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Abstract

Recent advancements in Large Language Models (LLMs) have
shown that it is promising to utilize Process Reward Models
(PRMs) as verifiers to enhance the performance of LLMs.
However, current PRMs face three key challenges: (1) lim-
ited process supervision and generalization capabilities, (2)
dependence on scalar value prediction without leveraging the
generative abilities of LLMs, and (3) inability to scale the
test-time compute of PRMs. In this work, we introduce Gen-
PRM, a generative process reward model that performs explicit
Chain-of-Thought (CoT) reasoning with code verification be-
fore providing judgment for each reasoning step. To obtain
high-quality process supervision labels and rationale data, we
propose Relative Progress Estimation (RPE) and a rationale
synthesis framework that incorporates code verification. Ex-
perimental results on ProcessBench and several mathematical
reasoning tasks show that GenPRM significantly outperforms
prior PRMs with only 23K training data from MATH dataset.
Through test-time scaling, a 1.5B GenPRM outperforms GPT-
4o, and a 7B GenPRM surpasses Qwen2.5-Math-PRM-72B
on ProcessBench. Additionally, GenPRM demonstrates strong
abilities to serve as a critic model for policy model refinement.
This work establishes a new paradigm for process supervi-
sion that bridges the gap between PRMs and critic models in
LLMs.

Code — github.com/RyanLiu112/GenPRM
Datasets — huggingface.co/datasets/GenPRM/GenPRM-

MATH-Data
Extended version — arxiv.org/pdf/2504.00891

1 Introduction
Large Language Models (LLMs) have shown significant ad-
vances in recent years (OpenAI 2023; Anthropic 2023; Ope-
nAI 2024a,b; DeepSeek-AI et al. 2025; Zhang et al. 2025c;
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Sun et al. 2025). As OpenAI o1 demonstrates the great ef-
fectiveness of scaling test-time compute (OpenAI 2024a), an
increasing number of researches focus on Test-Time Scal-
ing (TTS) methods to improve the reasoning performance of
LLMs (Snell et al. 2025; Liu et al. 2025a; Zhang et al. 2025a;
Wang et al. 2025b; Zeng et al. 2025a; Liu et al. 2025b; Wang
et al. 2025a).

Effective TTS requires high-quality verifiers, such as Pro-
cess Reward Models (PRMs) (Liu et al. 2025a). However,
existing PRMs face several limitations. They exhibit limited
process supervision capabilities and struggle to generalize
across different models and tasks (Zheng et al. 2024; Zhang
et al. 2025e; Liu et al. 2025a). Furthermore, most current
approaches train PRMs as classifiers that output scalar val-
ues, neglecting the pre-trained natural language generation
abilities of LLMs. This classifier-based modeling inherently
prevents PRMs from leveraging test-time scaling methods to
enhance process supervision capabilities. These limitations
lead us to the following research question: How can genera-
tive modeling enhance the process supervision capabilities
of PRMs while enabling test-time scaling?

In this work, we address these challenges through a gener-
ative process reward model, named GenPRM. Specifically,
GenPRM differs from classification-based PRMs in that Gen-
PRM redefines process supervision as a generative task rather
than a discriminative scoring task by integrating Chain-of-
Thought (CoT) (Wei et al. 2022) reasoning and code veri-
fication processes before providing final judgment. To im-
prove conventional hard label estimation, we propose Rela-
tive Progress Estimation (RPE), which leverages a relative
criterion for label estimation. Additionally, we introduce a ra-
tionale synthesis framework with code verification to obtain
high-quality process supervision reasoning data. A compari-
son of our method with previous classification-based methods
is presented in Figure 1.

Our contributions can be summarized as follows:

1. We propose a generative process reward model that per-
forms explicit CoT reasoning with code verification and
utilizes Relative Progress Estimation to obtain accurate
PRM labels.

2. Empirical results on ProcessBench and common mathe-
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matical reasoning tasks demonstrate that GenPRM out-
performs prior classification-based PRMs. Additionally,
smaller GenPRM models can surpass larger PRMs via
TTS.

3. We provide a new perspective on PRMs in this work, fully
leveraging their TTS capabilities, reshaping their applica-
tions, and opening new directions for future research in
process supervision.

