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Abstract

Group Relative Policy Optimization (GRPO) uses the group’s
average reward as a baseline, eliminating the need for a
value model and substantially boosting large language models
(LLMs) reasoning. However, vanilla GRPO assigns uniform
weight to all rollout samples for relative advantage, overlook-
ing their generation probability information. This can result
in inaccurate estimation of relative advantage, especially with
limited rollouts, leading to suboptimal performance. To ad-
dress this limitation, we propose Probability Weighted Pol-
icy Optimization (PWPO), which explicitly incorporates the
sample generation probability into the calculation of relative
advantage. This probability-aware training mechanism enables
the dynamic adjustment of each sample’s weight based on its
generation probability. Experimental results on five mathemat-
ical reasoning benchmarks demonstrate the superiority of our
method.

Introduction

Reinforcement Learning (RL) has become a crucial tech-
nique for advancing Large Language Models (LLMs) (Wen
et al. 2025a; He et al. 2025; Xiaomi et al. 2025), enabling
them to surpass the limitations of Supervised Fine-Tuning
(SFT). Currently, top-performing models, such as OpenAl
ol (OpenAl 2024) and Kimi K1.5 (Team et al. 2025), all
leverage RL-based fine-tuning to enhance their capabilities
in complex reasoning tasks.

In early research, the Proximal Policy Optimization (PPO)
algorithm (Schulman et al. 2017) was widely adopted to
optimize decision-making in intermediate step generation.
This approach involves training a value model for estimating
state values, which serve as the baseline to compute rela-
tive advantage, guiding the policy’s updates. More recent
studies, exemplified by DeepSeek (Guo et al. 2025), have
explored a verifiable reward-based reinforcement learning
approach (Wen et al. 2025b), adopting the Group Relative
Policy Optimization (GRPO) algorithm (Shao et al. 2024) to
simplify training process. Specifically, this approach samples
multiple responses for a given input and utilizes the average
reward of the response group as the baseline, eliminating the
need for a value model. Consequently, GRPO has rapidly
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Figure 1: Performance comparison on five mathematical
reasoning benchmarks. We use Qwen-Math-7B as the base
model and employ GRPO and our PWPO algorithms to en-
hance reasoning capability, respectively. Our PWPO achieves
consistent performance gains over the GRPO baseline across
all mathematical benchmarks, demonstrating its effectiveness
for reasoning.

become a focal point for enhancing LLMs capabilities, par-
ticularly in domains like mathematics.

Despite promising advances (Xue et al. 2025; Chu et al.
2024; Yao et al. 2024; Bai et al. 2025), the GRPO algorithm
still encounters certain limitations. Specifically, for a given
problem, the response reward of a certain LLM follows a cor-
responding probability distribution. However, due to practical
constraints like computational resources or time efficiency
considerations, the feasible number of responses that can be
sampled in real training scenarios is quite limited. Conse-
quently, the sampled rewards may not accurately represent
the true reward distribution. This sampling restriction leads
to an inaccurate advantage baseline, thereby adversely affect-
ing group-wise advantage estimations and subsequent policy
optimization.

To address this limitation, we propose Probability
Weighted Policy Optimization (PWPO), which explicitly in-
corporates the sample generation probability into the calcu-
lation of relative advantage. Unlike the vanilla GRPO algo-
rithm, which assigns uniform weight to all rollout samples,
our method dynamically adjusts sample weights based on the
probability information of their generation. This probability-
aware training mechanism enables more robust advantage



estimation. Crucially, our method integrates seamlessly with
the GRPO algorithm without introducing modification to the
policy networks or extra learning components. Before delv-
ing into details, we sum up our core contributions in this
work as follows:

* We introduce PWPO, a novel approach designed for
enhanced advantage estimation, requiring no additional
learning parameters.

* We evaluate our approach by comparing it to the standard
group-mean approach and demonstrate its superiority on
five mathematical reasoning benchmarks.

Related Work

Large Reasoning Models. Recent research in Large Lan-
guage Models (LLMs) has yielded models such as OpenAl
ol (OpenAl 2024) and Google Gemini (Team et al. 2023),
which exhibit exceptional proficiency in complex problem-
solving and reasoning. These modern methods move beyond
earlier techniques—such as Chain-of-Thought (CoT) (Wei
et al. 2022), Buffer of Thought (BoT) (Yang et al. 2024b),
Tree-of-Thoughts (TOT) (Yao et al. 2023), or Graph-of-
Thought (GOT) (Besta et al. 2024)—by utilizing verifiable
rewards to incentivize LLM learning through self-exploration.
This approach has enabled significant breakthroughs in the
scaling of reinforcement learning training. Inspired by the
Group Relative Policy Optimization (GRPO) algorithm (Shao
et al. 2024) employed in DeepSeek-R1 (Guo et al. 2025), the
research community is actively developing further techniques
to enhance large-scale reinforcement learning.

