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Abstract

Large Language Models have demonstrated
outstanding performance across various down-
stream tasks and have been widely applied in
multiple scenarios. Human-annotated prefer-
ence data is used for training to further improve
LLMs’ performance, which is constrained by
the upper limit of human performance. There-
fore, Self-Rewarding method has been pro-
posed, where LLMs generate training data by
rewarding their own outputs. However, the
existing self-rewarding paradigm is not effec-
tive in mathematical reasoning scenarios and
may even lead to a decline in performance.
In this work, we propose the Process-based
Self-Rewarding pipeline for language models,
which introduces long-thought reasoning, step-
wise LLM-as-a-Judge, and step-wise prefer-
ence optimization within the self-rewarding
paradigm. Our new paradigm successfully en-
hances the performance of LLMs on multiple
mathematical reasoning benchmarks through it-
erative Process-based Self-Rewarding, demon-
strating the immense potential of process-based
self-rewarding to achieve LLM reasoning that
may surpass human capabilities.

1 Introduction

Large language models (LLMs) acquire power-
ful multi-task language capabilities through pre-
training on extensive corpus (Radford et al., 2019;
Brown et al., 2020). Additionally, supervised fine-
tuning (SFT) can further effectively improve the
model’s performance on end-tasks. However, it is
found that models after SFT are prone to halluci-
nations (Lai et al., 2024) due to the simultaneous
increasing of the probabilities of both preferred
and undesirable outputs (Hong et al., 2024). There-
fore, to further enhance the language capabilities of
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LLMs to align with human-level performance effec-
tively, researchers often utilize human-annotated
preference data for training. A representative ap-
proach is Reinforcement Learning from Human
Feedback (RLHF) (Christiano et al., 2017), which
utilizes RL algorithms and external reward signals
to help LLMs learn specific preferences.

However, most reward signals rely on human
annotations or reward models, which is expensive
and bottlenecked by human capability and reward
model quality. So the Self-Rewarding Language
Models paradigm (Yuan et al., 2024) is proposed
to address situations with insufficient labeled data,
which integrates the reward model and the policy
model within the same model. In this framework,
a single model possesses the ability to both per-
form the target task and provide reward feedback.
The model can execute different tasks based on
the scenario and conduct iterative updates. This
paradigm is effective in instruction-following sce-
narios, where the model achieves performance im-
provement solely through self-rewarding and itera-
tive updates.

Although the self-rewarding algorithm performs
well in the instruction-following tasks, it is also
demonstrated that LLMs perform poorly on the
mathematical domain data based on the existing
self-rewarding algorithm. In fact, model’s perfor-
mance may even degrade as the number of iter-
ations increases (Yuan et al., 2024). We notice
two main limitations in the self-rewarding frame-
work: (a) The existing self-rewarding algorithm is
not able to provide fine-grained and accurate re-
ward signals for complex reasoning tasks involving
long-thought chains; (b) For a complex mathemat-
ical solution, it’s hard to design the criterion for
generating specific scores. It means that assigning
scores to complex long-thought multi-step reason-
ing for LLMs is more challenging than performing
pairwise comparisons, with lower consistency and
agreement with humans, which is proven by the

18097

Findings of the Association for Computational Linguistics: ACL 2025, pages 18097-18110
July 27 - August 1, 2025 ©2025 Association for Computational Linguistics


https://github.com/Shimao-Zhang/Process-Self-Rewarding
https://github.com/Shimao-Zhang/Process-Self-Rewarding

results in Appendix B.

In this work, we propose the paradigm of
Process-based Self-Rewarding Language Models,
where we introduce the step-wise LLM-as-a-Judge
and step-wise preference optimization into the
traditional self-rewarding framework. In a nut-
shell, we enable the LLMs to simultaneously con-
duct step-by-step complex reasoning and perform
LLM-as-a-Judge for individual intermediate steps.
For the limitation (a) above, to get finer-grained
and more accurate rewards, Process-based Self-
Rewarding paradigm allows LLMs to perform step-
wise LLM-as-a-Judge for the individual reasoning
step. Since producing the correct final answer does
not imply that LLMs can generate correct inter-
mediate reasoning steps, it is crucial to train the
model to learn not only to produce the correct final
answer but also to generate correct intermediate
reasoning steps. By using model itself as a reward
model to generate step preference pairs data, we
further perform step-wise preference optimization.
For the limitation (b) above, we design a LLM-as-
a-Judge prompt for step-wise pairwise comparison
rather than directly assigning scores to the answer
for more proper and steadier judgments based on
the observations in Appendix B.