2 Related Work
Process Reward Models. Process Reward Models (PRMs)
have proven superior to Outcome Reward Models (ORMs)
for step-wise scoring in mathematical reasoning (Uesato
et al. 2022; Lightman et al. 2024). Due to the significant
human cost of annotating process supervision datasets like
PRM800K, prior works have developed automated label gen-
eration methods, such as Monte Carlo estimation (Wang
et al. 2024b) and binary search (Luo et al. 2024). Subse-
quent research improves PRMs through methods such as ad-
vantage modeling (Setlur et al. 2025), Q-value rankings (Li
and Li 2025), implicit entropy regularization (Zhang et al.
2024a), retrieval-augmented generation (Zhu et al. 2025), and
fast-slow verification (Zhong et al. 2025). Furthermore, the
community has developed high-quality open-source PRMs,
including the RLHFlow series (Xiong et al. 2024), Math-
psa (Wang et al. 2024a), Skywork series (Skywork o1 Team
2024), and Qwen2.5-Math series (Zheng et al. 2024; Zhang
et al. 2025e). Recently, some works focus on extending PRMs
to other tasks, including coding (Zhang et al. 2024b), medi-
cal tasks (Jiang et al. 2025), agentic tasks (Choudhury 2025),
general domain tasks (Zhang et al. 2025b; Zeng et al. 2025b),
and multimodal tasks (Wang et al. 2025c). Current studies
also focus on benchmarking PRMs (Zheng et al. 2024; Song
et al. 2025) to systematically evaluate their performance.

Large Language Model Test-Time Scaling. Scaling test-
time computation is an effective method for improving perfor-
mance during the inference phase (OpenAI 2024a; DeepSeek-
AI et al. 2025). TTS is commonly implemented with external
verifiers (e.g., ORMs and PRMs) or strategies (e.g., beam
search and MCTS) (Wu et al. 2025; Snell et al. 2025; Beech-
ing, Tunstall, and Rush 2024; Liu et al. 2025a). In this work,
we scale the test-time computation of a generative PRM with
an explicit reasoning process and GenPRM can also serve as
a verifier or a critic model in external TTS.

Enhancing the Generative Abilities of Reward Models.
Previous research has investigated methods to enhance the
generative capabilities of reward models using CoT reason-
ing (Ankner et al. 2024; Zhang et al. 2025d; Mahan et al.
2024). For instance, CLoud reward models (Ankner et al.
2024) are trained to generate critiques for responses and
predict rewards using an additional reward head. GenRM-
CoT (Zhang et al. 2025d) and GenRM (Mahan et al. 2024)
train generative reward models that perform CoT reason-
ing before making final predictions via SFT and preference
learning, respectively. CTRL (Xie et al. 2025) demonstrates
that critic models exhibit strong discriminative abilities when
utilized as generative reward models. Prior to these works,

GRM (Yang et al. 2024c) regularizes the hidden states of
reward models with a text generation loss.

3 Preliminaries
3.1 Test-Time Scaling
In this work, we consider three test-time scaling methods.

Majority Voting. Majority voting (Wang et al. 2023) se-
lects the answer that appears the most frequently among all
solutions.

Best-of-N. Best-of-N (BoN) (Brown et al. 2024; Snell et al.
2025) selects the best answer from N candidate solutions.

Critique and Refinement. In this process, a critic model
finds errors in a solution and provides feedback. The original
model then uses this critique to generate a new, improved
answer recursively (Madaan et al. 2023).

4 Method
In this section, we first describe how to develop GenPRM and
integrate the reasoning process with code verification. Then
we introduce how to scale test-time compute of policy models
using GenPRM and apply TTS for GenPRM and present the
improved label estimation method and data generation and
filtering framework of GenPRM.

4.1 GenPRM and Test-Time Scaling
From Discriminative PRM to Generative PRM

Discriminative PRM. Assume we have a PRM dataset
DDisc = {(st, at), rt}, where rt ∈ {0, 1} for PRM labels
with hard estimation. The discriminative PRM rψ is trained
via cross-entropy loss (Skywork o1 Team 2024; Zhang et al.
2025e):

LCE(ψ) =− E(st,at,rt)∼DDisc [rt log rψ(st, at)+

(1− rt) log(1− rψ(st, at))].
(1)

Direct Generative PRM. With a dataset DDirect-Gen =
{(st, at), rt}, where rt is Yes for a correct step and No
otherwise, the direct generative PRM (Xiong et al. 2024)
is trained through SFT to predict Yes or No for each step.
For step t, we use the probability of the Yes token as the
predicted process reward r̂t:

r̂t = rψ(Yes | st, at). (2)

