

instability. 218

2.3 Process Supervision 219

Outcome supervision focuses on the final output, 220

whereas process supervision provides guidance 221

through intermediate steps (Uesato et al., 2022; 222

Luo et al., 2024; Wang et al., 2024). Lightman 223

et al. (2023) collected a large amount of process- 224

supervised data and constructed the PRM800K 225

dataset. The results demonstrated that process su- 226

pervision significantly outperformed outcome su- 227

pervision in solving problems in the MATH dataset. 228

Wu et al. (2024) conducted further experiments us- 229

ing fine-grained human feedback as explicit train- 230

ing signals for tasks such as detoxification and long- 231

form question answering. Their study showed that 232

fine-grained feedback provides more effective su- 233

pervision signals compared to holistic feedback on 234

long texts. In the coding domain, Ma et al. (2023) 235

modified atomic operators by employing AST to 236

train a reward model, which was applied in multi- 237

step reasoning and proven effective. Therefore, ex- 238

ploring more optimized mutation/refactoring mech- 239

anisms, training more reliable PRM, and further 240

investigating the potential advantages of reinforce- 241

ment learning based on process supervision over 242

outcome supervision in the coding domain are of 243

great importance. 244
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Figure 2: The schematic diagram of the method for automatically constructing the reward dataset for process
supervision in the field of code generation. The bolded portions represent code statements that have been mutated or
refactored by DeepSeek-Coder-V2, and the subsequent statements will undergo mask processing.

3 Approach245

In this section, we will elaborate on the method-246

ological details of PRLCoder. By offering more247

fine-grained rewards, PRLCoder enables the PPO248

reinforcement learning algorithm to explore and249

optimize more accurately in code generation.250

3.1 Process-Supervised Dataset Construction251

Similar to the field of mathematical logic reasoning,252

collecting fine-grained human feedback through253

manual annotation to construct step-level reward254

datasets often requires significant human and ma-255

terial resources. To address this, we propose an256

innovative approach that leverages a teacher model257

and compiler feedback to automatically construct a258

process-supervised reward dataset for the domain259

of code generation. Figure 2 illustrates a schematic260

of the dataset generation process.261

Formally, let D = {pi, si}Ni=1 denotes the code262

generation training dataset, where pi represents the263

i-th problem description and si is the correspond-264

ing solution program code snippet. Initially, we265

leverage this reference code to construct positive266

samples. To be specific, we segment the reference267

code line by line, resulting in si = {si1, · · · , siLi}268

with Li being the number of lines. Then for each269

line of code, all subsequent lines are masked, and270

we directly mark the corresponding label for the271

line as "positive". In other words, the original ref-272

erence code can be directly reformulated as positive 273

samples for process supervision with the format: 274

{(pi, sij|j≤l), "positive"; l = 1, · · · , Li}Ni=1. 275

Positive samples alone are insufficient for train- 276

ing reward models; hence, we design a novel strat- 277

egy to construct negative samples. Specifically for 278

each line of code, we employ a teacher model to 279

perform mutate and refactoring operations using 280

specific prompt examples detailed in Figure 2. The 281

modified line, along with the remaining code, is 282

then validated through the compiler. Based on the 283

compiler feedback, it is labeled as "positive" if it 284

passes all test cases, or "negative" otherwise. 285

It is worth noting that during this process, we 286

discover that in the MBPP dataset, the modified 287

line can still pass all the test cases despite contain- 288

ing errors for certain problem descriptions. This 289

issue arises due to insufficient test case coverage. 290

In order to construct a more precise step-level re- 291

ward dataset, we expand these test cases. More 292

details about test case extension can be found in 293

Section 4.1. Subsequently, we follow the PPO rein- 294

forcement learning algorithm to optimize both the 295

policy model and the value model. 296

3.2 Reward Model Training 297

Outcome-Supervised Reward Model. ORM 298

adopts a holistic reward approach, mapping the 299

overall quality and reliability metrics correspond- 300
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Figure 3: Training of two types of ORM.

