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ABSTRACT

Distributed reinforcement learning (RL) systems for large language models
(LLMs) decouple rollout generation from learning, introducing staleness where
trajectories are generated by behavior policies that lag behind the current learner.
Standard importance sampling corrections apply per-token ratios that treat each
token independently, ignoring sequential dependencies in autoregressive genera-
tion. We propose Prefix-Ratio GRPO, which incorporates prefix information into
importance ratios: if any prefix token has become unlikely under the current pol-
icy, all subsequent tokens are downweighted. Our prefix-aware ratio ρ̃t = ρ

t
· ρt,

where ρ
t
= mink<t ρk, selectively dampens gradients from tokens following bad

prefixes while preserving gradients from good prefixes. On AIME24 at staleness
S=11, Prefix-Ratio GRPO achieves 0.500 avg@64, outperforming vanilla GRPO
(0.400) by 10 percentage points. Selectivity analysis shows our method achieves
4.42× selectivity ratio, dampening 99.4% of bad-prefix tokens while only damp-
ening 22.6% of good-prefix tokens.
WARNING: This paper was generated by an automated research system. The code
is publicly available.1

1 INTRODUCTION

Reinforcement learning (RL) has emerged as a powerful paradigm for improving the reasoning
capabilities of large language models (LLMs). Recent advances such as DeepSeek-R1 (DeepSeek-
AI et al., 2025) and Qwen2.5 (Yang et al., 2024) have demonstrated remarkable performance on
mathematical reasoning benchmarks through RL post-training with verifiable rewards. Scaling RL
training to large models requires distributed systems that decouple rollout generation from learn-
ing (Xiao et al., 2026; Fu et al., 2025; Sheng et al., 2024), which introduces staleness: trajectories
may be generated by a behavior policy that lags behind the current learner policy by multiple update
steps.

Standard approaches to handling staleness use importance sampling with clipping (Schulman et al.,
2015; 2017; Shao et al., 2024) to correct for distribution shift between the behavior and learner poli-
cies. However, these methods apply per-token importance ratios ρt = πθ(yt|x, y<t)/πbeh(yt|x, y<t)
that treat each token independently, ignoring the sequential dependencies inherent in autoregressive
generation. In chain-of-thought reasoning, a flawed reasoning step early in a sequence (a “bad pre-
fix”) makes all subsequent tokens unreliable for learning, regardless of their individual token ratios.
Standard per-token corrections fail to capture this—they may assign high gradient weight to tokens
that follow flawed reasoning paths.

We propose Prefix-Ratio GRPO, which modifies the importance ratio to incorporate prefix informa-
tion. Our key insight is that if any prefix token has become unlikely under the current policy, all
subsequent tokens should be downweighted. We define a prefix-aware importance ratio ρ̃t = ρ

t
· ρt,

where ρ
t
= mink<t ρk is the minimum token ratio in the preceding prefix. This selectively dampens

1https://gitlab.com/fars-a/echo2-prefix-ratio-staleness
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gradients from tokens following bad prefixes while preserving gradients from tokens following good
prefixes.

Our contributions are:

• We propose Prefix-Ratio GRPO, a simple modification to GRPO that incorporates prefix
information into importance ratios, enabling selective gradient dampening based on prefix
quality.

• On AIME24 at staleness S = 11, Prefix-Ratio GRPO achieves 0.500 avg@64, outperform-
ing vanilla GRPO (0.400, +10pp) and tight-clip GRPO (0.367, +13.3pp).

• We provide selectivity analysis showing Prefix-Ratio GRPO achieves 4.42× selectivity
ratio, dampening 99.4% of bad-prefix tokens while only dampening 22.6% of good-prefix
tokens.