Reinforcement Learning. Reinforcement Learning (RL) has
become a key technology for optimizing Large Language
Models (LLMs). Early works focus on Reinforcement Learn-
ing from Human Feedback (RLHF) (Ouyang et al. 2022),
aligning LLMs with human values by training reward models
on extensive human preference data. However, this method
proved to be highly resource-intensive due to the need for
manual annotation (Touvron et al. 2023). Subsequent innova-
tions like Direct Preference Optimization (DPO) (Rafailov
et al. 2023) streamlined the process by directly training the
policy on preference data, but still contended with scalability
limitations and potential biases stemming from the preference
models (Gao, Schulman, and Hilton 2023).

Recently, RL with Verifiable Rewards (RLVR) emerged
as a powerful alternative (Xiaomi et al. 2025; Team et al.
2025), especially for tasks with objective correctness criteria,
such as mathematical reasoning. RLVR bypasses the com-
plexities of learned models by deriving reward signals from
rule-based verification mechanisms, leading to breakthroughs
of cutting-edge reasoning capabilities. Further leveraging the
technical lineage of model-free RL—including Policy Gra-
dients (Kakade 2001), TRPO (Schulman et al. 2015a), and
PPO (Schulman et al. 2017)—the GRPO algorithm (Shao
et al. 2024) was introduced. GRPO specifically adapts RL for
LLM fine-tuning, consolidating the application of reinforce-
ment learning in complex reasoning tasks by incorporating
robust policy optimization mechanisms.

Preliminaries

Proximal Policy Optimization (PPO)

PPO (Schulman et al. 2017) stands as a milestone algorithm
in reinforcement learning. By introducing the importance
sampling ratio 7(6), PPO enables efficient reuse of data
collected under an old policy g, to update the current pol-
icy mp, thereby significantly improving sample efficiency.
Moreover, through a clipping operation, PPO restricts pol-
icy updates to remain within a proximal region around the
previous policy. This prevents excessive divergence between
successive policies and ensures training stability. For a data
distribution D, PPO updates the policy by maximizing the
following objective:
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Group Relative Policy Optimization (GRPO)

As shown in Formula 4, the advantage computation in PPO
involves training an extra value model V' to estimate state
values as baseline. In contrast, GRPO (Shao et al. 2024) esti-
mates the advantage in a group-relative manner, eliminating
the need for a value model. Given a question ¢, the policy
network p,,, samples a group of G responses {0;}$ ;. The
advantage of the ¢-th response is then derived by normalizing
the group-level rewards { R; }&
G
Ay, — R; meané{Rl}lzl), )
sd({Ri}iZy) + 1
where 7 is a small constant.
Following PPO, GRPO also employs a clipped objective,
complemented by a KL penalty:
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Figure 2: Overview of PWPO. It explicitly incorporates the sample generation probability into the calculation of relative
advantage, enabling the dynamic adjustment of each sample’s weight based on its generation probability.

Probability Weighted Policy Optimization
(PWPO)

While the group-mean calculation offers an effective ap-
proach to estimate advantage, it encounters certain limitations
in real training scenarios. Specifically, practical constraints
like limited hardware or time efficiency often restrict the fea-
sible number of sampled responses, resulting in an inaccurate
baseline. Consider a toy case where a model’s probability of
answering a question correctly is P(correct) = 0.7, and its
probability of answering incorrectly is P(incorrect) = 0.3.
Assuming only two answers can be sampled per question, a
hypothetical sample set yields one correct answer (a) and
one incorrect answer (b). If uniform weights are assigned to

both answers, the resulting sample mean is % = 0.5.
This deviates from the true expected mean of 0.7. Since the
model is more likely to answer correctly, the probability of
generating the correct answer (a) is typically higher than
that of generating the incorrect answer (b). We can use the
generated probability as the weight to calculate a weighted

mean. For instance, if the generation probability for a is 0.3

and for b is 0.2, the weighted mean is % = 0.6,
which is closer to the true expected mean of 0.7.