We conduct the experiments on models in differ-
ent parameter sizes (7B and 72B) and test across
a wide range of mathematical reasoning bench-
marks. Our results show that Process-based Self-
Rewarding can effectively enhance the mathemat-
ical reasoning capabilities of LLMs, which indi-
cates that LL.Ms are able to perform effective self-
rewarding at the step level. Our models that it-
eratively trained based on the Process-based Self-
Rewarding paradigm demonstrate an increasing
trend in both mathematical and LL.M-as-a-judge
capabilities. These results suggest this framework’s
immense potential for achieving intelligence that
may surpass human performance.

2 Background

2.1 Reinforcement Learning from Human
Feedback

Supervised Fine-tuning is an effective method to
improve LLMs’ performance across many differ-
ent downstream tasks. But it has been evidenced
that SFT potentially exacerbates LLMs’ halluci-
nation (Hong et al., 2024). So RLHF is further
utilized to align LLMs with human preference. In
the RLHF paradigm, the model is trained based

on reward signals provided by external reward
models and humans by reinforcement learning al-
gorithms, such as PPO (Schulman et al., 2017),
DPO (Rafailov et al., 2024), SimPO (Meng et al.,
2024), and so on. Direct Preference Optimization
(DPO) is a preference learning algorithm which
directly uses pairwise preference data, including
chosen and rejected answers for optimization. Fur-
thermore, the step-wise preference optimization
has also been investigated for long-chain reason-
ing and has shown great performance (Lai et al.,
2024; Chen et al., 2024). In our work, we intro-
duce the step-wise preference optimization into our
Process-based Self-Rewarding paradigm for more
fine-grained learning.

2.2 LLM-as-a-Judge

LLM-as-a-Judge technique has been widely used
for evaluation tasks because of LLMs’ scalabil-
ity, adaptability, and cost-effectiveness (Gu et al.,
2024). In the LLM-as-a-Judge scenarios, LLMs
are prompted to mimic human reasoning and evalu-
ate specific inputs against a set of predefined rules.
To improve the performance of LLM-as-a-Judge,
the LLM acting as the evaluator is trained to align
with human preferences. When conducting LLM-
as-a-Judge, LLMs can play many different roles
depending on the given prompt. Typical applica-
tions include tasks where LLMs are prompted to
generate scores (Li et al., 2023; Xiong et al., 2024),
perform pairwise comparisons (Liu et al., 2024;
Liusie et al., 2023), rank multiple candidates (Yuan
et al., 2023), and so on. However, the investigation
of the LLM-as-a-Judge for individual mathemati-
cal reasoning steps remains highly limited. In our
work, we design the step-wise LLM-as-a-Judge for
rewarding and analyze its performance.

2.3 Self-Rewarding Language Models

Although RLHF has been widely utilized to align
LLMs with human-level performance and has
achieved impressive performance, the existing
methods heavily rely on high-quality reward mod-
els or human feedback, which bottlenecks these
approaches. To avoid this bottleneck, Yuan et al.
(2024) propose the Self-Rewarding Language Mod-
els paradigm, which uses a single model as both
instruction-following model and reward model si-
multaneously. The iterative self-rewarding algo-
rithm operates by having the model generate re-
sponses and reward the generated response candi-
dates, then selecting preference pairs for training.
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Figure 1: Illustration of our Process-based Self-Rewarding paradigm. (1) We get EFT data by tree-search, initial
data filtering and data annotation. And we get IFT data by step segmentation. (2) The model is initialized on EFT
and IFT data. (3) The model conducts step-by-step search-based reasoning and performs step-wise LLM-as-a-Judge
to select the chosen step and generate the step-wise preference pair at each step. (4) We perform step-wise preference
optimization on the model. (5) The model enters the next iteration cycle.

Based on this, Wu et al. (2024) further improve
the judgment agreement by adding the LLM-as-a-
Meta-Judge action into the self-rewarding pipeline,
which allows the model to evaluate its own judg-
ments. But the existing self-rewarding methods
mainly focus on the instruction-following tasks
and perform poorly in the mathematical domain
data (Yuan et al., 2024). And evaluating the entire
response makes it difficult for the model to learn
fine-grained preference information. For some
long-thought reasoning tasks, it is important to en-
able LLMs to focus on and learn the fine-grained
reasoning step preference information.

2.4 Step-by-step Reasoning

Complex reasoning tasks are still great challenges
for LLMs now. Chain-of-Thought (Wei et al., 2022)
methods prompt LLMs to solve the complex prob-
lems by reasoning step by step rather than generat-
ing the answer directly, which leads to significant
improvements across many reasoning tasks (Yoran
etal., 2023; Fu et al., 2022; Zhang et al., 2022). Fur-
thermore, recent studies investigate the test-time
scaling paradigm which allows the LLMs to use
more resources and time for inference to achieve
better performance (Lightman et al., 2023) typi-
cally based on search and step selecting (Yao et al.,
2024; Wang et al., 2024b). These results high-
light the importance of conducting high-quality
long-thought step-by-step reasoning for LLMs in
solving complex reasoning problems.

