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Abstract

Recent advancements in improving the reasoning capabili-
ties of Large Language Models have underscored the effi-
cacy of Process Reward Models (PRMs) in addressing in-
termediate errors through structured feedback mechanisms.
This study analyzes PRMs from multiple perspectives, in-
cluding training methodologies, scalability, and generaliza-
tion capabilities. We investigate the interplay between pre-
training and reward model training FLOPs to assess their in-
fluence on PRM efficiency and accuracy in complex reason-
ing tasks. Our analysis reveals a pattern of diminishing re-
turns in performance with increasing PRM scale, highlighting
the importance of balancing model size and computational
cost. Furthermore, the diversity of training datasets signif-
icantly impacts PRM performance, emphasizing the impor-
tance of diverse data to enhance both accuracy and efficiency.
We further examine test-time scaling strategies, identifying
Monte Carlo Tree Search as the most effective method when
computational resources are abundant, while Best-of-N Sam-
pling serves as a practical alternative under resource-limited
conditions. Notably, our findings indicate that PRMs trained
on mathematical datasets exhibit performance comparable to
those tailored for code generation, suggesting robust cross-
domain generalization. Employing a gradient-based metric,
we observe that PRMs exhibit a preference for selecting re-
sponses with similar underlying patterns, further informing
their optimization.

Introduction
In recent years, the advancement of Process Reward Mod-
els (PRMs) has garnered significant attention due to their
potential to enhance Large Language Models’ mathemat-
ical reasoning capabilities (Zhang et al. 2025; Lightman
et al. 2023). These models aim to systematically identify and
reduce intermediate errors in reasoning processes (Zhang
et al. 2024b; Wang et al. 2024; Chen, Xiao, and Kuang
2022). This targeted approach has yielded promising results
in mathematics, leading researchers to explore whether such
capabilities extend to other fields, such as code generation.
This study extends the exploration of PRMs to code gener-
ation tasks, examining their generalization ability and per-
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Figure 1: Comparison of the performance of PRMs (init
from Qwen2.5) with varying model sizes during inference
using the same language model. As model size increases,
accuracy improves rapidly, indicating a better capability to
capture the complexity necessary for solving mathematical
problems.

formance under various scaling conditions to optimize PRM
training.

Our research investigates the scalability of PRMs by ana-
lyzing the interplay between pre-training and reward model
training FLOPs. We focus on how these computational re-
sources impact the efficiency and accuracy of PRMs in ex-
ecuting complex reasoning tasks. By evaluating PRMs pri-
marily trained on mathematical data, we aim to assess their
robustness in handling novel tasks within the domain of code
generation.

Scaling, data diversity, and search strategy are systemati-
cally analyzed as factors influencing a single question: how
to train and deploy PRMs efficiently under compute con-
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straints. Key findings from our study reveal several insights
into these factors. Notably, we observe diminishing returns
in model performance as PRM size increases, emphasizing
the need for a balanced approach to model size and com-
putational cost. Moreover, the diversity of training datasets
significantly influences PRM performance, highlighting the
importance of incorporating varied data to enhance accuracy
and efficiency. In addition to training considerations, our
research explores test-time scaling strategies (Setlur et al.
2024; Chen et al. 2024a) to optimize PRM deployment. We
evaluate various search strategies, including Best-of-N Sam-
pling, Beam Search, Monte Carlo Tree Search (MCTS), and
Majority Voting, to enhance reasoning accuracy in test sce-
narios. Our results indicate that MCTS is the most effective
strategy when ample computational resources are available,
while Best-of-N Sampling offers a practical solution under
resource constraints due to its simplicity and speed.

Our investigation explores the generalization capabilities
of PRMs across domains, particularly from mathematical
reasoning to code generation. The results demonstrate that
PRMs trained on mathematical corpora perform compara-
bly to those optimized on code-centric datasets, suggesting
promising cross-domain adaptability. Here are the contribu-
tions of this paper:

1. Analysis of Training Compute on PRM Performance:
We analyze the effects of pretraining and reward training
compute on PRM efficacy. By experimenting with models
of varying sizes and distinct compute allocations, we iden-
tify the balance between model size and compute resources,
enhancing generalization across tasks.

