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Abstract

Reinforcement Fine-tuning (RFT) methods such as Group
Relative Policy Optimization (GRPO) have demonstrated
strong capabilities in aligning Large Language Models with
human preferences. However, these approaches often suf-
fer from limited data efficiency, necessitating extensive on-
policy rollouts to maintain competitive performance. We pro-
pose PSPO (Prompt-Level Prioritization and Experience-
Weighted Smoothing for Efficient Policy Optimization),
a lightweight yet effective enhancement to GRPO that
improves training stability and sample efficiency through
two complementary techniques. First, we introduce an
experience-weighted reward smoothing mechanism, which
uses exponential moving averages to track group-level reward
statistics for each prompt. This enables more stable advan-
tage estimation across training steps without storing entire
trajectories, allowing the model to capture historical reward
trends in a lightweight and memory-efficient manner. Sec-
ond, we adopt a prompt-level prioritized sampling strategy,
which is an online data selection method inspired by prior-
itized experience replay. It dynamically emphasizes higher-
impact prompts based on their relative advantages, thereby
improving data efficiency. Experiments on multiple mathe-
matical reasoning benchmarks and models show that PSPO
achieves comparable or better accuracy than GRPO, while
significantly accelerating convergence, and maintaining low
computational and memory overhead.

Code — https://github.com/sunCityDaa/PSPO

Introduction
Reinforcement Learning (RL) is a key technique for align-
ing large language models (LLMs) with human preferences,
helping to mitigate biases and inaccuracies (Ouyang et al.
2022; Kumar et al. 2025; Hu 2025; Guo et al. 2025). Among
RL methods, Proximal Policy Optimization (PPO) (Schul-
man et al. 2017) has been widely adopted due to its ro-
bustness and stability in on-policy updates (Vemprala et al.
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2024). However, the reliance of PPO on value estimation re-
quires an value model, which substantially increases training
cost. (Xu et al. 2024; Lanchantin et al. 2025).

To avoid the overhead of the value model, recent
REINFORCE-based methods (Williams 1992) such as
GRPO (Shao et al. 2024), DPO (Rafailov et al. 2023),
RLOO (Ahmadian et al. 2024), and REINFORCE++ (Hu
2025), construct surrogate objectives directly from scalar re-
wards or preferences (Swamy et al. 2025; Schulman et al.
2016). Among them, GRPO has shown strong performance
in LLM alignment (Li et al. 2025b), by estimating ad-
vantages from multiple on-policy responses per prompt.
However, this design incurs high computational costs and
low data efficiency. Moreover, GRPO uniformly samples
prompts during training, overlooking that samples vary in
learning utility (Sun et al. 2025).

To improve the stability and sample efficiency of GRPO
without significant overhead, we propose Prompt-level Sam-
pling and Prioritization Optimization (PSPO). PSPO retains
GRPO’s core design but introduces two lightweight en-
hancements: (1) Experience-weighted Reward Smoothing
(ERS), which stabilizes group-wise advantage estimates by
maintaining an Exponentially Moving Average (EMA) of
reward statistics per prompt; and (2) Prompt-level Prioritiza-
tion Sample (PPS), which performs online data selection by
dynamically adjusting sampling probabilities based on each
prompt’s learning utility, inspired by Prioritized Experience
Replay (PER) (Schaul et al. 2015). This allows PSPO to fo-
cus on more informative prompts as training progresses (Al-
balak et al. 2024), leading to more stable updates, faster con-
vergence, and better generalization, all while keeping com-
putational and memory costs low (Di-Castro, Mannor, and
Di Castro 2022).

To validate PSPO, we conduct evaluations on vari-
ous math reasoning benchmarks and models, including
DeepSeek-R1-Distill-Qwen-1.5B, Qwen2.5-Math-1.5B,
Qwen2.5-Math-1.5B-Instruct, Qwen2.5-Math-7B, and
Qwen2.5-Math-7B-Instruct, based on both GRPO and its
simplified variant Dr.GRPO (Liu et al. 2025). The results
show that both ERS and PPS contribute positively across
settings. For example, PPS improves GRPO by up to 5.10%
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on DeepSeek-R1-Distill-Qwen-1.5B, while ERS.PPS boosts
Dr.GRPO by 4.08% on Qwen2.5-Math-1.5B. ERS alone
brings gains of 2.70% on both Qwen2.5-Math-1.5B-Instruct
(Dr.GRPO) and Qwen2.5-Math-7B (GRPO), and the
ERS.PPS combination achieves 3.20% on Qwen2.5-Math-
7B-Instruct (GRPO). Ablation studies further analyze the
role of the smoothing factor in ERS and the prioritization
strategy in PPS, confirming their effectiveness in improving
optimization stability and sample efficiency.