3 Process-based Self-Rewarding
Language Models

In this section, we propose our new Process-
based Self-Rewarding Language Models pipeline.
We first review the existing self-rewarding algo-
rithm and our motivation as a preliminary study
in §3.1. Then we introduce our novel paradigm
for more fine-grained step-wise self-rewarding and
self-evolution. The entire pipeline consists of se-
quential stages: model initialization (§3.2), rea-
soning and preference data generation (§3.3), and
model preference optimization (§3.4). Finally, we
provide a summarized overview of our algorithm
(§3.5). We illustrate the entire pipeline in Figure 1.

3.1 Preliminary Study

Most existing preference optimization algorithms
rely on reward signals from external reward mod-
els or human-annotated data. However, deploying
an external reward model or getting ground truth
gold reward signals from human annotators is ex-
pensive (Gao et al., 2023). Moreover, due to the
inherent limitations and implicit biases of both hu-
mans and reward models, these model optimization
strategies are bottlenecked (Lambert et al., 2024;
Yuan et al., 2024). Thus, Self-Rewarding algorithm
is proposed to mitigate this limitation by enabling
the model to provide reward signals for its own out-
puts and perform self-improvement, showing the
feasibility of achieving models that surpass human
performance (Yuan et al., 2024).

There are still many aspects waiting for further
research and improvement in the self-rewarding
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framework. The original method is primarily de-
signed for instruction-following tasks and performs
poorly on mathematical reasoning data. Step-by-
step long-chain reasoning is widely used for com-
plex mathematical reasoning, which allows the
models to conduct more detailed thinking and fine-
grained verification of the reasoning steps (Light-
man et al., 2023; Wang et al., 2024b; Lai et al.,
2024). Given the effectiveness of step-by-step
reasoning, we further propose Process-based Self-
Rewarding, introducing LL.M-as-a-judge and pref-
erence optimization for individual steps.

3.2 Model Initialization

To perform Process-based Self-Rewarding, models
need to possess two key abilities:

* Step-by-step mathematical reasoning: When
faced with a complex reasoning problem, the
model needs to think and reason step by step,
outputting the reasoning process in a specified
format. (Each step is prefixed with “Step n: 7,
where n indeicates the step number.)

* LL.M-as-a-Judge for individual steps: The
model should be able to assess the quality
of the given next reasoning steps based on the
existing problem and partial reasoning steps
and provide a detailed explanation.

We construct data separately for the two tasks to
perform cold start. Following Yuan et al. (2024),
we refer to them as Instruction Fine-Tuning (IFT)
data and Evaluation Fine-Tuning (EFT) data. For
IFT data, we divide the given solution steps into
individual steps logically without altering any in-
formation in the original solution by using OpenAl
ol (Jaech et al., 2024).

For EFT data, since there is no avail-
able step-wise LLM-as-a-Judge dataset, we first
train Qwen2.5-72B (Yang et al.,, 2024a) on
PRMS800k (Lightman et al., 2023) following Wang
et al. (2024a). After getting a Process Reward
Model (PRM) by this, which can output a single
label “+” or “-” for a reasoning step based on the
question and the previous steps, we conduct Monte
Carlo Tree Search (MCTS) on a policy model. We
use the probability of label “+” of the above PRM
to compare the relative quality of all candidate steps
at the same layer, and choose the best and the worst
step as a data pair. After the initial data filtering
process, we use GPT-o1 to generate judgments and
detailed explanations for the obtained data pairs.

The pairs whose judgments align with the previous
PRM assessments are selected as the final EFT data.
Additionally, to enhance consistency, we evaluate
each pair twice using GPT with different input or-
ders and select only the pairs that have consistent
results.

3.3 Step-by-step Long-chain Reasoning and
Preference Data Generation

After the “EFT + IFT” initialization stage, the
model is able to conduct both step-wise LLLM-as-
a-Judge and step-by-step mathematical reasoning
in the specified formats. Because we conduct pair-
wise comparison rather than single answer grading,
we utilize the following search strategy:

S = {s1,1, S1,2, 1,35 -+s Stw—1, St,w} (1)

where S is all candidates for the next step, [ is the
step number starting from 1, w is a hyperparameter
to specify the search width for each step.

SCOTel,i = E O(Sl,i, S1,5 |LE, 51,82,..‘78171)

1<j<w, j#i
@

where [ is the next step number, s; ; indicates the
i-th candidate for the next [-th step, x is the prompt,
and O is a function that takes 1 when s; ; is consid-
ered better than s; ; and 0 otherwise.