2. Test-Time Scaling Performance With Strategies: We as-
sess PRM performance during test-time scaling, focusing on
the optimization of performance with search strategies. This
involves the importance of selecting search strategies based
on computational resources and time constraints.

3. PRM Generalization Across Domains: We explore
PRM generalization in mathematics and coding tasks. With
various search methods and diverse training sets, we as-
sess cross-domain performance, revealing the generalization
from math to code. Through quantitative analysis of the pat-
terns inherent in the model’s output, our findings indicate
that the PRM exhibits a preference for selecting content ex-
hibiting similar underlying reasoning patterns.

Process Reward Modeling
Process Reward Models are designed to improve the perfor-
mance of LLMs by providing granular feedback on inter-
mediate steps during the problem-solving process. Unlike
traditional models that only evaluate the final output, PRMs
assess each step in a reasoning sequence, identifying and
addressing errors as they occur. This step-wise evaluation
allows for more accurate and reliable solutions, particularly
in complex tasks such as mathematical reasoning and code
generation.

Automatic Step-Level Annotation and Filtering
In the training process of Process Reward Models, automatic
step-level annotation and filtering are crucial steps to en-
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Figure 2: Impact of PRM Training Steps on Accuracy. The
x-axis represents the number of training steps, while the y-
axis indicates the accuracy.

hance model performance. This process involves the follow-
ing aspects:

1. Collection of Reasoning Tasks: To construct a high-
quality training dataset, we collect a diverse set of reasoning
tasks. These tasks cover a wide range of subjects and dif-
ficulty levels, ensuring that the PRM can generalize across
different types of reasoning processes. Each task is broken
down into a sequence of intermediate steps, with each step
representing an action or decision that a model might take
when generating a solution.

2. Annotation of Steps with LLM: Each step in the reason-
ing process is annotated based on its correctness. To facili-
tate the annotation process, we utilize pre-trained Large Lan-
guage Models to generate multiple candidate solutions for
each problem. By simulating rollouts from each solution, we
identify the intermediate steps where errors occur. Heuristic
methods, such as Monte Carlo estimation and binary search,
are employed to label each step as correct or incorrect. This
automated pipeline generates extensive and diverse supervi-
sion data, reducing the dependency on costly human anno-
tations and facilitating scalable training of PRMs.

3. Data Filtering: To improve the quality of the train-
ing data, we introduced an ensemble-based filtering mech-
anism. This mechanism cross-verifies the correctness of rea-
soning steps using different LLMs. Only those steps where
all LLMs agree on the error location are retained for training.
This approach mitigates the noise and inaccuracies inherent
in using a single model, thereby enhancing the reliability of
the training data.

Through these steps—including cross-task data fusion,
dual-model consistency verification, and multi-model fil-
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tering—our Automatic Step-Level Annotation and Filter-
ing (ASLAF) achieves a more significant improvement
in dataset effectiveness compared to previous data re-
sources (Wang et al. 2024; Lightman et al. 2023). This not
only substantially enhances the efficiency and accuracy of
PRM training but also lays a solid foundation for the model’s
performance in complex reasoning tasks. We validate the ef-
fectiveness of Automatic Step-Level Annotation and Filter-
ing (ASLAF) in Experiments.

Objective and Framework
The primary objective of training the PRM is to trans-
form the evaluation of reasoning processes into a supervised
learning task. The PRM is designed to predict the correct-
ness of each step in a sequence of reasoning, thereby provid-
ing continuous feedback to guide the LLM towards generat-
ing accurate solutions. For generation, Qwen2.5-Coder-7B,
32B-Instruct and QwQ-32B-Preview is utilized. The PRMs
are initialized from the Qwen2.5 series (0.5B–72B) mod-
els, with the original language modeling head replaced by a
scalar-value head designed for evaluating reasoning steps.