Related Work
Data efficiency In RL with LLMs, improving data effi-
ciency is critical due to the high cost of rollout generation. A
common solution is to use a replay buffer that mixes on- and
off-policy updates to reuse past trajectories (Li et al. 2025b;
Sun et al. 2025; Zheng et al. 2025; Wang et al. 2025; Lu et al.
2025), though this increases storage demands and may intro-
duce bias in gradient estimates (Lanchantin et al. 2025; Gu
et al. 2017). Another direction focuses on online data selec-
tion, which prioritizes informative or difficult prompts dur-
ing training (Albalak et al. 2024; Wang et al. 2024; Yu, Das,
and Xiong 2024; Liao et al. 2025; Yu et al. 2025). However,
recent studies (Sun et al. 2025; Kaddour et al. 2023) show
these methods remain computationally expensive and scale
poorly to large language models.

Exponential Smoothing in Reinforcement Learning
Exponential recency-weighted averages are widely used
in RL to track evolving statistics with constant per-step
cost (Sutton, Barto et al. 1998). In multi-armed bandits, in-
cremental update rules allow models to incorporate new re-
wards without storing complete histories. Recent methods
like PTR-PPO (Liang et al. 2021) maintain trajectory-level
statistics—using running estimates of mean and variance of
cumulative returns to compute sampling priorities. We ex-
tend this idea to prompt-level reward statistics in RFT.

Preliminary
Group Relative Policy Optimization
GRPO operates by normalizing reward scores among re-
sponses generated for the same prompt. For a given input
q ∈ D, the model generates a group of outputs {oi}Gi=1. The
advantage for each output is then computed by normalizing
the group-level rewards r = {r1, · · · , rG}.

Ai =
ri − µ

σ + ϵ
(1)

where µ = mean(r), σ = std(r). σ is the standard devia-
tion of r, ϵ is a small constant to ensure numerical stability.
GRPO objective can be formulated as:

JGRPO(θ) = Eq∼D, {oi}G
i=1∼πold(O|q)[

1

G

G∑
i=1

(
min

(
πθ(oi|q)
πold(oi|q)

Ai,

clip
(

πθ(oi|q)
πold(oi|q)

, 1− ϵ, 1 + ϵ

)
Ai

)
− ηDKL(πθ∥πref)

)]
(2)

Algorithm 1: PSPO algorithmn
Input: Initial policy πinit; prompt set D; hyperparameters ϵ,
η, EMA coefficient α, PER coefficients λ, β
Initialize: Policy πθ ← πinit

1: for epoch = 1 to I do
2: Set reference model: πref ← πθ

3: for step = 1 to M do
4: Sample batchDb fromD using priority distribution
5: Set old policy: πθold ← πθ

6: for each q ∈ Db do
7: Sample G outputs {oi}Gi=1 ∼ πθold(· | q)
8: Update smoothed reward stats µ̄, σ̄ via EMA
9: Compute advantages {Āi}Gi=1

10: Update priority score for q
11: end for
12: Update policy πθ by maximizing JPSPO(θ)
13: end for
14: end for

Here, η regulates the KL divergence between the current pol-
icy and reference policy.

Methodology
Our proposed method is two-fold: (1) Experience-weighted
reward smoothing, which stabilizes group-wise advan-
tage estimation by maintaining running statistics of re-
ward mean and variance for each prompt. Unlike replay-
based off-policy methods that require storing full token-level
generations for reuse, ERS is lightweight—it tracks only
scalar statistics—and fully preserves the on-policy nature
of GRPO. This design avoids distributional shift, gradient
bias, and excessive memory cost associated with full tra-
jectory storage; and (2) Prompt-level prioritized sample,
which improves sample efficiency by biasing prompt selec-
tion toward high-priority examples through an online data
selection mechanism. Importantly, we only store the prompt
identifier and its corresponding sampling priority, without
retaining the full generated outputs. Full pseudocode is pro-
vided in Algorithm 1. Figure 1 shows an overview of PSPO.