0%t — S [max(Score; )] (3)
s}”or“ = S;[min(Score; )] ()]
S = 5?8“ ®

where max(Score;) is the index of the candidate
with the highest score and min(Score;) corre-
sponds to the lowest score. s; is the final chosen
I-th step. (sP*!, s}™!) will be chosen as a chosen-
rejected preference pair.

This process will be repeated continuously until
generation is complete. It is important to note that
to enhance the effectiveness of preference data,
if max(Score;) is equal to min(Score;), we will
discard the existing ;1 and (P, s}**™!) and roll
back to the previous step.

3.4 Step-wise Model Preference Optimization

With preference data collected in the Section 3.3,
we conduct preference optimization training on
the model. We choose Direct Preference Optimiza-
tion (DPO) as the training algorithm (Rafailov et al.,
2024). The difference is that we conduct a more
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fine-grained step-wise DPO in our work. The simi-
lar method has also been investigated by Lai et al.
(2024). We can calculate the training loss as:

b
oS Ty,81,...5,S1—1

A:ﬁlog ( lb| ) (6)
Tref(s) | @, 81, ..., S1-1)

B = Blog ﬂe(s,w\ Ty 81y ey SI—1) o
Tref (51 | @, 81,05 81-1)

[:(71'9; ﬂ-TEf) = _E(z,sl,...,s?,sz“)r\zD[1OgU(A - B)] (8)

where z is the prompt, s1, ..., 5;_1 is the previous
steps, s’ and sl are the best and worst steps re-
spectively for the [-th step, (3 is a hyperparameter
controlling the deviation from the base reference
policy, 7 and ;.. s are the policies to be optimized
and the reference policy respectively.

After the preference optimization stage, we have
the model for the next cycle. In the next iteration,
we sequentially repeat the steps in §3.3 and §3.4.

3.5 Iteration Pipeline

We show the entire pipeline of our algorithm. Fol-
lowing Yuan et al. (2024), we refer to the model
after n iterations as M,. And we refer to the
Pair-wise Preference Data generated by M,, as
PPD(M,,). Then the sequence in our work can
be defined as:

e Mjy: The base model.

* M;: The model obtained by supervised fine-
tuning (SFT) My on “EFT + IFT” data.

* My: The model obtained by training M7 on
PPD(M) using step-wise DPO.

* M,: The model obtained by training M, _1
on PPD(M,,_1) using step-wise DPO.

In summary, we initialize the base model
using well-selected step-wise LLM-as-a-Judge
data (EFT) and step-by-step long-thought reason-
ing data (IFT). Once the model possesses the corre-
sponding two abilities, we select preference pairs
through search and reward signals provided by the
model itself, and train the model using step-wise
DPO. Then we iterate the model by repeatedly per-
forming the above operations.

4 Experimental Setup

We conduct our experiments on models in different
parameter sizes and several representative mathe-
matical reasoning benchmarks. In this section, we
introduce our experimental settings in detail.

Models We choose the base model from
Qwen2.5-Math series (Yang et al., 2024b) in our
experiments, which is one of the most popular
open-source LLM series. Specifically, we choose
Qwen2.5-Math-7B and Qwen2.5-Math-72B. Addi-
tionally, we choose OpenAI GPT-ol (Jaech et al.,
2024) for our initialization data processing (§3.2).

Datasets In our experiments, we mainly focus on
two capabilities of the model:

* Step-by-step Mathematical Reasoning: We
choose a subset of NuminaMath (LI et al.,
2024) for IFT data construction, whose so-
lutions have been formatted in a Chain of
Thought (CoT) manner. We extract a subset
of 28,889 samples and prompt GPT-o1 (Jaech
et al., 2024) to logically segment the solutions
into step-by-step format without altering any
original content. The corresponding prompt is
presented in Figure 3. And the instruction for-
mat for step-by-step long-thought reasoning
is presented in Figure 4.

* Step-wise LLM-as-a-Judge: As described in
the Section 3.2, we first filtrate some prefer-
ence pairs using the trained PRM. Then we
utilize GPT-o1 and get a total of 4,679 EFT
data with judgments and detailed explanations.
Finally we split the whole dataset into 4,167
samples as the training set and 500 samples
as the test set. The instruction format for step-
wise pairwise LLM-as-a-Judge is presented in
Figure 5, which is following the basic format
of Zheng et al. (2023).

And for mathematical task evaluation, fol-
lowing Yang et al. (2024b), we evaluate the
LLMs’ mathematical capabilities across some rep-
resentative benchmarks. We choose the widely
used benchmarks GSMS8k (Cobbe et al., 2021)
and MATH (Hendrycks et al., 2021). We also
choose some complex and challenging competi-
tion benchmarks, including Gaokao2023En (Liao
et al., 2024), Olympiadbench (He et al., 2024),
AIME20247, and AMC2023°.