In this framework, given a problem Q and a sequence of
reasoning steps x1, x2, . . . , xT , the PRM outputs a proba-
bility pt = PRM(Q, x1, x2, . . . , xt), which represents the
likelihood that the step xt is correct. The goal of the training
process is to minimize the discrepancy between these pre-
dicted probabilities and the true binary labels yt assigned to
each step, where yt indicates whether xt is correct or not.

The PRM is trained using supervised learning, with the
training data comprising problems paired with annotated
reasoning steps, each labeled as correct or incorrect. This
transforms the problem into a binary classification task.
Specifically, the task is to predict the binary label yt for each
step:

yt = PRM(Q, x1, x2, . . . , xt) (1)

To measure the prediction error for each step, the binary
cross-entropy loss is utilized, defined as:

L = − 1

N

N∑
t=1

[yt log(pt) + (1− yt) log(1− pt)] (2)

where yt is the true label for the t-th step, and pt is the
predicted probability that the step is correct. This loss func-
tion helps optimize the PRM to align its predictions with the
true correctness of steps.

Once trained, PRMs are integrated with LLMs to provide
real-time feedback during the reasoning process. At each
step, the LLM generates potential actions (next reasoning
steps), which are evaluated by the PRM. The feedback is
used to adjust the policy, guiding the model towards more
accurate reasoning pathways.

Experimental Setup
In this section, we outline the experimental setup employed
to evaluate the performance of PRMs under different data
construction methodologies. Our experiments aim to assess

the comparative effectiveness of different strategies in en-
hancing the detection of erroneous reasoning steps and im-
proving downstream task performance.

Datasets

Post Training We construct the three mathematical train-
ing sets and code training sets for PRMs. The mathemati-
cal training corpus is derived from PRM 800K (Lightman
et al. 2023) and Math-shepherd (Wang et al. 2024), which
include reasoning processes and evaluation labels. More-
over, we use ASLAF to combine and filter PRM 800K and
Math-shepherd datasets. The code corpus is obtained from
TACO (Li et al. 2023), APPS (Hendrycks et al. 2021), and
CodeContent (Li et al. 2022). We use pre-trained LLM to
generate reasoning processes and resulting code, and subse-
quently employ LLM to annotate them.

The ASLAF dataset contains approximately 1.2 million
samples, while PRM800k and Math-Shepherd contain 800k
and 445k samples respectively. To ensure fair comparison in
our experiments, we randomly sampled 400k examples from
each dataset for training. This controlled sampling approach
allows us to isolate the effects of data quality and diversity
from those of data quantity.

Evaluation To comprehensively evaluate the model’s
capability in mathematical reasoning problems, we
utilize the MATH-500, and PRM 800K (Lightman
et al. 2023). In terms of code generation, we employ
HUMANEVAL+, MBPP+, LiveCodeBench, and Big-
CodeBench. EvalPlus (Liu et al. 2023) introduces HU-
MANEVAL+, which adds 80 specially designed problems
to the original HUMANMEVAL (Chen et al. 2021), along
with corrections to the answers in the original dataset.
Similarly, MBPP+ provides an additional 35 test cases for
MBPP (Austin et al. 2021).

Evaluation Methodology

To evaluate the efficacy of our trained PRMs, we focus on
two primary aspects: 1) Downstream Task Performance: The
models’ ability to enhance overall problem-solving effec-
tiveness. 2) Erroneous Step Identification: Precision in de-
tecting specific reasoning errors.

Consistent with prior work (Lightman et al. 2023; Wang
et al. 2024; Luo et al. 2024; Cobbe et al. 2021; Yang et al.
2024), we employ the BON sampling strategy; the highest-
scored response from N candidates is selected according to
the PRM, with evaluations specifically using ”prm@N”.

Additionally, the results of majority voting among the
eight samples (maj@N) serve as a baseline, while pass@N
(the proportion of test instances where any of the eight sam-
ples achieved a correct final answer) is referenced as an up-
per bound.