Generative PRM. By equipping the direct generative PRM
with an explicit reasoning process like CoT (Wei et al. 2022),
we obtain a generative PRM. Let v1:t−1 denote the rationale
from step 1 to t − 1 and vt denote the rationale for step t.
Assume we have a dataset DGen = {(st, at, v1:t−1), (vt, rt)}.
GenPRM learns to reason and verify each step via SFT on
this dataset. The generative process reward r̂t can be obtained
via the following equation:

r̂t = rψ(Yes | st, at, v1:t−1, vt), (3)

where vt ∼ rψ(· | st, at, v1:t−1).
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Figure 1: A comparison between previous classification-based PRMs (left) and GenPRM (right). In this hypothetical illustration,
the classification-based PRMs erroneously judge an example trace as good, while GenPRM is able to leverage test-time scaling
abilities (with CoT and code verification) to correctly identify errors, as shown in Table 8 in Appendix B (Zhao et al. 2025).
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Figure 2: Our framework consists of six key parts: (1) The policy model generates solution steps, with MC scores estimated from
rollout trajectories (§4.2). (2) Our proposed RPE derives accurate PRM labels (§4.2). (3) High-quality process supervision data
is synthesized through CoT reasoning augmented with code verification (§4.2). (4) We apply consensus filtering followed by
SFT to train GenPRM. (5) The trained GenPRM functions as a verifier or critic, enabling enhanced test-time scaling for policy
models (§4.1). (6) The performance of GenPRM further improves through test-time scaling (§4.1).

Generative PRM with Code Verification. If we only ver-
ify the reasoning step with CoT based on natural language,
the process may lack robustness in certain complex scenar-
ios (Zhu et al. 2024; Gou et al. 2024). The difference between
the generative PRM and the generative PRM with code verifi-
cation is that the latter generates code to verify the reasoning
step by executing it and provides the judgment based on the
execution results. At step t, after generating the rationale vt
containing CoT and code, we execute the code and obtain
feedback ft. Given the current state st, action at, previous
rationales v1:t−1, and previous corresponding execution feed-
back f1:t−1, the PRM first generates the rationale vt. After
execution and obtaining the feedback ft, we compute the
final generative process reward as follows:

r̂t = rψ(Yes | st, at, v1:t−1, f1:t−1, vt, ft), (4)

where vt ∼ rψ(· | st, at, v1:t−1, f1:t−1). In the following
sections, we refer to GenPRM as this generative PRM type
with code verification. The effectiveness of CoT and code
verification can be found in Section 5.4.

Test-Time Scaling

Policy Model Parallel TTS: GenPRM as a Verifier. To
scale the test-time compute of policy models, we can sample
multiple responses from policy models and then use GenPRM
as a verifier to select the final answer (Snell et al. 2025).

Policy Model Sequential TTS: GenPRM as a Critic. By
equipping the PRM with generative process supervision abili-
ties, GenPRM can be naturally used as a critic model to refine
the outputs of policy models and we can scale the refinement
process with multiple turns.
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GenPRM TTS. In addition to scaling the policy model,
we can also scale the test-time compute of GenPRM. When
evaluating each solution step, we first sample N reasoning
verification paths and then use majority voting to obtain the
final prediction by averaging the rewards. For GenPRM with-
out code verification, the rewards are computed as follows:

r̂t =
1

N

N∑
i=1

rψ(Yes | st, at, vi1:t−1, v
i
t). (5)

And we can further incorporate code verification and execu-
tion feedback into this reasoning process:

r̂t =
1

N

N∑
i=1

rψ(Yes | st, at, vi1:t−1, f
i
1:t−1, v

i
t, f

i
t ). (6)

Then the rewards can be used for ranking the responses of
policy models. The aggregation of step-level rewards is dis-
cussed in Appendix A (Zhao et al. 2025). Also it could be
converted into binary labels through a threshold 0.5 for judg-
ing the correctness of the step.

4.2 Synthesizing Data of GenPRM
Solution Generation and Monte Carlo Estimation In this
part, we introduce how to generate solution data and obtain
initial process reward labels via Monte Carlo estimation.