Experience-weighted reward smoothing To reduce the
variance in group-wise advantage estimation across training
steps, we replace the instantaneous statistics (µ, σ) for each
input q with their exponentially smoothed estimates (µ̄, σ̄).
Specifically, after prompt q has been selected t times during
training, we update the smoothed mean using:

µ̄t ← µ̄t−1 + α · (µt − µ̄t−1) (3)

where α ∈ (0, 1) is a smoothing coefficient, and µt and σt

are the current group-level mean and standard deviation.
The smoothed standard deviation is updated using the fol-

lowing exponential moving formula (Finch 2009):

(σ̄t)2 ←(1− α)(σ̄t−1)2 + α(σt)2

+ α(1− α)(µt − µ̄t−1)2
(4)

The first two terms blend the previous and current variances,
while the third term corrects for the change in the mean,
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Figure 1: Demonstration of PSPO. At each training step, we compute the empirical mean µ and standard deviation σ from the
group of rewards to update prompt-level priorities for online data selection. Exponential smoothing is then applied to obtain µ̄
and σ̄, which are used to normalize advantages for stable policy updates. The statistics buffer stores µ̄ and σ̄ to ensure consistent
normalization when reusing past samples, along with priority scores to enable prioritized sampling in future updates.

ensuring that the variance estimate remains accurate even
as the underlying reward distribution shifts. This adjustment
makes the estimator more adaptive and robust.

This smoothing scheme can be viewed as implicitly main-
taining a prompt-specific value estimate V t, corresponding
to the EMA-smoothed mean reward µ̄t for prompt q after it
has been selected t times. Inspired by incremental estima-
tion techniques for nonstationary environments in RL (Sut-
ton, Barto et al. 1998), this value is updated online as:

V t = V t−1 + α
[
µt − V t−1

]
(5)

This update rule forms an exponential recency-weighted av-
erage (Sutton, Barto et al. 1998), enabling the value estimate
to adapt to reward shifts over time. The smoothed mean and
variance estimates (µ̄t, σ̄t) are then used to compute a more
stable advantage:

Āi =
ri − V t

σ̄t−1 + ϵ
(6)

This effectively casts PSPO as a REINFORCE with Base-
line algorithm, where the EMA-smoothed mean reward V t

serves as a learned, prompt-specific baseline. This approach
reduces the variance of gradient estimates without introduc-
ing bias, thereby improving training stability.

Prompt-level prioritized sample We apply prompt-level
prioritization to improve sample efficiency via online data
selection, focusing on high-impact prompts. In our setting,
each prompt is associated with a group of sampled outputs
and their corresponding reward scores. Inspired by PER in
value-based RL—where transitions are ranked by temporal-
difference error—we instead compute prompt importance
using advantage-based signals derived from group-level roll-
outs (Liang et al. 2021).

To capture different aspects of a prompt’s learning poten-
tial, we explore three alternative definitions of priority:
• Average Group-Wise Advantage: This criterion com-

putes the priority as the mean advantage across all sam-

pled responses {Ai}Gi=1 for prompt q, offering a stable
estimate of the overall utility of the prompt:

pq =
1

G

G∑
i=1

|Ai| (7)

• Maximum Group-Wise Advantage: To focus on the
most promising response in each group, this variant as-
signs priority based on the highest observed advantage
within the group:

pq = max
i=1,...,G

|Ai| (8)

• Last-Sample Advantage: Motivated by online update
efficiency, this approach uses only the most recently sam-
pled output’s advantage to represent the prompt’s learn-
ing potential:

pq = |AG|+ ϵ (9)

where AG is the advantage of the last generated response
in the group. ϵ is a small positive constant that prevents
the edge-case of prompt not being revisited once their
error is zero.

Then the probability of prioritized sampling prompt q as:

P (q) =
pλq∑

k∈D pλk
(10)

The exponent λ determines how much prioritization is used,
with λ = 0 corresponding to the uniform case (Schaul et al.
2015).