Through this setup, we aim to glean insights into the
comparative strengths and limitations of different annotation
methods and their impact on the generalization capabilities
of PRMs.
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Figure 3: Performance of PRM Training on Different
Datasets.

Generalization of Process Reward Model
Impact of Pre-Training and Reward Training
FLOPs
Understanding the relationship between computational re-
sources and model performance is crucial for optimizing
the training of PRMs. We explore the scaling performance
for training the PRM, focusing on both pre-training FLOPs,
which involve different model sizes, and reward model train-
ing FLOPs, which pertain to the specific training needs of
the PRM.

The training FLOPs for the PRM consist of two main
components: pre-training FLOPs and reward model train-
ing FLOPs. Pre-training FLOPs involves selecting different
model sizes for the PRM, which affects the initial computa-
tional requirements. Larger models generally require more
FLOPs during the pre-training phase, but they also have the
potential to capture more complex patterns in the data. Re-
ward model training FLOPs per-tains to the specific compu-
tational needs during the training of the reward model itself.

Observation 1. Diminishing Returns of PRM Scal-
ing. Larger models initially provide substantial accu-
racy improvements, effectively capturing the complex-
ity required for solving mathematical problems. How-
ever, as the model size continues to increase, the rate
of accuracy improvement slows, indicating diminish-
ing returns. This trend suggests that beyond a certain
point, further increasing model size results in less sig-
nificant performance gains relative to the additional
computational cost.

Pre-training FLOPs are primarily determined by the size
of the model selected for initial training. We use Qwen2.5s

to study this problem, including pre-trained models of 7
sizes, including 0.5B, 1.5B, 3B, 7B, 14B, 32B, and 72B.
Figure 1 illustrates the relationship, with the x-axis repre-
senting different model sizes of the PRM and the y-axis
showing the accuracy on Math tasks, including PRM 800k
and MATH-500 datasets. Key observations include: As the
model size increases, accuracy initially improves rapidly,
suggesting that larger models better capture the complexity
required for solving mathematical problems. This quick im-
provement underscores the benefits of enlarging model size
as initialization for PRMs. However, as the model size con-
tinues to expand, the rate of accuracy improvement decel-
erates, reflecting diminishing returns. This pattern implies
that beyond a certain threshold, further enlarging the model
yields less substantial performance improvements compared
to the additional computational expense.

Reward model training FLOPs refer to the computational
resources required during the PRM-specific training phase.
Understanding these resources is crucial for optimizing the
efficiency and effectiveness of the PRM. Figure 2 and 3 pro-
vide insights into this aspect.

Figure 2 shows the relationship between training steps and
accuracy on Math tasks. As the number of training steps
increases, accuracy initially remains unchanged during the
early training phase. This plateau is followed by a sudden
leap in accuracy, known as the ”emergence” phenomenon,
after which accuracy continues to increase gradually. This
pattern suggests that a critical number of training steps is
required before the PRM begins to effectively leverage the
information in the data, resulting in a rapid improvement in
performance. The subsequent gradual increase indicates that
further training continues to refine the PRM’s capabilities,
albeit at a slower pace.

Observation 2. The choice and diversity of train-
ing datasets significantly impact the performance of
Process Reward Models. It highlights the impor-
tance of incorporating a wide range of data during
reward model training to maximize accuracy and effi-
ciency, ultimately leading to improved reasoning per-
formance of LLMs with optimized computational re-
sources.

Figure 3 shows the impact of different PRM training
on various datasets during inference. The x-axis represents
the BON strategy with varying N, and the y-axis indi-
cates the accuracy on Math tasks. The training datasets in-
clude the PRM800k dataset, the math-shepherd dataset, and
the ASLAF dataset based on both. It highlights that PRM
trained on our proposed ASLAF outperforms PRMs trained
on the PRM800k and Math-Shepherd datasets, as well as the
majority vote method.