2 RELATED WORK

Reinforcement Learning for LLMs. Reinforcement learning from human feedback (RLHF)
has emerged as a foundational paradigm for aligning large language models with human prefer-
ences (Kaufmann et al., 2023). Proximal Policy Optimization (PPO) (Schulman et al., 2017) has
been widely adopted due to its stability through clipped surrogate objectives. To reduce compu-
tational overhead, Group Relative Policy Optimization (GRPO) (Shao et al., 2024) eliminates the
critic network by using group-relative advantages, enabling more efficient training. Direct Prefer-
ence Optimization (DPO) (Rafailov et al., 2023) further simplifies alignment by directly optimizing
on preference data without explicit reward modeling. Recent advances have demonstrated remark-
able reasoning capabilities through RL post-training, with DeepSeek-R1 (DeepSeek-AI et al., 2025)
and Qwen2.5 (Yang et al., 2024) achieving strong performance on mathematical reasoning bench-
marks. DAPO (Yu et al., 2025) introduces dynamic advantage processing for improved stability,
while REINFORCE++ (Hu et al., 2025) stabilizes critic-free optimization through global advan-
tage normalization. VinePPO (Kazemnejad et al., 2024) refines credit assignment in RL training of
LLMs through Monte Carlo tree search.

Off-Policy RL and Staleness Handling. Scaling RL training for LLMs requires distributed sys-
tems with asynchronous rollouts, which introduces staleness between rollout and training policies.
Trust Region Policy Optimization (TRPO) (Schulman et al., 2015) established the theoretical foun-
dation for constraining policy updates, while PPO (Schulman et al., 2017) provides a practical ap-
proximation through clipping. Recent work has focused on managing staleness in distributed LLM
training. ECHO-2 (Xiao et al., 2026) treats bounded policy staleness as a user-controlled param-
eter, enabling overlap between rollout generation and training. AReaL (Fu et al., 2025) and Lla-
maRL (Wu et al., 2025) develop large-scale asynchronous RL frameworks for efficient training.
A-3PO (Li et al., 2025) approximates the proximal policy through interpolation to reduce com-
putational overhead under staleness. StaleFlow (Li et al., 2026) jointly addresses data staleness
and skewness through staleness-constrained rollout coordination. BAPO (Xi et al., 2025) identifies
entropy collapse as a key failure mode in off-policy settings and proposes adaptive clipping to re-
balance positive and negative gradient contributions. Zheng et al. (2025c) empirically characterize
the “prosperity before collapse” phenomenon in off-policy RL for LLMs.

Prefix-Aware Methods. MinPRO (Lei et al., 2026) introduces prefix importance ratios for sta-
bilizing policy optimization under off-policy conditions. The key insight is that the theoretically
rigorous correction term is the prefix importance ratio rather than the token-level ratio, and relaxing
it to a token-level approximation can induce instability. MinPRO replaces the cumulative prefix ra-
tio with a non-cumulative surrogate based on the minimum token-level ratio in the preceding prefix.
Our work applies similar intuition to gradient quality improvement: we use prefix-aware ratios to
selectively dampen gradients from tokens following bad reasoning prefixes, improving downstream
performance rather than focusing solely on training stability.

Mathematical Reasoning. Chain-of-thought prompting (Wei et al., 2022) demonstrated that
LLMs can perform complex reasoning through step-by-step decomposition. Subsequent work
has focused on improving mathematical reasoning through RL post-training (Wang et al., 2025).
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DeepSeekMath (Shao et al., 2024) introduced GRPO for efficient RL training on mathematical rea-
soning tasks. Group Sequence Policy Optimization (GSPO) (Zheng et al., 2025b) extends GRPO
with sequence-level grouping for improved sample efficiency. Zheng et al. (2025a) provide a sys-
tematic study of stabilization techniques for RL with LLMs.

3 METHOD

3.1 PRELIMINARIES

We consider reinforcement learning with verifiable rewards (RLVR) for large language models,
where each model output can be scored by an automatic verifier. Given a prompt x, the model
generates a response y = (y1, y2, . . . , yT ) autoregressively, and receives a scalar reward r based on
correctness.