However, prioritized sampling introduces a known distri-
butional bias, since the training distribution deviates from
the original on-policy data. This bias arises because samples
with higher advantages are overrepresented, distorting the
empirical expectation of the policy gradient. To correct for
this, we apply importance sampling weights, defined as the
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Policy Model AIME24 MATH500 AMC23 Minerva OlympiadBench Overall Avg
DeepSeek-R1-Distill-Qwen-1.5B 30.0 81.4 67.5 30.9 51.9 52.34
GRPO 23.3 83.0 75.0 28.3 54.1 52.74
+ ERS 23.3 84.8 72.5 30.5 52.4 52.70
+ PPS 40.0 85.0 80.0 30.5 53.9 57.88
+ ERS.PPS 23.3 85.0 65.0 29.4 53.5 51.24

Qwen2.5-Math-1.5B 0.0 40.8 37.5 9.9 23.1 22.26
GRPO 6.7 44.2 35.0 7.4 21.8 23.02
+ ERS 6.7 43.2 30.0 12.9 21.8 22.92
+ PPS 3.3 42.6 27.5 9.2 22.2 20.96
+ ERS.PPS 3.3 39.8 25.0 13.2 22.2 20.70

Qwen2.5-Math-1.5B-Instruct 16.7 73.6 42.5 27.6 37.0 39.48
GRPO 13.3 73.8 52.5 26.8 37.3 40.74
+ ERS 10.0 72.2 60.0 26.5 37.0 41.14
+ PPS 13.3 73.6 55.0 24.6 36.4 40.58
+ ERS.PPS 6.7 73.2 60.0 26.5 37.2 40.72

Qwen2.5-Math-7B 16.7 60.4 45.0 12.1 22.2 31.28
GRPO 3.3 56.4 50.0 11.8 24.1 29.12
+ ERS 10.0 58.4 35.0 13.2 23.0 27.92
+ PPS 6.7 55.0 37.5 11.8 23.5 26.90
+ ERS.PPS 10.0 58.4 45.0 14.7 24.4 30.50

Qwen2.5-Math-7B-Instruct 13.3 83.2 55.0 32.7 42.5 45.34
GRPO 6.7 81.4 47.5 33.5 40.1 41.84
+ ERS 10.0 81.2 62.5 33.5 43.0 46.04
+ PPS 6.7 81.4 60.0 32.0 39.3 43.88
+ ERS.PPS 10.0 81.4 55.0 32.0 40.7 43.82

Table 1: Evaluation results on five math benchmarks across different base models and training strategies. We evaluate GRPO
with two extensions: ERS and PPS. ERS.PPS refers to the simultaneous application of both methods.

inverse of the sampling probability (normalized over theD),
raised to a scaling factor β ∈ [0, 1].

wq =

(
1

N · P (q)

)β

(11)

where N is the total number of prompts in the D. These
weights downscale the gradient contributions of frequently
sampled (high-priority) prompts and amplify underrepre-
sented ones, partially restoring the unbiased gradient esti-
mation. For stability reasons, we always normalize weights
by 1/maxqwq so that they only scale the update down-
wards (Schaul et al. 2015).

By incorporating importance sampling and the smoothed
advantage Āi, the PSPO objective is defined as:
JPSPO(θ) = Eq∼P (q), {oi}G

i=1∼πold(O|q)[
wq

G

G∑
i=1

min

(
πθ(oi|q)
πold(oi|q)

Āi,

clip
(

πθ(oi|q)
πold(oi|q)

, 1− ϵ, 1 + ϵ

)
Āi

)
− ηDKL(πθ∥πref)

)]
(12)

This formulation avoids the need for a separate value net-
work while still reducing gradient variance via prompt-
specific baselines.

Intropy Analysis of PSPO

The Intropy framework quantifies intelligence evolution as
dL = δS/R, where dL (Intropy) denotes the incremental in-
telligence gain, δS represents newly absorbed information,
and R reflects the system’s internal state, such as complexity
or uncertainty (Ren et al. 2025).

Under this perspective, PSPO can be interpreted as an im-
plicit entropy normalization mechanism that regulates gradi-
ent magnitude according to local uncertainty, thereby max-
imizing information efficiency. The Experience-Weighted
Reward Smoothing (ERS) component reduces stochastic
reward fluctuations, effectively lowering R by dissipat-
ing transient entropy and stabilizing learning signals. Con-
versely, the Prompt-Level Prioritized Sampling (PPS) com-
ponent amplifies high-information prompts, increasing δS
by directing computation toward states with greater infor-
mational gain.