The key observations are: Dataset Influence. The choice
of training dataset significantly affects model performance.
The ASLAF dataset generally provides higher accuracy,
suggesting that high-quality and diverse datasets can en-
hance training efficiency and effectiveness. BON Strategy
Impact. As N increases in the BON strategy, accuracy im-
proves, demonstrating the utility of evaluating multiple can-
didate solutions to identify the most accurate reasoning path.
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Figure 4: Impact of Different Search Strategies on Accuracy
with Generation Budget. This figure examines the effect of
various search strategies on accuracy, with the x-axis repre-
senting the generation budget (average per question) and the
y-axis showing accuracy on Math tasks, including PRM800k
and Math500. The search strategies analyzed include best-
of-N, beam search, MCTS, and majority vote.

Trade-offs in Training and Testing FLOPs. While increasing
N in the BON strategy can enhance accuracy, it also requires
more computational resources, underscoring the need for a
balanced approach to optimize training FLOPs.

The figure reveals that the choice of training dataset sig-
nificantly impacts model performance. Using the ASLAF
method to annotate step labels of PRM800k and math-
shepherd results in the highest accuracy across different N
values, indicating that a diverse and comprehensive train-
ing dataset enhances the model’s generalization ability and
performance on complex tasks. This underscores the impor-
tance of incorporating a wide range of data during reward
model training to maximize accuracy.

Test-Time Scaling Performance
Test-time scaling involves optimizing the deployment of
PRMs to maximize their performance across various test
scenarios. This includes strategies for efficient candidate
generation, scoring, and selection, as well as methods for
leveraging multiple PRMs to achieve consensus and im-
prove accuracy. To enhance the reasoning process at test
time, we employ search strategies that utilize the PRM’s
feedback to navigate the solution space effectively. The key
strategies include:

Best-of-N Sampling: Generate N candidates and select
the highest-scoring solution according to a preference re-
ward model: Best Solution = argmaxi∈{1,2,...,N} Ri This

Figure 5: Impact of Different Search Strategies on Accuracy
with Test-Time Constraints. This figure explores the perfor-
mance of different search strategies under fixed test-time
constraints, with the x-axis representing Test-Time (hours)
and the y-axis showing accuracy on Math tasks, including
PRM800k and Math500. The strategies include best-of-N,
beam search, MCTS, and majority vote.

approach improves solution quality by exploring diverse rea-
soning paths.

Beam Search: Maintain K highest-scoring partial so-
lutions at each step. For each path, calculate cumulative
scores: Top Paths = Top-K

{∑T
t=1 R(xt)

}
This efficiently

balances exploration and computational resource allocation.
Monte Carlo Tree Search (MCTS): Represent the rea-

soning process as a tree where nodes are states and edges
are actions. Use a policy, such as Upper Confidence Bound
for Trees (UCT), to select the next node: UCT(s, a) =

Q(s, a) + c ·
√

lnN(s)
N(s,a) where Q(s, a) is the estimated value

of action a from state s, N(s) is the visit count of state s, and
N(s, a) is the visit count of action a from state s. Perform
rollouts to simulate the outcome of following a particular
path. Update the value estimates of nodes based on the re-
sults of the rollouts. MCTS effectively balances exploration
and exploitation, allowing the model to explore vast solution
spaces strategically.

Majority Voting: Generate multiple candidate so-
lutions. Aggregate the final answers, selecting the
most frequently occurring answer: Final Answer =
Mode({A1, A2, . . . , AN}) Majority voting leverages the
collective insights from multiple solutions, enhancing the
robustness of the final answer.

We evaluate the effectiveness of test-time scaling strate-
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Reward Model HE+ MBPP+ LCB BCB

Generate Model: Qwen2.5-Coder-7B-Instruct

- 81.1 72.2 14.2 49.0
Majority Vote 81.5 73.7 15.6 50.7
PRM-Math 86.0 77.3 22.6 54.2
PRM-Code 84.2 78.6 18.7 52.3

Generate Model: Qwen2.5-Coder-32B-Instruct

- 82.9 77.0 25.8 57.5
Majority Vote 85.8 77.6 28.2 59.4
PRM-Math 91.5 78.8 30.3 60.1
PRM-Code 89.0 78.4 29.7 60.1