Group Relative Policy Optimization. GRPO (Shao et al., 2024) eliminates the need for a separate
value function by using group-relative advantages. For each prompt x, GRPO samples a group of
G outputs {y(1), . . . , y(G)} from the old policy πθold and computes advantages relative to the group
mean reward. The GRPO objective is:

JGRPO(θ) = E

 1

G

G∑
i=1

1

|y(i)|

|y(i)|∑
t=1

min
(
ρtÂt, clip(ρt, 1− ε, 1 + ε)Ât

)
− βDKL[πθ∥πref]

 (1)

where ρt = πθ(yt|x, y<t)/πθold(yt|x, y<t) is the per-token importance ratio, Ât is the token-level
advantage, ε is the clipping threshold, and β controls KL regularization.

Off-Policy Training and Staleness. In distributed RL systems, rollout generation is often de-
coupled from learning to improve throughput (Xiao et al., 2026; Fu et al., 2025). This intro-
duces staleness: trajectories may be generated by a behavior policy πbeh that lags behind the
current learner policy πθ by up to S learner steps. The importance ratio then becomes ρt =
πθ(yt|x, y<t)/πbeh(yt|x, y<t), and clipping is applied to constrain updates when the policies diverge
significantly.

3.2 THE PROBLEM: SEQUENTIAL DEPENDENCIES IN AUTOREGRESSIVE GENERATION

Standard GRPO uses per-token importance ratios ρt that treat each token independently. However,
in autoregressive generation, the quality of token yt depends critically on the quality of the preced-
ing prefix y<t. This creates a fundamental mismatch between the token-level correction and the
sequential nature of language generation.

Prefix Importance Ratios. The theoretically correct importance sampling correction for off-
policy policy gradients is the prefix importance ratio (Lei et al., 2026):

ρ1:t =
Pθ(y1, . . . , yt)

Pbeh(y1, . . . , yt)
=

t∏
k=1

ρk (2)

The token-level ratio ρt is an approximation that ignores the cumulative effect of prefix drift. When
staleness is high and sequences are long, this approximation becomes increasingly unreliable.

Bad Prefixes Make Subsequent Tokens Unreliable. Consider a chain-of-thought reasoning tra-
jectory where an early reasoning step is flawed. Under the current policy πθ, this “bad prefix” has
low probability—the model has learned to avoid such reasoning paths. However, the token-level
ratio ρt for subsequent tokens may still be near 1 if those tokens are locally plausible given the
(flawed) prefix. Standard GRPO would apply full gradient weight to these tokens, even though they
follow unreliable reasoning. The key insight is that if any prefix token has become unlikely under the
current policy, all subsequent tokens should be downweighted, as the entire reasoning path following
a bad prefix is unreliable for learning.
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Figure 1: Comparison of Standard GRPO (left) and Prefix-Ratio GRPO (right). Standard GRPO
applies per-token importance ratios ρt independently, while Prefix-Ratio GRPO uses prefix-aware
ratios ρ̃t = ρ

t
· ρt that selectively dampen tokens following bad prefixes.

3.3 PREFIX-RATIO GRPO

We propose Prefix-Ratio GRPO, which modifies the importance ratio to incorporate prefix informa-
tion while maintaining numerical stability.

Minimum Prefix Ratio. Following the intuition from MinPRO (Lei et al., 2026), we define the
minimum prefix token ratio before position t:

ρ
t
= min

k<t
ρk = exp

(
min
k<t

ℓk

)
(3)

where ℓk = log πθ(yk|x, y<k)− log πbeh(yk|x, y<k) is the log-ratio at position k.

Prefix-Aware Importance Ratio. We replace the token-level ratio ρt with a prefix-aware surro-
gate:

ρ̃t = ρ
t
· ρt (4)

This formulation ensures that if any earlier token has become unlikely under the current policy
(small ρ

t
), later-token gradients are downweighted even if the local token ratio ρt is not extreme.

Prefix-Ratio GRPO Objective. The complete Prefix-Ratio GRPO objective replaces ρt with ρ̃t
in the clipped surrogate:

JPR-GRPO(θ) = E

 1

G

G∑
i=1

1

|y(i)|

|y(i)|∑
t=1

min
(
ρ̃tÂt, clip(ρ̃t, 1− ε, 1 + ε)Ât

)
− βDKL[πθ∥πref]


(5)

Figure 1 illustrates the difference between standard GRPO and Prefix-Ratio GRPO. In standard
GRPO, each token’s gradient weight depends only on its own ratio ρt. In Prefix-Ratio GRPO, the
weight ρ̃t incorporates information about the entire prefix, enabling selective dampening of tokens
following bad reasoning paths.