Evaluation Metrics We use accuracy as the eval-
uation metric for both the mathematical perfor-
mance and LL.M-as-a-Judge quality. For accuracy

2https://huggingface.co/datasets/AI-MO/
aimo-validation-aime

3https://huggingface.co/datasets/AI—MO/
aimo-validation-amc
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Model

GSM8k MATH Gaokao2023En

OlympiadBench AIME2024 AMC2023 Avg.

GPT-40 92.9 76.6 67.5 433 10.0 475 56.3
7B Base Model
My 70.1 51.7 51.2 21.3 0.0 22.5 36.1
SRLM - M, 88.2 69.0 61.6 37.6 10.0 45.0 51.9
Moy 87.6 69.4 63.9 37.2 33 40.0 50.2
M3 88.5 70.0 61.3 36.7 10.0 40.0 51.1
My 88.3 70.2 63.9 37.6 13.3 45.0 53.1
PSRLM - M, 88.5 69.5 61.8 36.0 6.7 45.0 51.3
Mo 88.8 69.7 63.9 36.3 16.7 47.5 53.8
M3 88.5 72.2 64.7 39.9 10.0 50.0 54.2
My 88.8 73.3 65.2 38.7 13.3 55.0 55.7
72B Base Model
My 87.5 69.7 55.3 28.9 10.0 40.0 48.6
SRLM - M, 92.9 76.4 67.3 41.8 16.7 475 57.1
Mo 92.1 76.1 66.8 42.1 20.0 55.0 58.7
M3 92.5 75.8 67.5 42.5 20.0 52.5 58.5
My 92.8 76.1 66.2 44.0 13.3 42.5 55.8
PSRIM - M, 92.6 75.6 67.3 41.8 13.3 45.0 55.9
Mo 92.6 76.4 67.8 41.8 20.0 57.5 59.4
M3 93.7 76.4 67.3 42.7 23.3 52.5 59.3
My 93.7 76.6 68.1 44.1 23.3 57.5 60.6

Table 1: Accuracy of Process-based Self-Rewarding based on 7B and 72B base models. SRLM is the self-rewarding
language model algorithm as the baseline. We bold the best results for each parameter size in each benchmark.

calculation on mathematical benchmarks, we fol-
low the implementation of Yang et al. (2024b).

Implementations For initial PRM training, we
fine-tune full parameters on 128 NVIDIA A100
GPUs for 1 epoch with learning_rate=le — 5
and batch_size=128. For preliminary preference
pairs selection, we set simulation_depth=3,
num_iterations=100,  Temperature=0.7, and
top_p=0.95. simulation_depth indicates the maxi-
mum simulation depth. num_iterations indicates
the maximum number of iterations. When training
My to M, we utilize 28,889 IFT and 4,179 EFT
samples. We fine-tune LLMs’ full parameters
on 32 NVIDIA H100 GPUs for 3 epochs with
learning_rate=1e — 6 and batch_size=32. During
the reasoning and preference data generation stage,
we utilize temperature sampling which trade-off
generation quality and diversity (Zhang et al.,
2024). We set Temperature=0.5, top_p=0.95.
The search width for each step is set to 6, and
the max iteration number is set to 20. Finally, in
the step-wise preference optimization, we train
LLM’s full parameters on 32 NVIDIA HI100
GPUs for 1 epoch with learning_rate=5e — 7
and batch_size=32. To get models from M3 to
My, we use 400, 800, and 1,200 math questions
for preference pairs generation respectively,
which are all sampled from the train subset of

NuminaMath. For all solution-scoring judgment
strategy experiments, we use the same prompt
template of Yuan et al. (2024). We use greedy
search in evaluations.

5 Results

In this section, we report our main results on differ-
ent mathematical benchmarks and conduct some
discussions and analyses based on the results.

5.1 Main Results

We report the performance of My to My based
on Qwen2.5-Math-7B and Qwen2.5-Math-72B re-
spectively in Table 1. Our findings are as follows:

As the number of iterations increases, the
overall performance of the model improves.
Traditionally, external reward signals and train-
ing data are utilized for improving LLMs’ perfor-
mance. Our results indicate that models’ overall
performance on mathematical tasks significantly
improves from M; to My solely through Process-
based Self-Rewarding and step-wise preference op-
timization without any additional guidance. This
leverages the potential of LLMs for both mathemat-
ical reasoning and as evaluators.