Generate Model: QwQ-32B-Preview

- 84.8 70.9 36.1 54.3
Majority Vote 86.8 76.0 40.1 54.6
PRM-Math 89.6 76.2 41.9 54.2
PRM-Code 86.0 79.6 41.9 53.1

Table 1: The performance of PRM models trained on dif-
ferent datasets for code generation tasks varies across dif-
ferent generative models. All the models are trained from
Qwen2.5-72B. Campared to PRM trained with Math, the
PRM model trained on code datasets does not exhibit a sig-
nificant advantage in the task.

gies using a suite of mathematical benchmarks. These ex-
periments demonstrate significant improvements in reason-
ing accuracy, underscoring the practical utility of test-time
scaling strategies.

Observation 3. Select search strategies to optimize
the performance of Process Reward Models based
on the specific computational context. MCTS is iden-
tified as the most effective search strategy when there
is ample computational resource availability, outper-
forming beam search, best-of-N, and majority vote.
Best-of-N initially outperforms other methods under
limited test-time conditions due to its simplicity and
speed.

Figure 4 examines the effect of various search strate-
gies on accuracy with the generation budget. As the genera-
tion budget increases, MCTS consistently outperforms other
strategies, followed by beam search, best-of-N, and major-
ity vote in descending order of accuracy. This indicates that
MCTS is the most effective strategy when ample computa-
tional resources are available, as it balances exploration and
exploitation efficiently. Beam search also performs well, of-
fering a good trade-off between resource usage and accu-
racy. Best-of-N and majority vote, while simpler, are less
effective in maximizing accuracy under higher generation
budgets. Majority Voting enhances robustness, particularly
in scenarios with high variability in candidate solutions.
Search strategies with PRM such as MCTS, beam search,
best-of-N outperform majority vote, achieving higher accu-
racy and better error localization capabilities. Integrating the
PRM into the decoding process leads to substantial improve-

ments in reasoning accuracy, as the model receives contin-
uous feedback and refines its reasoning iteratively. These
findings underscore the importance of test-time scaling in
enhancing the practical utility of PRMs.

Moreover, Figure 5 explores performance under fixed
test-time constraints. Unlike the generation budget scenario,
best-of-N initially outperforms other methods under limited
test-time conditions due to its simplicity and speed. How-
ever, as more test-time is allocated, MCTS surpasses other
strategies, demonstrating its superior ability to explore the
solution space effectively given sufficient time. Beam search
also shows competitive performance but requires more time
to achieve results comparable to MCTS. Majority vote re-
mains the least effective strategy under time constraints,
highlighting its limitations in leveraging extensive search.

These findings underscores the importance of selecting
search strategies based on available computational resources
and time constraints.

Generalization Across Domains
To investigate the generalization capabilities of PRMs, we
independently train PRMs on domain-specific corpora (math
and code datasets) and rigorously assess their performance
on cross-domain code generation benchmarks.

Observation 4. Generalization from Math to Code.
PRMs trained on math corpora demonstrate compa-
rable performance to those optimized on code-centric
datasets in code generation tasks.

Generalization from Math to Code Domain As evi-
denced by the experimental results in Table 1, PRMs consis-
tently enhance model performance across most evaluation
tasks. Specifically, LLMs augmented with PRMs trained
with math domain, achieve a 4% average performance im-
provement in code generation benchmarks. Notably, PRMs
trained on ASLAF datasets exhibit superior generalization
capabilities compared to those trained solely on code-centric
datasets.

Pattern Similarity To assess whether PRM captures
general reasoning patterns across mathematical and coding
tasks, we employ a gradient-based similarity metric to eval-
uate the internal patterns in responses (Wang et al. 2025).
Specifically, for a reference model F and an input sentence
s, we define the activation of the i-th weight θri as:

A(θr, s)i = |θri ·
∂F (θri , s)

∂θri
|.