Solution Generation with Step Forcing. We utilize
the 7.5K problems from the training set of the MATH
dataset (Hendrycks et al. 2021) as the problem set. For each
problem, we use Qwen2.5-7B-Instruct (Yang et al. 2024a) as
the policy model to collect multiple solutions. Since using
“\n\n” for step division does not consider the semantics of
each step and may result in overly fine-grained division, we
apply a step forcing approach to generate solutions. Specifi-
cally, we add “Step 1:” as the prefix for the policy model
to complete the response. For a response with T reasoning
steps, the format is as follows:

The response format with step forcing

Step 1: {step content} ... Step T: {step content}

The proportion of correct versus incorrect paths varies
significantly depending on problem difficulty. To obtain a
sufficient number of both, we sample up to 2048 paths per
problem. If either correct or incorrect paths are missing after
sampling 2048 responses, the corresponding problems are
discarded.

Balancing the Precision and Efficiency of MC Estimation.
Following Math-Shepherd (Wang et al. 2024b), we estimate
the probability of correctness for each step using completion-
based sampling. For each reasoning step st, we generate K
completion trajectories using a completion model, specifi-
cally Qwen2.5-Math-7B-Instruct (Yang et al. 2024b), and use
MC estimation to calculate the probability that the current
step at is correct (Wang et al. 2024b; Zhang et al. 2025e):

MC(st, at) =MC(st+1) =
1

K

K∑
j=1

1(qj = q∗), (7)

where qj is the answer of the j-th response, q∗ is the ground-
truth answer, and 1 is the indicator function. However, it is
difficult for the completion model to reach the correct answer
for hard problems even when the original step is correct,
leading to incorrect results for MC estimation. To address
this and balance the computation cost, we use a dynamic K
based on the estimated Pass@1 MC(s1):

K =


128 if 0 ≤MC(s1) < 0.1,

64 if 0.1 ≤MC(s1) < 0.9,

32 if 0.9 ≤MC(s1) < 1.

(8)

Relative Progress Estimation Previous work has shown
that hard label estimation is better than soft label estimation
for PRMs (Zhang et al. 2025e). However, after MC estima-
tion, we observe that although the MC score of many steps is
greater than 0, the steps are incorrect, as also noted by Zhang
et al. (2025e). For this issue, we propose Relative Progress Es-
timation (RPE), which assumes that a reasoning step should
be considered as a beneficial one if it is easier to reach the
correct answer by adding this step as the generation prefix.

Specifically, the MC score is an empirical estimation of the
current state st. To evaluate the quality of the current action
at, it is natural to compare the MC score of the next state
st+1 with that of the current state st, since st+1 = [st, at].
For each response, if the first erroneous step is step t′ (i.e.,
MC(st′) = 0), we set the MC score of the following steps
to 0. Our RPE Pt for step t is defined as follows:

Pt =
MC(st, at)

MC(st)
, (9)

where MC(s1) is the estimated Pass@1 computed in the
solution generation phase. However, we empirically find that
using a strict criterion where progress is always greater than
1 leads to unsatisfactory performance, as shown in Table 2.
To address this, we estimate the final reward label r̂t by
introducing a threshold ϵ:

r̂t =

{
1 if Pt ≥ ϵ,

0 otherwise.
(10)

We also discuss another form of relative progress Pt =
MC(st, at)−MC(st) in Table 2 in Section 5.4.

Rationale Generation and Filtering To generate our high-
quality training data, we employ a three-stage automated
pipeline using QwQ-32B (Qwen Team 2025) as the rationale
generator.

Step 1: Code-Based Rationale Generation. For each rea-
soning step at in a solution, the model generates both a nat-
ural language CoT analysis and a Python script to program-
matically verify its correctness, a method shown to improve
verification (Zhu et al. 2024).

Step 2: Code Execution and Verification. The script is
executed, and its output is fed back to the model. We observe
that this allows for a form of self-correction if the code’s
result contradicts the initial CoT analysis.
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Step 3: Label Judgment and Consensus Filtering. Fi-
nally, we apply a strict consensus filtering to ensure data
quality. We compare the labels derived from our RPE method
with labels generated by an LLM-as-a-judge (Zheng et al.
2023). Entire solutions with any label inconsistency are dis-
carded. This rigorous process filters out approximately 51%
of the candidates, yielding a final, high-fidelity dataset of
23K examples for training GenPRM.