Our fine-grained algorithm outperforms the
tranditional method. After three iterations, our
approach achieves superior performance compared
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7B GSM8k MATH Gaokao2023En OlympiadBench AIME2024 AMC2023
SRLM +0.1 +1.2 +2.3 0.0 +3.3 0.0
Process-based (Ours) +0.3 +3.8 +3.4 +2.7 +6.6 +10.0
72B GSM8k MATH Gaokao2023En OlympiadBench AIME2024 AMC2023
SRLM -0.1 -0.3 -1.1 +2.2 -3.4 -5.0
Process-based (Ours) +1.1 +1.0 +0.8 +2.3 +10.0 +12.5

Table 2: The results of LLMs’ mathematical performance changes after all iterations from M to My.

to method that applies rewards and conducts train-
ing on the entire response. Given that the initial-
ization with different EFT data lead to different
M1 fiducial performance in the two methods, we
also report the performance changes from M1 to
M4 after multiple iterations in Table 2, which re-
flects the algorithm’s effectiveness and stability in
improving the model’s mathematical capabilities.
Our method achieves more stable and effective im-
provements across all benchmarks. On one hand,
using step-wise preference data enables the model
to focus on more fine-grained information; on the
other hand, conducting LL.M-as-a-Judge on indi-
vidual steps helps the model more easily detect
subtle differences and errors.

The models show noticeable improvements
on some complex tasks. For some complex and
highly challenging benchmarks, such as MATH,
AIME2024, and AMC2023, LLMs’ performance
show significant improvement. Complex problems
require multi-step, long-thought reasoning. Our
method effectively leverages the model’s existing
knowledge to optimize the individual intermediate
reasoning steps, achieving favorable results.

Our method remains effective across models
of different parameter sizes. We validate our
method on both 7B and 72B LLMs to strengthen
our conclusions. We find performance improve-
ments across models of different parameter sizes
on multiple mathematical tasks through Process-
based Self-Rewarding. We also find that the 72B
model gains more stable improvements compared
to the 7B model, whose mathematical reasoning
and LLM-as-a-Judge capabilities are stronger.

Overall, we can find that the models iterat-
ing based on the Process-based Self-Rewarding
paradigm achieve significant improvements across
multiple mathematical tasks, outperforming the tra-
ditional self-rewarding method.

Model 7B 72B
Mo (3-shot)  57.2 734

M, 92.8 (1) 95.6 (1)
Mo 91.6 (1) 958 (1)
M; 92.0(1) 952 ()
M, 922(1)  95.6(1)

Table 3: Judgment accuracy in step-wise LLM-as-a-
Judge. We report the results of models with different
parameter sizes. Additionally, we use arrows to indicate
the changes in accuracy during the iterations.

5.2 Further Analysis

Based on the above results, we conduct more anal-
ysis and observations of the pipeline.

Step-wise LLM-as-a-Judge Capability. We
evaluate the LLMs’ ability to accurately assess rea-
soning steps as a reward model during the iterative
process. We test the model on the test set including
500 samples (§3.2). We report the results in Table
3. As shown in the table, LLMs achieve strong
reward model performance after initialization with
a small amount of EFT data, which indicates the
immense potential of LLMs for step-wise LLM-as-
a-Judge with CoT reasoning. Additionally, we can
observe that, under the same conditions, the larger
model exhibits stronger capabilities as a reward
model than the smaller one.

Additionally, although we mix EFT data and IFT
data for initialization and introduce no additional
LLM-as-a-Judge data during subsequent iterations,
the LLMs’ capabilities to perform LLM-as-a-Judge
as a reward model are still good. Furthermore, a
consistent pattern is observed across different mod-
els where evaluation accuracy initially increases,
then decreases, and finally rises again. Based on
the analysis above, initially, LLMs gain strong eval-
uation capabilities through training on EFT data.
And there is a temporary decline (but very slight)
due to training on mathematical data. Ultimately,
as the model’s mathematical abilities improve, its
ability to evaluate mathematical reasoning steps
also increases.

18103



30 A

20 1

10 A

—10

._.:.- e
EFT Prompts
e IFT Prompts

PPD Prompts

—20 A )

—301

—40

201 EFT Responses

IFT Responses
PPD Responses

15 A

10 A

e,

g

T T T T T T
-60 —40 -20 0 20 40

(a) Prompt Distributions

T T T T T T T T T
-40 -30 -20 -10 0 10 20 30 40

(b) Response Distributions

Figure 2: The data distribution of prompts and responses in EFT (red), IFT (blue) and PPD (grey) data.

Iterations Step Num Step Length
GSM8k MATH GSM8k MATH
M 5.89 8.41 47.79 61.00
Mo, 5.55 7.64 51.19 67.17
Ms 5.10 6.30 57.75 80.46
M, 4.87 5.54 62.86 96.63

Table 4: Statistics of step number and step length on
GSM8k and MATH benchmarks based on 72B models.
The full results are reported in Appendix A.