ing to the problem description d and the generated301

code w into a single scalar reward. Typically, this302

reward is only assigned to the final token in the303

generated sequence and is defined as follows:304

rOt =

{
RO(d,w; θ), t = T

0, otherwise
(1)305

where θ represents the parameters of ORM RO.306

We first use the dataset constructed in the previ-307

ous section to train an original ORM. However,308

relying solely on this dataset to train the ORM has309

limitations: the active learning strategy exhibits a310

strong bias towards incorrect answers in the dataset,311

thereby diminishing the overall performance of the312

model. Thus, we aim to explore alternative ap-313

proaches to build a more robust ORM baseline.314

Inspired by RLHF, we design a preference-based315

ORM. Specifically, for each question, we uniformly316

sample multiple code snippets from the generator317

and use a teacher model to simulate human anno-318

tators ranking them based on code quality, thereby319

training the reward model. Moreover, to more com-320

prehensively evaluate the advantages and disadvan-321

tages of process supervision and outcome super-322

vision in the coding domain, we refer to methods323

such as CodeRL mentioned earlier. We introduce324

the compiler as a source of supervision signals and325

use four types of feedback signals generated by326

the compiler to optimize the generator model, thus327

constructing a compiler-based ORM. Figure 3 il-328

lustrates the structures of these two ORM models,329

respectively.330

Process-Supervised Reward Model. Our PRM 331

rewards the quality of each code segment, allow- 332

ing for finer adjustments and feedback at each step. 333

We divide the code sequence w into k segments 334

(w1, w2, ..., wk), where wi represents the preced- 335

ing part of the code sequence. The synchronous 336

execution concludes at time Ti, denoted as aTi = 337

‘\n’. Within this framework, the reward model as- 338

signs a reward to each input segment (d,wi), dis- 339

tributing the highest reward to the final segment of 340

w. Finally, the reward rt is defined as: 341

rPt =

k∑
i=1

RP (d,wi;ϕ) · 1(t = Ti) (2) 342

where ϕ represents the parameters of PRM RP . 343

We use the process-supervised dataset constructed 344

with the "mutation/refactoring-verification" strat- 345

egy to train our PRM. Under this setting, the PRM’s 346

training data does not intersect with compiler-based 347

ORM, making it difficult to compare results di- 348

rectly. Nevertheless, the PRM and ORM both rep- 349

resent the optimal results under their respective 350

training methods. 351

3.3 Reinforcement Learning Algorithm 352

PPO (Proximal Policy Optimization) is a reinforce- 353

ment learning algorithm based on policy gradients. 354

Its core idea is to limit the magnitude of changes 355

between the old and new policies to prevent exces- 356

sively rapid updates (Schulman et al., 2017; Huang 357

et al., 2024). This is particularly crucial in the code 358

generation process, as the stability of the generated 359

results directly impacts the quality and consistency 360

of the code. 361

In code generation tasks, the PPO algorithm 362

first interacts with the environment using the cur- 363

rent policy πθk to obtain the state st, selects an 364

action at, and receives a reward rt and other 365

data. Subsequently, the advantage function At = 366∑
t′>t γ

t′−t(rt′ + γVψ(st′+1)− Vψ(st′)) is calcu- 367

lated for each time step, where the value function 368

Vψ(st) represents the expected cumulative rewards 369

from state st. See Appendix for more details. In 370

addition, we adopt the method from (Wu et al., 371

2021) to add a divergence penalty to each token, 372

representing the ratio of the old and new policies. 373

our reward function becomes: 374

rt = rPt − β log
πθ(at|st)
πθold(at|st)

(3) 375

See Appendix A for more details. 376
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4 Experiments377