5 Experiments
In this section, we aim to answer the following questions:
• Q1: How does GenPRM perform compared with previous

PRMs? (§5.2, §5.3)
• Q2: How does the performance of GenPRM scale with

more test-time compute? (§5.2, §5.3)
• Q3: How does GenPRM benefit policy model test-time

scaling? (§5.3)
• Q4: How do the components and hyperparameters influ-

ence GenPRM? (§5.4)

5.1 Setup
Benchmarks. We evaluate GenPRM and baseline meth-
ods on ProcessBench (Zheng et al. 2024), a benchmark de-
signed to assess process supervision capabilities in math-
ematical reasoning tasks.1 Additionally, we conduct BoN
and critic refinement experiments using MATH (Hendrycks
et al. 2021), AMC23 (AI-MO 2024b), AIME24 (AI-MO
2024a), and Minerva Math (Lewkowycz et al. 2022). For
BoN response generation, we employ Qwen2.5-Math-7B-
Instruct (Yang et al. 2024b) and Gemma-3-12b-it (Gemma
Team and Google DeepMind 2025) as policy models. For pol-
icy model TTS with GenPRM as the critic, we use Gemma-
3-12b-it (Gemma Team and Google DeepMind 2025) and
Qwen2.5-7B-Instruct (Yang et al. 2024a) as generators.

Baselines. For ProcessBench and BoN experiments, we
compare GenPRM with the following methods:
• Math-Shepherd-PRM-7B (Wang et al. 2024b): This

method trains a PRM using hard labels computed based
on MC estimation.

• RLHFlow series (Xiong et al. 2024): Includes RLHFlow-
PRM-Mistral-8B and RLHFlow-PRM-Deepseek-8B.

• Skywork-PRM series (Skywork o1 Team 2024): Com-
prises Skywork-PRM-1.5B and Skywork-PRM-7B.

• EurusPRM (Cui et al. 2025): EurusPRM-Stage1 and
EurusPRM-Stage2 are trained as implicit PRMs (Yuan
et al. 2024).

• Qwen2.5-Math series (Zheng et al. 2024; Zhang
et al. 2025e): Qwen2.5-Math-7B-Math-Shepherd and
Qwen2.5-Math-7B-PRM800K are trained with Math-
Shepherd (Wang et al. 2024b) and PRM800K (Lightman
et al. 2024), respectively. For Qwen2.5-Math-PRM-7B
and Qwen2.5-Math-PRM-72B, the training data is applied
consensus filtering using LLM-as-a-judge (Zheng et al.
2023).
1Our evaluation code is adapted from https://github.com/

QwenLM/ProcessBench.

• RetrievalPRM-7B (Zhu et al. 2025): The method en-
hances PRM with retrieved questions and corresponding
steps.

• Universal-PRM-7B (Tan et al. 2025): The method pro-
poses an automated framework using ensemble prompting
and reverse verification.

• Dyve-14B (Zhong et al. 2025): This method dynamically
applies fast or slow verification for each reasoning step.

• Direct Generative PRM-7B: The method trains a direct
generative PRM with the original language head via SFT
using the same data as GenPRM, but without CoT and
code verification.

For critic experiments, we use the following methods for
comparison:

• Self-Refine (Madaan et al. 2023): This method uses the
generator to self-critique and refine the solution.

• DeepSeek-R1-Distill-Qwen-7B (DeepSeek-AI et al.
2025): This model is fine-tuned based on Qwen2.5-Math-
7B (Yang et al. 2024a) using high-quality reasoning data
generated by DeepSeek-R1 (DeepSeek-AI et al. 2025).

Implementation Details. For RPE, we set ϵ = 0.8 across
all experiments, with ablation studies presented in Sec-
tion 5.4. Rationale data is generated using QwQ-32B (Qwen
Team 2025) with the prompt template shown in Table 5
in Appendix A (Zhao et al. 2025). Our base models are
from the DeepSeek-R1-Distill series (DeepSeek-AI et al.
2025), specifically the 1.5B, 7B, and 32B parameter vari-
ants. The training configuration for our method uses a
batch size of 64 and a learning rate of 2.0 × 10−6. Dur-
ing evaluation, we employ a temperature of 0.6. For cri-
tique refinement experiments, we extract content within the
<analyze></analyze> tags, focusing exclusively on
steps predicted as negative by the policy model. The baseline
methods utilize standardized prompt templates (detailed in
Table 7 in Appendix A (Zhao et al. 2025)) to ensure consis-
tent critique generation formats.