Data Distribution Analysis. Following Yuan
et al. (2024), we also analyze the distribution of
different data. We utilize Bert (Devlin, 2018) for
embedding and t-SNE (Van der Maaten and Hin-
ton, 2008) based on the implementation of Poli¢ar
et al. (2024) for visualization. We present the re-
sults in Figure 2. For prompts, the distributions of
EFT data and IFT data do not overlap, allowing the
model to distinctly learn two different task patterns.
For models’ responses, we can find the similar phe-
nomenon that the distribution of PPD and IFT re-
sponses is distinct from EFT’s, which reduces the
mutual interference between LLMs’ two capabili-
ties during iteration. This allows the model’s abil-
ity to perform LLM-as-a-Judge to improve along-
side its mathematical ability finally, without being
overly influenced by the training data itself.

Step Number and Length of Responses. Step-
by-step reasoning is important for LLMs to solve
complex reasoning tasks. Therefore, we conduct
statistical analysis on the reasoning steps during
iterations. As shown in Table 4, for the same
model, more difficult problems require more rea-
soning steps and longer step lengths. As the iter-

Strategy  Greedy Search  Test-time Scaling
M,y 559 58.2
M, 60.6 62.4

Table 5: The average results of 72B model on all bench-
marks using greedy search or test-time scaling. The full
results are reported in Table 9.

ations progress, the step number across different
tasks decreases, while the length of each step in-
creases. This indicates that performing Process-
based Self-Rewarding encourages the model to
generate longer and higher-quality single reasoning
steps, which helps to reach final answers with fewer
steps. Additionally, this behavior is also related to
LLMs’ preferences when performing LLLM-as-a-
Judge evaluations. More results are in Appendix A.

Test-time Scaling with Process-based Self-
Rewarding Language Models. In the test-time
scaling, LLMs conduct step search and select based
on the rewards from PRM. Although we don’t pri-
marily focus on the test-time scaling performance
in our work, LLMs in the Process-based Self-
Rewarding paradigm naturally have the ability to
perform test-time scaling based on self-rewarding.
We perform 6 generations for each step with the
temperature of 0.5 and select the best one. The
results we report in Table 5 indicate that the model
achieves better performance through test-time scal-
ing compared to generating directly. Additionally,
the model’s performance with test-time scaling im-
proves after iterations from M; to My, which corre-
sponds to the uptrend of the model’s mathematical
abilities and LLLM-as-a-Judge capabilities.
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6 Conclusion

We propose a novel paradigm, Process-based Self-
Rewarding Language Models, that enables LLMs
to perform step-by-step long-thought mathematical
reasoning and step-wise LLM-as-a-Judge simulta-
neously. Given the characteristics of complex math
reasoning tasks, we introduce the step-by-step rea-
soning, step-wise LLM-as-a-Judge and step-wise
preference optimization technique into the frame-
work. Our results indicate that Process-based Self-
Rewarding algorithm outperforms the original Self-
Rewarding on a variety of complex mathematical
reasoning tasks, showing potential of stronger rea-
soning ability better than human in the future.

7 Limitations

We aim to draw more attention to the study of adapt-
ing the self-rewarding paradigm to the complex
mathematical reasoning tasks, which allows for the
possibility of continual improvement beyond the
human preferences. Although our new Process-
based Self-Rewarding algorithm has shown effec-
tive improvements across different mathematical
reasoning tasks, there are still some limitations
waiting for further research. Although we success-
fully enable the model to perform effective step-
wise LLM-as-a-Judge with a small amount of EFT
data, the basic capabilities of initialized M7 model
directly influence the effectiveness of subsequent
process-based self-rewarding. Utilizing more high-
quality data to initialize LL.Ms more adequately
may lead to stronger performance.

Additionally, due to the limited resources, we
only conduct the process-based self-rewarding ex-
periments from M; to M,. Building on this, con-
ducting experiments with more iterations to ex-
plore the impact of iteration count on LLMs’ per-
formance can help us better understand and utilize
the process-based self-rewarding method.
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A Step Number and Step Length
Statistics

We report the full results of step number and step
length across all benchmarks on the 7B and 72B
models here. The 7B results are reported in Table
7. And the 72B results are reported in Table 8.

B Solution Scoring v.s. Step-wise Pairwise
Comparison

We evaluate the GPT-40’s (Hurst et al., 2024) con-
sistency and agreement with humans on two differ-
ent LLM-as-a-Judge strategies for complex mathe-
matical reasoning tasks, including assigning scores
to the answers and performing pairwise comparison
between two individual reasoning steps. We report
the results in Table 6. Our results indicate that
for the complex mathematical reasoning task, step-
wise pairwise comparison has better consistency
and agreement with humans than solution scoring.
It is highly challenging for LLMs to assign a proper
and steady score to a complex long-thought multi-
step solution.