4.1 Benchmarks378

MBPP. To train our PRM, we first select MBPP379

(Austin et al., 2021) as the seed dataset. The MBPP380

dataset consists of 974 crowdsourced Python pro-381

gramming problems. Each problem includes a task382

description, a code solution, and three automated383

test cases. We adopt the same prompt format as384

Austin et al. (2021) to prepare the input sequence:385

problem description + "Your code should satisfy386

these tests:" + three assertion.387

To maximize path coverage and improve the388

quality of process-supervised data, we leverage389

LLMs to supplement the test cases in the dataset.390

The resulting augmented dataset is referred to as391

MBPP+. See Appendix B for more details.392

HumanEval. To further evaluate the framework393

we proposed, we also employ an additional Python394

program synthesis dataset of comparable difficulty.395

The HumanEval dataset consists of 164 original396

programming problems, with some problems being397

comparable in difficulty to fundamental software398

interview questions. To verify the model’s general-399

ization ability, we conduct a comprehensive evalu-400

ation of the model on the HumanEval benchmark401

test set.402

4.2 Settings403

Evalution Metric. We follow the method proposed404

by Kulal et al. (2019); Chen et al. (2021) to evalu-405

ate function correctness using the pass@k metric,406

which involves generating k code samples for each407

problem. If any of the code samples pass the unit408

tests, the problem is considered correctly solved,409

and we report the overall proportion of problems410

solved. For each task, we generate n ≥ k samples411

(in this paper, we used n = 200) and calculate the412

number of correct samples that passed the unit tests,413

denoted as c ≤ n. The formula used in the paper is:414

pass@k := EProblems

[
1− (n−c

k )
(nk)

]
.415

Implementation Details. We fine-tune the416

CodeT5+ (Wang et al., 2023) as the policy model.417

During the supervised fine-tuning (SFT) phase, due418

to the small size of the MBPP training set, we em-419

ploy a learning rate of 2e-5 and train the model420

for 60 epochs, taking approximately 60 minutes421

on a single NVIDIA A800 80G GPU. We select422

Unixcoder (Guo et al., 2022) as the base model423

for ORM and PRM, training it for 10 epochs with424

weight_decay set to 0.01 and warmup_ratio set to425

0.01. In the final PPO training phase, the value 426

model is based on T5_base (Raffel et al., 2020). 427

For each sample, we generate four code snippets 428

using nucleus sampling with a temperature of 1.2, 429

top-p set to 0.95, and a maximum output token 430

count of 512. During the decoding phase, the sam- 431

pling temperature for MBPP is set to 1.2, while for 432

HumanEval it was set to 0.6, 0.8, and 1.2. 433

Training Data. We re-partition the dataset to im- 434

prove the generalization capability and robustness 435

of the process-supervised reward model. Specif- 436

ically, we select IDs in the range 601–974 from 437

MBPP as the training set for the SFT phase and the 438

seed set for the process-supervised reward dataset, 439

IDs in the range 101–500 as the training set for 440

the RL phase, and IDs in the range 501–600 and 441

1–100 as the validation and test sets, respectively. 442

The process-supervised reward dataset, gener- 443

ated through the automated "mutation/refactoring- 444

verification" strategy, includes training, valida- 445

tion, and test subsets. The positive and negative 446

samples in each subset are distributed as follows: 447

3,469/2,674 for the training set, 632/507 for the 448

validation set, and 631/488 for the testing set. 449

4.3 Experimental Results 450

4.3.1 Results on MBPP 451

To evaluate the performance of our PRLCoder in 452

code generation, we conduct comprehensive exper- 453

iments on the MBPP+ test set and show the exper- 454

imental results in Table 1. We hypothesize that 455

process supervision may have a more significant 456

advantage in complex code generation tasks. There- 457

fore, to provide a more comprehensive evaluation 458

of our PRLCoder method, we divide the MBPP+ 459

test set into three categories based on the length of 460

the standard_code: <50, 50-100, and >100. This 461

categorization roughly reflects the difficulty levels 462

of the programming tasks, which are denoted as 463

EZY, MED, HRD respectively in the table. 464

Comparison with LLMs. For the baseline, we 465

use GPT models with parameter sizes ranging from 466

4B to 137B as reported by Austin et al. (2021), and 467

the results are obtained from the original paper. Ad- 468

ditionally, we evaluate the CodeGen and LLaMA 469

models under the same experimental conditions to 470

ensure fairness and consistency in comparison. It 471

can be seen that our model achieves noticeable per- 472

formance improvement with significantly smaller 473

model size. 474

Comparison with ORMs. We then evaluate our 475
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Model Size
pass@1 pass@10 pass@80