5.2 ProcessBench Results
GenPRM outperforms classification-based PRMs on Pro-
cessBench. As shown in Table 1, GenPRM-7B significantly
outperforms direct generative PRM and surpasses all previ-
ous PRMs with parameters less than 72B on ProcessBench.
Also, GenPRM-1.5B outperforms Skywork-PRM-1.5B by
a large margin. It is noteworthy that GenPRM is trained
with merely 23K data from MATH (Hendrycks et al. 2021)
only. By comparing the detailed results in Table 10 in Ap-
pendix B (Zhao et al. 2025), we find the performance gain
of GenPRM mainly comes from the stronger abilities of
finding erroneous steps and we provide concrete cases in
Appendix C (Zhao et al. 2025). These results demonstrating
the superiority of generative modeling of PRM.

GenPRM enables smaller PRMs surpass 10× larger
PRMs and GPT-4o via TTS. We also compare the TTS
results of GenPRM in Table 1 and find that GenPRM-1.5B
surpasses GPT-4 and GenPRM-7B exceeds Qwen2.5-Math-
PRM-72B on ProcessBench via simply majority voting,

34936



GenPRM-7B (Pass@1) 

GenPRM-7B (Maj@4)

GenPRM-7B (Maj@8) 

Direct GenPRM-7B

Skywork-7B 

Skywork-1.5B

 Qwen2.5-Math-7B 

Qwen2.5-Math-7B-PRM800K

 

Maj.

Pass@K

   
20 22 23 24 25 26 27 28

   Number of Solutions (N)

70

75

80

85

90

95

 
Ac

cu
ra

cy
 (%

)

(a) AMC23 (Qwen)

 Number of Solutions (N)
22 23 24 25 26 27 28

5
10
15
20
25
30
35

Ac
cu

ra
cy

 (%
)

20

(b) AIME24 (Qwen)

   
20 22 23 24 25 26 27 28

Number of Solutions (N)

65

70

75

80

85

90

95

   
Ac

cu
ra

cy
 (%

)

(c) AMC23 (Gemma)

20 22 23 24 25 26 27 28
   Number of Solutions (N)

15

20

25

30

35

40

 
Ac

cu
ra

cy
 (%

)

(d) AIME24 (Gemma)

Figure 3: BoN results on AMC23 and AIME24. Full results are shown in Appendix B (Zhao et al. 2025).

Model Training
Data

F1
Score

LLMs

GPT-4o-0806 unk 61.9
o1-mini unk 87.9
QwQ-32B unk 83.7

PRMs (1.5B)

Skywork-PRM-1.5B unk 36.4
GenPRM-1.5B (Pass@1) 23K 57.3
GenPRM-1.5B (Maj@8) 23K 63.4

PRMs (7-8B)

Math-Shepherd-PRM-7B 445K 31.5
RLHFlow-PRM-Mistral-8B 273K 28.4
RLHFlow-PRM-Deepseek-8B 253K 26.6
Skywork-PRM-7B unk 42.1
EurusPRM-Stage1 463K 31.2
EurusPRM-Stage2 30K 31.3
Qwen2.5-Math-7B-Math-Shepherd 445K 28.9
Qwen2.5-Math-7B-PRM800K 264K 56.5
Qwen2.5-Math-PRM-7B ∼344K 73.5
RetrievalPRM-7B 404K 65.8
Universal-PRM-7B unk 74.3
Direct Generative PRM-7B 23K 60.0
GenPRM-7B (Pass@1) 23K 75.2
GenPRM-7B (Maj@8) 23K 80.5

PRMs (14-72B)

Dyve-14B 117K 55.8
Qwen2.5-Math-PRM-72B ∼344K 78.3
GenPRM-32B (Pass@1) 23K 77.6
GenPRM-32B (Maj@8) 23K 82.6

Table 1: ProcessBench results reported with F1 scores. For
1.5B PRMs, bold indicates the best Pass@1 or scores superior
to GPT-4o. For 7-8B and 14-72B PRMs, bold denotes the
best Pass@1 or scores superior to Qwen2.5-Math-PRM-72B.

showing that scaling test-time compute is highly effective for
GenPRM. We also find that the performance improvement of
scaling the test-time compute on harder problems is larger
than that of easier questions.

5.3 Policy Model Test-Time Scaling Results
GenPRM as a Verifier. The results in Figure 3 (a)-(b)
show that GenPRM outperforms the baselines on AMC23 and
AIME24 with Qwen2.5-Math-7B-Instruct (Yang et al. 2024b)
as the policy model. The advantage of GenPRM becomes
larger by scaling the test-time compute of GenPRM and the
policy model. Figure 3 (c)-(d) demonstrates that GenPRM
generalizes well to responses with Gemma-3-12b-it (Gemma
Team and Google DeepMind 2025) as the policy model.