Together, ERS and PPS cooperatively enhance the sys-
tem’s Intropy dynamics: ERS minimizes entropy dissipation
(R ↓) while PPS increases information absorption (δS ↑),
leading to higher incremental intelligence dL and more effi-
cient policy optimization.
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Policy Model AIME24 MATH500 AMC23 Minerva OlympiadBench Overall Avg
Qwen2.5-Math-1.5B 0.0 40.8 37.5 9.9 23.1 22.26
Dr.GRPO 3.3 39.6 32.5 9.9 21.3 21.32
+ ERS 6.7 43.0 37.5 10.3 23.4 24.18
+ PPS 3.3 43.4 22.5 10.3 21.8 20.26
+ ERS.PPS 3.3 44.6 45.0 12.9 21.2 25.40
Qwen2.5-Math-1.5B-Instruct 16.7 73.6 42.5 27.6 37.0 39.48
Dr.GRPO 10.0 73.6 45.0 26.1 36.1 38.16
+ ERS 10.0 72.8 50.0 27.2 37.2 39.44
+ PPS 6.7 73.0 55.0 25.7 39.0 39.88
+ ERS.PPS 10.0 73.8 45.0 26.1 36.3 38.24

Qwen2.5-Math-7B 16.7 60.4 45.0 12.1 22.2 31.28
Dr.GRPO 10.0 59.2 40.0 17.3 21.3 29.56
+ ERS 13.3 57.0 42.5 15.1 23.4 30.26
+ PPS 6.7 61.4 60.0 11.0 20.3 31.88
+ ERS.PPS 26.7 57.8 27.5 14.7 24.1 30.16

Qwen2.5-Math-7B-Instruct 13.3 83.2 55.0 32.7 42.5 45.34
Dr.GRPO 6.7 80.8 62.5 31.6 39.0 44.12
+ ERS 6.7 81.8 55.0 32.4 40.0 43.18
+ PPS 10.0 80.6 57.5 31.6 40.7 44.08
+ ERS.PPS 10.0 81.2 57.5 32.4 40.3 44.28

Table 2: Evaluation results on five math benchmarks across different base models and training strategies. We evaluate Dr.GRPO
with two extensions: ERS and PPS. ERS.PPS refers to the simultaneous application of both methods.

Experiment
Experiment Settings
Backbone Models and Training Datasets We con-
duct experiments using the Qwen series LLMs, which
have shown strong performance in complex reasoning
tasks (Li et al. 2025b). Following DeepSeek-R1-Zero, which
demonstrates that RL can enhance LLM reasoning with-
out SFT, we also use base models. We run our exper-
iments on DeepSeek-R1-Distill-Qwen-1.5B (Guo et al.
2025), Qwen2.5-Math-1.5B, Qwen2.5-Math-1.5B-Instruct,
Qwen2.5-Math-7B, and Qwen2.5-Math-7B-Instruct (Yang
et al. 2024). Our training data are sourced from (Dang
and Ngo 2025). This dataset consists of only 7000 sam-
ples with mixed problem difficulties. For Qwen2.5-Math-
1.5B/7B models, we use 4096 as the context length, as it
is the maximum context length for those two models. For
DeepSeek-R1-Distill-Qwen-1.5B, we set the context length
to 8196.

RL Training Configuration We conduct experiments on
GRPO and DrGRPO using the OpenR1 (Hugging Face
2025) and TRL (von Werra et al. 2020) framework. To
build strong baselines, we adopt the Clip-Higher technique
from (Yu et al. 2025). Given limited computational resources
(2× NVIDIA A100 40GB GPUs), we adopt DeepSpeed
ZeRO Stage 2 (Aminabadi et al. 2022; Rajbhandari et al.
2020) for memory optimization. Under this setup, we apply
LoRA (Hu et al. 2021) to fine-tune all linear layers of the
7B model, while full fine-tuning is feasible for the smaller
1.5B model. See the appendix for hyperparameter details.
We employ a hybrid reward strategy that combines cosine

reward (Dang and Ngo 2025), which scales correctness by
output length using a cosine schedule to favor concise cor-
rect completions, and format reward (Guo et al. 2025).

Evaluation Benchmarks and Metrics We evaluate on
five popular mathematical reasoning benchmarks, includ-
ing AIME 2024, AMC 2023 (MAA: American Mathemat-
ics Competitions 2023), MATH500 (Hendrycks et al. 2021),
Minerva (Lewkowycz et al. 2022) and OlympiadBench (He
et al. 2024), using a rollout temperature of 0.6 and top-p
sampling with p = 0.95. We adopt pass@1 as the evaluation
metric to measure the performance. Note that since we em-
ploy the Qwen2.5-Math base models, which have a context
length of 4K, we limit the generation budget to 3K for all
compared baselines. For DeepSeek-R1-Distill-Qwen-1.5B,
whose context length is 128K, the generation budget is set
to 32K for all baselines.