EZY MED HRD all EZY MED HRD all EZY MED HRD all

GPT 8B - - - - - - - - - - - 40.6

GPT 68B - - - - - - - - - - - 53.6

GPT 137B - - - - - - - - - - - 61.4

CodeGen 6.1B 25.4 11.8 3.2 15.9 48.3 34.2 25.1 36.5 58.4 44.3 37.7 49.8

LLaMA 7B 27.9 12.6 4.1 17.7 50.6 36.9 26.7 40.3 68.4 54.8 48.9 59.3

CodeT5+ 770M 27.6 13.4 4.4 18.0 52.2 37.0 28.0 41.6 67.9 56.4 50.0 60.3

O-ORM 770M 29.0 15.5 6.6 20.1 49.2 34.4 31.2 39.7 65.7 52.5 51.2 57.9

P-ORM 770M 28.5 13.9 5.0 18.2 53.3 37.6 28.4 41.9 67.4 56.9 52.8 62.0

C-ORM
CodeRL 770M 28.5 13.7 4.6 18.1 52.3 37.9 29.9 42.0 66.1 56.9 52.6 61.0

PPOCoder 770M 28.9 14.0 4.5 18.5 52.7 38.0 29.6 42.4 66.7 57.3 53.4 61.9

RSFT 770M 28.4 13.8 4.9 18.3 52.5 37.6 30.4 42.6 68.4 58.4 57.2 62.2

PRLCoder 770M 27.8 14.5 5.7 18.7 53.0 38.4 32.3 43.0 69.0 60.0 59.6 63.8

Table 1: Performance results for various models on MBPP+ testing set. O-ORM represents the original ORM,
P-ORM represents the preference-based ORM, C-ORM represents the compiler-based ORM, and RSFT represents
rejection sampling fine-tuning.

(a) Accuracy, F1, Precision, Recall (b) Class Accuracy

Figure 4: Quantitative analysis of the process-supervised reward model for code trained using our method.

approach compared to methods based on outcome-476

supervised reward models (ORMs). We adopt the477

original ORM, the preference-based ORM and the478

compiler-based ORM for comprehensive evluation.479

To ensure fair comparison, we reproduce the ex-480

perimental results on the MBPP+ dataset. Specifi-481

cally for compiler-based method, we compare with482

two competitive methods: CodeRL and PPOCoder483

that utilized different reinforcement learning tech-484

niques. Our process supervision approach achieves485

significant improvements across tasks of varying486

difficulty levels. The improvement is particularly487

notable in medium and difficult problems. This in-488

dicates that process supervision can provide more489

detailed guidance on the model’s rewards in com-490

plex tasks, leading to the generation of more accu-491

rate code snippets. 492

Although the original ORM achieves higher re- 493

sults in Pass@1, it shows a decline in performance 494

compared to the base model in both Pass@10 and 495

Pass@100. We hypothesize that this drop may 496

be due to the method’s strong bias toward erro- 497

neous code in the dataset, causing it to misjudge 498

some correct code snippets during the RL process, 499

thereby reducing the number of correct answers. 500

This observation suggests that relying solely on 501

outcome-based strategies may be insufficient for 502

improving the model’s code generation capabilities 503

comprehensively. In contrast, process supervision, 504

by guiding the intermediate steps in the generation 505

process, can mitigate this issue. 506

Application of PRM to Rejection Sampling. To 507
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Model Size Pass@1 Pass@100

GPT-J 6B 11.6 27.7

CodeGen 6.1B 10.4 29.8

LLaMA 7B 10.5 36.5

CodeT5+ 770M 12.5 38.0

O-ORM 770M 13.2 40.1

P-ORM 770M 12.9 40.6

C-ORM
CodeRL 770M 12.6 39.7

PPOCoder 770M 13.0 40.0

PRLCoder 770M 13.6 41.8

Table 2: Quantitative results on Humaneval benchmark.