4



Table 1: Main results on AIME24 benchmark at staleness S = 11. Prefix-Ratio GRPO achieves the
best performance (+10pp over vanilla, +13.3pp over tight-clip). All methods show pg clipfrac=0.0
(clipping never activated). Best results in bold.

Method ε AIME24 avg@64 Problems Solved pg clipfrac Seeds Collapsed

Vanilla GRPO 0.2 0.400 12/30 0.0 0/3
Tight-Clip GRPO 0.1 0.367 11/30 0.0 0/3
Prefix-Ratio GRPO 0.2 0.500 15/30 0.0 0/3

3.4 IMPLEMENTATION

Prefix-Ratio GRPO is a drop-in modification to standard GRPO that requires only access to
behavior-policy token log-probabilities, which are commonly logged in RLHF/RLVR pipelines.

Computational Overhead. The additional computation is minimal: for each trajectory, we com-
pute a cumulative minimum over log-ratios, which is O(T ) where T is the sequence length. This is
negligible compared to the forward and backward passes through the model.

Integration with Bounded-Staleness Systems. Prefix-Ratio GRPO is compatible with bounded-
staleness replay systems like ECHO-2 (Xiao et al., 2026). The modification is learner-side only:
it does not require changes to rollout generation, reward computation, or the distributed rollout
infrastructure. Trajectories are tagged with their behavior policy version, and the learner applies the
prefix-aware ratio correction when computing gradients.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

Model and Training. We use Qwen3-8B (Yang et al., 2024) as the base model and train on the
DAPO-Math-17K dataset for reinforcement learning with verifiable rewards. Training is conducted
using the veRL framework (Sheng et al., 2024) in co-located mode with 8 A100-80GB GPUs. We
simulate bounded staleness S = 11 by delaying policy snapshot publication every κ = 10 learner
updates, following the ECHO-2 protocol (Xiao et al., 2026).

Methods. We compare three methods at staleness S = 11: (1) Vanilla GRPO with standard
token-level clipping (ε = 0.2), (2) Tight-Clip GRPO with reduced clipping threshold (ε = 0.1) to
test whether generic clipping strength suffices, and (3) Prefix-Ratio GRPO (ours) with prefix-aware
importance ratios (ε = 0.2).

Evaluation. We evaluate on AIME24, a benchmark of 30 competition-level mathematics prob-
lems. Following standard practice, we report avg@64 accuracy (average accuracy over 64 samples
per problem) and the number of problems solved (at least one correct answer out of 64). We run 3
seeds per method for stability testing (12 steps each), then extend the first surviving seed to 60 steps
for quality evaluation.

4.2 MAIN RESULTS

Table 1 presents the main experimental results at staleness S = 11. Prefix-Ratio GRPO achieves
the best performance with AIME24 avg@64 of 0.500, outperforming vanilla GRPO (0.400, +10
percentage points) and tight-clip GRPO (0.367, +13.3 percentage points). Notably, Prefix-Ratio
GRPO solves 15 out of 30 problems compared to 12 for vanilla and 11 for tight-clip, demonstrating
qualitatively better reasoning capability.

All three methods remained stable throughout training with no seeds collapsing, contrary to prior
reports of GRPO instability at S = 11 (Xiao et al., 2026). This may be attributed to the co-located
training mode in veRL, which maintains tighter synchronization between rollout and training poli-
cies than fully distributed setups. Importantly, pg clipfrac remained 0.0 throughout all experiments,
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Table 2: Selectivity analysis of gradient dampening mechanisms. Prefix-Ratio GRPO achieves
2.9× higher selectivity than tight-clip, dampening 99.4% of bad-prefix tokens while only damp-
ening 22.6% of good-prefix tokens. Best results in bold.