Results
We evaluate two components: PPS using the Last-sample
advantage without smoothing, and ERS with α = 0.99.
Experiments compare each component individually and in
combination to assess their contributions to performance and
stability based on GRPO and Dr.GRPO. The Dr.GRPO we
evaluate is a minimal variant of GRPO, differing only by re-
moving the response-level length bias, all other components
remain identical.

Table 1 shows that GRPO consistently improves per-
formance over base models, especially on Qwen2.5-
Math-1.5B. ERS brings further gains, particularly for the
1.5B-Instruct and 7B-Instruct models, while PPS notably
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Policy Model Method AIME24 MATH500 AMC23 Minerva OlympiadBench Overall Avg

DeepSeek-R1-Distill-Qwen-1.5B ERS 33.3 86.2 77.5 33.5 53.6 56.82
ERS.PPS 50.0 84.6 62.5 27.6 51.9 55.32

Qwen2.5-Math-1.5B ERS 3.3 41.0 20.0 12.5 24.6 20.28
ERS.PPS 6.7 43.8 32.5 11.4 24.7 23.82

Qwen2.5-Math-1.5B-Instruct ERS 13.3 73.6 57.5 27.6 36.4 41.68
ERS.PPS 13.3 73.4 47.5 24.1 37.8 39.22

Qwen2.5-Math-7B ERS 16.7 56.4 40.0 18.6 25.0 31.34
ERS.PPS 10.0 56.8 50.0 15.1 23.4 31.06

Qwen2.5-Math-7B-Instruct ERS 10.0 82.2 52.5 32.7 38.4 43.16
ERS.PPS 6.7 83.6 57.5 30.5 41.9 44.04

Table 3: Ablation study of the linear variance update in GRPO, where the smoothed variance σ̄t is updated via a linear rule (see
Equation (13)).

Policy Model Method AIME24 MATH500 AMC23 Minerva OlympiadBench Overall Avg

Qwen2.5-Math-1.5B ERS 3.3 38.6 30.0 10.3 22.2 20.88
PPS 3.3 41.0 27.5 9.2 23.7 20.94
ERS.PPS 0.0 46.0 40.0 12.1 24.4 24.50

Qwen2.5-Math-1.5B-Instruct ERS 13.3 73.4 55.0 23.9 38.7 40.86
PPS 10.0 73.2 47.5 26.1 35.5 38.46
ERS.PPS 10.0 73.4 52.5 24.6 39.4 39.98

Qwen2.5-Math-7B ERS 13.3 56.2 37.5 12.5 25.5 29.00
PPS 3.3 56.8 50.0 14.3 25.5 29.98
ERS.PPS 6.7 58.0 40.0 15.4 25.5 29.12

Qwen2.5-Math-7B-Instruct ERS 10.0 82.2 60.0 33.1 40.0 45.06
PPS 10.0 81.4 55.0 30.1 39.7 43.24
ERS.PPS 10.0 81.8 62.5 31.6 39.7 45.12

Table 4: Ablation of variance-based advantage smoothing in Dr.GRPO. We replace the adaptive variance update with Āi =
ri − V t to isolate the effect of variance normalization.

boosts DeepSeek-R1-Distill-Qwen-1.5B. However, combin-
ing ERS and PPS doesn’t always lead to additive gains, sug-
gesting possible overlap. Overall, ERS and PPS are effec-
tive on their own. However, RFT does not always improve
performance—especially for larger models like Qwen2.5-
Math-7B model.

Table 2 shows that ERS, PPS, and their combination con-
sistently outperform the GRPO baseline across Qwen2.5
base model. The ERS+PPS combo achieves the best result
on the 1.5B base model, while PPS alone performs well on
the 7B base and 1.5B instruct models. For the 7B instruct
model, RFT shows limited gains, likely due to LoRA and
small batch size. Overall, both ERS and PPS prove effec-
tive, with their combination offering further improvements.