Figure 5: The loss curves of the reinforcement learning
under three different supervision methods.

further validate the effectiveness of PRM, we de-508

sign and conduct rejection sampling fine-tuning509

experiments independent of any RL, thereby eval-510

uating the applicability and performance of PRM511

beyond the constraints of reinforcement learning.512

4.3.2 Results on HumanEval513

To further assess the generalization capability514

of PRLCoder, we also test the performance of515

the MBPP+ fine-tuned model on the HumanEval516

dataset. The specific results are shown in Table 2.517

The results indicate that the PRLCoder outperforms518

outcome-supervised approaches. It is worthmen-519

tioning that our CodeT5+ performing below the520

original results reported on the HumanEval dataset521

is due to our fine-tuning being conducted solely on522

the MBPP+ training set, which utilizes significantly523

less data than the dataset used in the original study.524

4.4 Analysis525

We conduct an analysis of the automatically con-526

structed step-level dataset, focusing on evaluating527

its performance in training the PRM, as well as the528

model’s efficiency and stability in RL training.529

The Classification Accuracy of Reward model. 530

Based on the constructed dataset, we train PRM, as 531

shown in Figure 4(a). During the training phase, the 532

overall accuracy of the model reaches nearly 80%. 533

To further evaluate the model’s performance, we an- 534

alyze the classification accuracy for "Positive" and 535

"Negative" labels during the training process, with 536

the results presented in Figure 4(b). The model 537

achieves an overall performance of 0.76 on the test 538

set, with specific classification results of ([0.84, 539

0.65]). These findings indicate that the model 540

demonstrates strong performance in the reward- 541

based code generation task, validating the effective- 542

ness of the proposed training strategy and providing 543

robust support for further optimization of the code 544

generation process. Additionally, in Appendix C, 545

we present a case study where the model evalu- 546

ates the code generation results with line-by-line 547

rewards, further demonstrating the model’s effec- 548

tiveness in optimizing the code generation process. 549

Training process. When using the PPO reinforce- 550

ment learning algorithm for model training, we 551

compare the train_loss curves under three differ- 552

ent supervision methods, as shown in Figure 5. 553

The results indicate that our proposed PRLCoder 554

method demonstrates faster convergence during 555

training and exhibits significantly higher stability 556

compared to the other two outcome supervision 557

methods. This suggests that process supervision 558

not only improves training efficiency in code gen- 559

eration models but also significantly enhances the 560

stability of the training process. 561

5 Conclusion 562

In this paper, we propose a novel approach called 563

PRLCoder, which presents the first attempt to en- 564

hance the code generation by process reward mod- 565

els, which provide intermediate reward signals. To 566

tackle the challenge of costly labeling, we design 567

an innovative step-level dataset construction strat- 568

egy that automatically generates dataset for training 569

the code PRM using feedback from a teacher model 570

and a compiler. We also discover the low coverage 571

of current test cases in MBPP and perform augmen- 572

tation to enable effective PRM training. Experimen- 573

tal results show that on the MBPP and HumanEval 574

datasets, our method significantly improves the 575

quality of code generation. Our approach success- 576

fully validate the superiority of PRMs over ORMs 577

in code generation, most notably without the need 578

for resource-intensive manual labeling. 579
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6 Limitations580

Looking ahead, several aspects of PRLCoder can581

be further optimized and expanded. First, the582

current seed dataset has limited diversity, which583

may hinder the generalization capability of the584

trained PRM. Future research could consider uti-585

lizing more rich and diverse seed datasets to better586

cover various scenarios and requirements in code587

generation. Additionally, current experiments with588

PRLCoder have only been conducted on CodeT5+,589

and future work could explore its applicability and590

performance across more types and larger-scale591

code generation models. Furthermore, our pro-592

posed "mutation/refactoring-verification" strategy593

is not only applicable to code generation but also594

has the potential to establish process-supervised595

mechanisms for other reasoning or planning tasks.596

Future studies could further investigate the applica-597

bility and advantages of this strategy in other fields,598

especially its potential in addressing complex rea-599

soning and planning challenges.600
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A PPO Algorithm848