By concatenating all Ai, we obtain a vector A that repre-
sents the activation patterns of the reference model for the
given input. Consequently, we can evaluate the similarity
between two reasoning outputs sets S1, S2, based on their
pattern similarity using the following formula:

S =
∑

s1∈S1,s2∈S2

∇A(θr, s1) · ∇A(θr, s2)

||A(θr, s1)||2, ||A(θr, s2)||2

As the result in Table 2, the pattern similarity between
MathPRM and CodePRM exceeds that of other pairs, sug-
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S1 S2 S

MathPRM CodePRM 30.95
MathPRM Code 29.07
Math CodePRM 29.42
Math Code 26.75

Table 2: Similarity of responses from Qwen2.5-Coder-32B-
Instruct across code and math domains. Here, ”Math” de-
notes responses to math tasks, while ”MathPRM” are those
selected by the PRM-Math; ”Code” and ”CodePRM” follow
the same convention.

gesting that the PRM model identifies cross-domain re-
sponses with similar patterns. For instance, in Figure 6, re-
sponses with rethinking patterns receive higher scores from
PRM.

Related Work
Process Reward Models PRMs enhance reasoning by
providing intermediate feedback. Recent studies (Zhang
et al. 2025; Lightman et al. 2023; Chen et al. 2025a) ad-
dress annotation and evaluation challenges using methods
like consensus filtering. Algorithmically, Ma, Cao, and Chee
(2024) proposed a heuristic greedy search, while Zhang et al.
(2024b) introduced an entropy-regularized PRM. Math-
Shepherd (Wang et al. 2024) minimizes manual effort by
automating annotation. Finally, Setlur et al. (2024) devel-
oped Process Advantage Verifiers to optimize efficiency in
reinforcement learning.

Test-time Scaling Efficient allocation of test-time com-
pute, as illustrated by Setlur et al. (2024); Meituan (2025);
Chen et al. (2024b), can significantly outperform larger
models. Chen et al. (2024a) proposed a two-stage algorithm
that reduces failure rates exponentially with increased com-
pute, while Zhang (Zhang et al. 2024a) found that model
scaling offers greater benefits than data scaling. Yue et al.
(2024) highlighted performance gains through optimal in-
ference scaling. Wu et al. (2024); Beeching, Tunstall, and
Rush (2024) have discussed test-time scaling, but they are
all limited to the mathematical domain.

Scaling of RL Research into scaling laws in reinforce-
ment learning and reward modeling has identified consis-
tent power-law relationships (Chen et al. 2025b). Gao (Gao,
Schulman, and Hilton 2023) explored distinctions between
optimization methods, and Neumann (Neumann and Gros
2024) noted scaling effects in multi-agent RL. Rafailov
(Rafailov et al. 2024) and Hilton (Hilton, Tang, and Schul-
man 2023) examined overoptimization and intrinsic perfor-
mance, respectively, illustrating the importance of under-
standing scaling laws for AI alignment and model design.

Limitations
This study is subject to several limitations that warrant con-
sideration when interpreting and generalizing the presented
findings.

Figure 6: PRM score for a case with a correct answer. The
full context is provided in Figure 2 in the Appendix.

1. Computational Resources: The scope of our experi-
mentation was inherently limited by computational re-
source constraints. This restricted our capacity for a more
comprehensive exploration of larger model architectures
and complex scaling methodologies.

2. Task Focus: The investigation was confined primarily
to mathematical reasoning and code generation. Conse-
quently, a complete understanding of PRM across diverse
domains requires further empirical validation.

Conclusion
This paper demonstrates the potential of Process Reward
Models to significantly enhance the reasoning capabilities
of Large Language Models across diverse domains, partic-
ularly in transitioning from mathematical reasoning to code
generation tasks. Our comprehensive analysis provides key
insights into the scalability, efficiency, and adaptability of
PRMs, contributing to the broader understanding of their
application and development. Our findings indicate that as
PRM size increases, performance improvements follow a
pattern of diminishing returns, emphasizing the importance
of balancing model size with computational cost. Addition-
ally, the diversity of training sets significantly impacts PRM
performance, highlighting the importance of incorporating
varied data in reward model training to improve accuracy
and efficiency.
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