GenPRM as a Critic. We also conduct experiments by
using GenPRM as a critic to refine the outputs of the policy
model. The results in Figure 4 show that GenPRM exhibits
strong critique abilities than the baselines, significantly im-
proving the performance of the policy model and the perfor-
mance continues to increase with more refinement based on
the critic feedback.

Trade-off between performance and token consumption.
We conduct experiments analyzing the trade-off between per-
formance and token budgets. The results in Figure 5 show
that under small budgets, scaling the policy with majority
voting is more effective. However, under large budgets, in-
creasing GenPRM’s test-time compute yields better perfor-
mance gains. This indicates a compute-performance trade-off
between PRM and policy. The results of adaptive pruning of
GenPRM are shown in Appendix B (Zhao et al. 2025).

5.4 Analysis
Label Estimation Method and Criterion. To explore how
different label estimation affects GenPRM, we conduct ex-
periments with the following methods: (1) hard label (Wang
et al. 2024b; Zhang et al. 2025e); (2) RPE in (9); and (3) a
RPE variant (Pt = MC(st, at) −MC(st)). For the RPE
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Figure 4: Results of critique refinement experiments. The
reported performance is an average calculated over 4 bench-
marks: AMC23, AIME24, MATH, and Minerva Math.

Estimation Method Positive
Criterion F1 Score

Pt =MC(st, at) (hard label) Pt > 0 73.2

Pt =MC(st, at)−MC(st)
Pt ≥ −0.1 74.1
Pt ≥ −0.3 74.1
Pt ≥ −0.5 74.3

Pt =
MC(st, at)

MC(st)

Pt ≥ 0.1 73.5
Pt ≥ 0.5 73.5
Pt ≥ 0.8 75.2
Pt ≥ 1.0 72.3

Table 2: Results of GenPRM with different label estima-
tion method and threshold on ProcessBench, reported with
Pass@1. The best results are shown in bold.

and its variant, we use different thresholds ϵ and set the la-
bels as correct by checking whether Pt ≥ ϵ. The results in
Table 2 show that RPE and its variant outperforms hard label
estimation and RPE with ϵ = 0.8 achieves the best result.
Full results are shown in Appendix B (Zhao et al. 2025).

Reasoning Components. To understand how each reason-
ing component influence GenPRM, we conduct experiments
by training GenPRM with: (1) CoT data only, (2) code veri-
fication data only, and (3) full data. During inference phase,
we could explicitly control different inference modules by
special tag. For example, GenPRM trained with full data can
be used to verify each step with CoT only by stopping gen-
eration at </analyze> token. The results in Table 3 show
that: (1) the improvement of GenPRM mainly comes from
CoT reasoning; (2) generating code and reasoning with code
execution result improves the performance as well.
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Figure 5: Accuracy as a function of token cost on the AMC23
dataset. The token cost is modulated by varying the number
of samples (N) in Best-of-N.

Training Inference F1 Score
CoT Code CoT Code Code Exec.

- - - - - 60.0

- ✓ - ✓ - 64.2
- ✓ - ✓ ✓ 69.6
✓ - ✓ - - 78.8

✓ ✓

- ✓ - 61.5
- ✓ ✓ 66.5
✓ - - 79.3
✓ ✓ - 79.9
✓ ✓ ✓ 80.5

Table 3: Results on ProcessBench of GenPRM with different
reasoning components, reported with Maj@8. The best re-
sults are shown in bold.

6 Conclusion
In this work, we propose GenPRM, a generative process
reward model that performs explicit reasoning and code ver-
ification for process supervision. Experimental results on
ProcessBench and several mathematical datasets show Gen-
PRM outperforms prior PRMs. We also demonstrate that the
performance of GenPRM increases via test-time scaling and
GenPRM is effective as a critic model. We believe that this
work provides perspectives on PRMs by demonstrating the
strong TTS abilities of PRMs and extending the applications.

7 Limitations
Although GenPRM focuses mainly on mathematical reason-
ing tasks, it is worth to explore how to apply generative
reasoning on coding and general reasoning tasks in the fu-
ture (Zhang et al. 2025b). Additionally, it would be interest-
ing to leverage RL to incentivize the generative reasoning
abilities of GenPRM.
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