The full algorithm of PRLCoder is detailed in Al-849

gorithm 1.850

B Dataset Augmentation851

To establish a more standardized PRM dataset, we852

first normalize the code by standardizing the use853

of ‘\t’, ensuring uniform code formatting. Sub-854

sequently, to fully leverage feedback signals pro-855

vided by the compiler, we supplement test cases856

for MBPP problems. Specifically, we leverage857

a teacher model to generate test cases aimed at858

achieving comprehensive path coverage. These test859

cases are executed using a compiler to verify their860

correctness and effectiveness. The prompt provided861

to the teacher model is designed as follows: "Given862

the following code and its existing test cases, sup-863

plement with a new test case to achieve full path864

coverage." As shown in Figure 6, here are some865

examples of the modifications we made to MBPP.866

C Case Study867

Reward model. We conduct line-by-line reward868

evaluation experiments on the code generation re-869

sults using the trained process-supervised reward870

model (as shown in the Figure 7). The experimen-871

tal results show that the model’s reward evaluations872

are largely consistent with the feedback from the873

compiler, accurately assigning negative rewards to874

erroneous lines of code. This effectively enhances875

the model’s ability to assess the quality of code876

generation.877

Policy model. We conduct a comparative anal-878

ysis of the code generated by the baseline model879

and PRLCoder. As shown in Figure 8, the code880

generated by PRLCoder not only maintains process881

integrity but also ensures greater accuracy of the882

results. This demonstrates that PRLCoder’s model-883

ing of process supervision in code generation tasks884

is more effective, thereby enhancing the quality885

and reliability of the generated code.886

D Error Distribution887

To validate the effectiveness of our proposed strat-888

egy, we conduct an error distribution analysis on889

the automatically constructed reward dataset and890

the code generated by the baseline model. As891

shown in Figure 9, the error distributions of the892

two code sets exhibit significant overlap, demon-893

strating that the reward dataset constructed using894

this strategy effectively captures common error pat- 895

terns in the code generation process. Furthermore, 896

when this dataset is used to train PRM within a 897

reinforcement learning framework, it significantly 898

enhances the model’s ability to supervise code gen- 899

eration. 900
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Algorithm 1 Process-Supervised Reinforcement Learning for Code Generation

Input: initial policy model Pθinit ; initial value model Vψinit ; PRM Rϕ trained from step-level datasets;
code task prompts D; hyperparameters γ, λ, ϵ, β

Output: Pθ
1: policy model Pθ ← Pθinit , value model Vψ ← Vψinit

2: for step = 1, . . . ,M do
3: Sample a batch Db from D
4: Sample output sequence of program wn ∼ Pθ(· | xn) for each prompt xn ∈ Db
5: Compute rewards {rnt }

|wn|
t=1 for each sampled output wn by running Rϕ

6: Compute advantages {At}|w
n|

t=1 and value targets {V tar(st)}|w
n|

t=1 for each wn with Vψ
7: for PPO iteration = 1, . . . , µ do
8: Update the policy model using PPO objective:

θ ← argmax
θ

1

|Db|

|Db|∑
n=1

1

|wn|

|wn|∑
t=1

min

(
Pθ(at | st)
Pθold(at | st)

At, clip(vt, 1− ϵ, 1 + ϵ)At

)

9: Update the value model by minimizing a square-error objective:

ψ ← argmin
ψ

1

|Db|

|Db|∑
n=1

1

|wn|

|wn|∑
t=1

(
Vψ(st)− V tar(st)

)2
10: end for
11: end for

Figure 6: Some examples of the modifications we made to MBPP to align with our method
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Figure 7: case study on assigning rewards line by line in our PRM
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Figure 8: case study on code generation results of the base model and PRLCoder
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Figure 9: Some examples of the same error distribution generated by the reward dataset and the base model.
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