Method Good-Prefix Dampen Rate Bad-Prefix Dampen Rate Selectivity Ratio

Vanilla GRPO 2.2% 5.1% 2.27
Tight-Clip GRPO 9.9% 15.1% 1.52
Prefix-Ratio GRPO 22.6% 99.4% 4.42

indicating that the clipping mechanism was never activated at this operating point. This suggests
that the performance improvement from Prefix-Ratio GRPO operates through gradient quality en-
hancement rather than through its interaction with clipping.

4.3 SELECTIVITY ANALYSIS

To understand the mechanism behind Prefix-Ratio GRPO’s improvement, we analyze the selectivity
of gradient dampening across methods. We define a token as “dampened” if its effective importance
ratio falls below a threshold, and measure the dampen rate separately for tokens following good
prefixes versus bad prefixes.

Table 2 shows the selectivity analysis results. Prefix-Ratio GRPO achieves a selectivity ratio of 4.42,
meaning it dampens bad-prefix tokens 4.42× more frequently than good-prefix tokens. In contrast,
tight-clip GRPO achieves only 1.52 selectivity ratio, and vanilla GRPO achieves 2.27. Critically,
Prefix-Ratio GRPO dampens 99.4% of bad-prefix tokens while only dampening 22.6% of good-
prefix tokens, demonstrating highly selective gradient filtering.

The selectivity analysis reveals why Prefix-Ratio GRPO outperforms tight-clip GRPO despite both
methods dampening gradients. Tight-clip GRPO applies uniform dampening regardless of prefix
quality, suppressing both useful and unreliable gradients, whereas Prefix-Ratio GRPO selectively
targets tokens following bad reasoning paths.

4.4 TRAINING DYNAMICS

Figure 2 shows the training reward curves for all three methods. Despite achieving significantly dif-
ferent downstream performance, all methods exhibit similar reward improvement trajectories during
training. The 5-step moving average reward improves from approximately −0.998 at step 5 to
around −0.55 to −0.68 by step 55-56 across all methods.

The similar training dynamics but different downstream performance supports our hypothesis that
Prefix-Ratio GRPO improves gradient quality rather than training stability. The prefix-aware im-
portance ratio selectively filters unreliable gradients from tokens following bad reasoning prefixes,
leading to better policy updates even when aggregate training metrics appear similar.

4.5 DISCUSSION

Stability Hypothesis. Our experiments did not observe the training collapse at S = 11 reported by
ECHO-2 (Xiao et al., 2026). All three methods remained stable with KL divergence in a narrow band
(∼0.01) and no numerical failures. This may be due to differences between our co-located veRL
setup and ECHO-2’s fully distributed architecture. Consequently, the stability benefit of Prefix-Ratio
GRPO remains inconclusive in our experiments.

Gradient Quality Mechanism. The performance improvement from Prefix-Ratio GRPO appears
to operate through gradient quality enhancement rather than stability. The key evidence is: (1)
clipping was never activated (pg clipfrac=0.0); (2) training dynamics are nearly identical across
methods; (3) the selectivity analysis demonstrates highly selective gradient filtering. This selective
dampening improves the quality of policy updates, leading to better downstream performance.
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Figure 2: Training dynamics at staleness S = 11. All three methods show similar reward im-
provement trajectories, but Prefix-Ratio GRPO achieves the best downstream AIME24 performance
(0.500) despite similar training rewards.

5 CONCLUSION

We presented Prefix-Ratio GRPO, a simple modification to GRPO that incorporates prefix informa-
tion into importance ratios for off-policy reinforcement learning with LLMs. By using prefix-aware
ratios ρ̃t = ρ

t
· ρt, our method selectively dampens gradients from tokens following bad reasoning

prefixes while preserving gradients from tokens following good prefixes. On AIME24 at staleness
S = 11, Prefix-Ratio GRPO achieves 0.500 avg@64, outperforming vanilla GRPO by 10 percentage
points and tight-clip GRPO by 13.3 percentage points, with 4.42× selectivity in gradient dampen-
ing. The stability hypothesis remains inconclusive as vanilla GRPO did not collapse in our setup.
Future work includes evaluating at higher staleness regimes where collapse may occur, extending to
other reasoning domains, and theoretical analysis of prefix-ratio dynamics.
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