C Prompt Templates

We list the prompt templates we used in our work
here. The prompt we use for constructing step-by-
step formatted reasoning is shown in Figure 3. And
the prompts we used for step-by-step long-thought
mathematical reasoning and step-wise LLM-as-a-
Judge are shown in Figure 4 and Figure 5 respec-
tively.
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Judge Strategy Consistency Agreement

Step-wise Pairwise Comparison 0.84 0.88
Solution Scoring 0.72 0.32

Table 6: The consistency and agreement with human evaluation of step-wise pairwise comparison and solution

scoring.

Step Num GSM8k MATH Gaokao2023En OlympiadBench AIME2024 AMC2023

M, 5.91 9.35 8.68 11.75 7.97 11.18
Mo 5.24 8.03 7.43 9.54 7.03 9.85
M3 4.50 6.43 5.84 7.36 7.13 6.9

My 4.09 5.21 5.11 6.14 6.4 5.53

Step Length GSM8k MATH Gaokao2023En OlympiadBench AIME2024 AMC2023

M,y 48.59 61.61 69.74 103.95 100.43 76.13
Mo 54.02 70.04 85.26 108.26 114.27 115.29
M3 63.36 89.68 99.59 127.97 118.67 109.45
My 73.64 113.14 118.02 142.69 138.18 127.18

Table 7: Statistics of step number and step length on different methematical benchmarks based on 7B models.

Step Num GSM8k MATH Gaokao2023En OlympiadBench AIME2024 AMC2023

M, 5.89 8.41 8.34 10.21 8.23 9.95
Mo 5.55 7.64 7.34 9.05 7.37 9.75
M3 5.10 6.30 5.99 6.54 7.07 6.55
My 4.87 5.54 5.36 5.75 6.33 6.1

Step Length GSM8k MATH Gaokao2023En OlympiadBench AIME2024 AMC2023

M,y 47.79 61.00 69.72 95.38 104.97 79.36
Mo 51.19 67.17 78.00 101.93 118.08 86.88
M3 57.75 80.46 91.21 122.53 118.61 108.95
My 62.86 96.63 106.28 134.62 133.66 113.60

Table 8: Statistics of step number and step length on different methematical benchmarks based on 72B models.

Setting GSM8k MATH Gaokao2023En OlympiadBench AIME2024 AMC2023
M, Greedy Search 92.6 76.0 66.2 41.8 133 45.0
M, Greedy Search 93.7 76.6 68.1 44.1 233 57.5
M Test-time Scaling 94.5 79.1 64.9 41.6 16.7 52.5
My Test-time Scaling 94.5 79.3 68.3 43.7 23.3 65.0

Table 9: The full results of greedy search and test-time scaling on 72B model.
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( )

There is a math problem and its corresponding solution. Please divide the
given solution into individual steps logically. Use "Step n: " before
each step to distinguish between different steps, where n is a positive
integer starting from 1, representing the current step number. Only
divide the steps without altering any information in the original
solution. Please output only the divided solution steps in the format
mentioned above, and do not include any additional information. Do not
omit the final answer that is placed in boxed.

[The Start of Question Provided]
{question}
[The End of Question Provided]

[The Start of Solution Provided]
{solution}
[The End of Solution Provided]

\_ J

Figure 3: The prompt for converting the the given solution into step-by-step format logically without altering any
information in the original solution.

Let's think step by step and solve the following math problem. Use "Step
n: " before each step to distinguish between different steps, where n is
a positive integer starting from 1, representing the current step number.
Put your final answer in boxed.

Problem: {problem}

Figure 4: The prompt for LLMs conducting step-by-step long-thought reasoning.
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4 )

Please act as an impartial judge and evaluate the quality of two next
reasoning steps provided by two AI assistants to the question and
partial reasoning steps displayed below. Your evaluation should
consider correctness and helpfulness. You will be given assistant A’s
answer, and assistant B’s answer. Your job is to evaluate which
assistant’s answer is better. You should compare the two responses and
provide a detailed explanation. Avoid any position biases and ensure
that the order in which the responses were presented does not influence
your decision. Do not allow the length of the responses to influence
your evaluation. Do not favor certain names of the assistants. Be as
objective as possible. After providing your explanation, output your
final verdict by strictly following this format: "[[A]]" if assistant A
is better, and "[[B]]" if assistant B is better.

[Question and Intermediate Reasoning Steps Provided]
{Question and Partial Reasoning Steps}

[The Start of Assistant A’s Next Reasoning Step]
{Step A}
[The End of Assistant A’s Next Reasoning Step]

[The Start of Assistant B’s Next Reasoning Step]
{Step B}
[The End of Assistant B’s Next Reasoning Step]

N J

Figure 5: The prompt for LLMs conducting step-wise LLM-as-a-Judge. We create this prompt template following
the basic pattern of Zheng et al. (2023).
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