Given the above motivations, we propose the Probabil-
ity Weighted Policy Optimization (PWPO), which explicitly
incorporates the generation probability into the calculation
of relative advantage. Given a question ¢, we can sample a
group of G responses {0; }$_; and obtain their corresponding
generation probability 7y (0;|¢). Then we define the weight
of the i-th response as
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where 7 controls the influence magnitude of generation prob-
ability on weight. Subsequently, we can calculate a weighted
mean as
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Therefore, we can ultilize m and o to derive the group-wise
advantage of the i-th response as follows
Ai t = RZ m .
, o+

With this probability-aware training mechanism, we can
dynamically adjust each sample’s weight based on its genera-
tion probability, enabling more robust advantage estimation.
During training, we only enable the accuracy reward for sim-
plicity.

(12)

Experiments
Task Setting

We evaluate our method on mathematical reasoning task,
training on the MATH-lighteval dataset (Hendrycks et al.
2021) (7.5k problem-answer pairs). Model performance is
measured by the pass@1 metric across five benchmarks:
AIME 2024, MATH 500 (Lightman et al. 2023), AMC
2023, Minerva (Lewkowycz et al. 2022), and Olympiad
Bench (Huang et al. 2024). We first conduct ablation studies
with the Qwen-Math-1.5B model (Yang et al. 2024a) to select
optimal hyperparameters. We then scale our approach to the
Qwen-Math-7B model to validate its effectiveness.



Table 1: Comparison under GRPO and our PWPO algorithms on the Qwen-Math-7B model.

Group Size | Model/Method ~ AIME 2024 MATH 500 AMC 2023  Minerva

OlympiadBench  Average

- \ Qwen-Math-7B 15.0 53.6 50.0 15.8 23.6 31.6
4 GRPO 20.1 67.7 52.5 23.9 33.2 39.5
PWPO 20.7 69.8 55.0 25.7 35.3 41.3
] GRPO 20.7 70.4 55.0 26.1 36.7 41.8
PWPO 21.1 72.2 60.0 27.2 38.5 43.8
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Figure 3: Ablation study on the Temperature 7. The best
performance is achieved when we set 7 to 3.

Implementation Details

During training, all models were optimized for one epoch
using the AdamW optimizer (Loshchilov and Hutter 2017).
We applied a learning rate of 3e-6 for the 1.5B model and
le-6 for the 7B model. The learning rate schedules follow
cosine decay pattern (Loshchilov and Hutter 2016), incor-
porating a warmup over the first 10% of training steps. The
training configuration use a global batch size of 512. The
maximum response length is limited to 2048 and 4096 tokens
for training and evaluation.

The Influence of Temperature 7

We first investigate the influence of temperature 7 on the
Qwen-Math-1.5B model to select the optimal value. This pa-
rameter directly influences the weighting of samples. Specifi-
cally, a lower temperature 7 increases the impact of sample
generation probability on its weight. As shown in Figure 3,
we can get the best mean accuracy across five benchmarks
when 7 is set to 3. Therefore, we opt for this value for subse-
quent experiments.

Consistent Improvement across Group Sizes

Here we vary the number of sampled responses per prob-
lem during training to evaluate its impact on the perfor-
mance of the Qwen-Math-1.5B model. As Figure 4 illustrates,
model performance improves consistently as the group size
increases. Crucially, our proposed PWPO method demon-
strates superiority compared to the vanilla GRPO algorithm,

Figure 4: Model performance under different group sizes.
The results improve consistently as the group size increases.

delivering consistent performance improvements across dif-
ferent group sizes .

Robustness to Larger Model

To further verify the effectiveness of our method, we conduct
experiments using a larger Qwen-Math-7B model. Specifi-
cally, we evaluate the performance of both the GRPO and
our proposed PWPO algorithms at group sizes of 4 and 8. As
can be seen in Table 1, our PWPO outperforms the vanilla
GRPO algorithm under both settings, further demonstrating
the robustness of our approach.

Conclusion

In this paper, we propose Probability Weighted Policy Opti-
mization (PWPO), a novel reinforcement learning algorithm
for training LLMs. PWPO enhances the vanilla GRPO al-
gorithm by explicitly incorporating the sample generation
probability into the calculation of relative advantage. This
allows for the dynamic adjustment of each sample’s weight
based on its generation probability. Experiments on mathe-
matical reasoning tasks demonstrate the superiority of our
approach over the standard group-mean method.
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