Impact of Variance
To simplify the update and improve robustness, we switch
to a more direct exponential moving average of the standard
deviation:

(σ̄t)2 ← (σ̄t−1)2 + α · ((σt)2 − (σ̄t−1)2) (13)

We compare the linear variance update (Table 3) with expo-
nential smoothing (Table 1). While linear update performs
notably better for DeepSeek-R1-Distill-Qwen-1.5B over-
all, it also yields the best results for Qwen2.5-Math-1.5B
with ERS+PPS, Qwen2.5-Math-1.5B-Instruct with ERS,
and Qwen2.5-Math-7B with ERS.

Table 4 reports the results of Dr.GRPO without variance-
based advantage smoothing, using Āi = ri−V t as a simpli-
fied baseline. Compared to the STD-based results (Table 2),
we observe that base models generally perform worse with-
out STD-based smoothing, indicating its importance for sta-
bilizing training in these settings. In contrast, instruct mod-
els perform comparably or even slightly better without it,
suggesting that they may benefit less from variance-based
smoothing due to their stronger alignment or instruction tun-
ing.

Impact of Prompt-Level Prioritization
We evaluate three prompt-level prioritization strategies in
GRPO using DeepSeek-R1-Distill-Qwen-1.5B: (1) Aver-
age group-wise advantage, (2) Max group-wise advantage,
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Figure 2: Effect of prompt-level prioritization strategies
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Figure 3: Effect of reward smoothing on prioritization

and (3) Last-sample advantage. As shown in Figure 2, the
last-sample strategy achieves the highest average accuracy
(57.9%) and performs notably better on AIME24 (40.0% vs.
33.3%), suggesting that using the most recent learning sig-
nal is especially effective for harder tasks.

We further compare two variants of Last-sample advan-
tage: Vanilla Priority, which uses raw reward statistics (µ,
σ), and Smoothed Priority, which applies EMA (µ̄, σ̄). As
shown in Figure 3, Vanilla Priority slightly outperforms
Smoothed Priority on average, with a larger margin on
AIME24. This suggests that tracking immediate feedback
better adapts to evolving prompt difficulty during training.

Impact of Experience-weighted Reward Smoothing
Factor
This coefficient controls how much historical reward statis-
tics (mean and standard deviation) influence current advan-
tage normalization. We denote the step size by α or αn(q),
n denotes the number of times sample q has been drawn. To
evaluate the effect of the EMA smoothing factor, we vary
αn(q) ∈ 1

n , 0.1, 0.3, 0.5, 0.7, 0.9, 0.99, 1.0. When αn(q) =
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Figure 4: Average accuracy varies with alpha

1.0, the model reduces to vanilla GRPO with no smoothing;
smaller values assign more weight to past statistics.

The sample-average update αn(q) = 1
n ensures conver-

gence in stationary settings (Sutton, Barto et al. 1998; Liang
et al. 2021), but adapts poorly under nonstationary reward
distributions. In RFT, where model behavior and preferences
shift over time, emphasizing recent rewards is more effec-
tive.

Figure 4 shows average accuracy across five datasets; per-
dataset results are in the appendix. The best performance
occurs at αn(q) = 0.99, indicating that heavily weighting
recent rewards with slight influence from the past offers the
best balance between stability and adaptation. In contrast,
The sample-average update rule αn(q) =

1
n yields the low-

est performance among all tested configurations. This can
be largely attributed to its assumption of a stationary reward
distribution, which fails to hold in the RFT of LLMs. In such
nonstationary environments, older reward signals become
less relevant over time, and averaging them equally—as
done in the 1

n scheme—hinders the model’s ability to adapt
to evolving reward dynamics. Consequently, it underper-
forms compared to constant step-size approaches that priori-
tize recent feedback. Interestingly, performance peaks again
at αn(q) = 0.5, showing a good trade-off between stability
and responsiveness.

Conclusion
We propose PSPO, a lightweight extension to GRPO that
enhances training efficiency and stability for RFT. By in-
corporating ERS and PPS, PSPO improves gradient estima-
tion and focuses training on high-impact prompts, all with-
out significant computational or memory overhead. Exten-
sive experiments on math reasoning benchmarks show that
PSPO matches or surpasses GRPO and Dr.GRPO in per-
formance while accelerating convergence. While effective,
PSPO currently focuses only on advantage-based prioritiza-
tion. Future work could explore alternative strategies to fur-
ther boost sample efficiency. Notably, both components are
compatible with other RL methods.
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