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Training pipeline for SMEPO. We detect reward-relevant spans in the expert trace with domain-specific masking rules, replace those spans with mask 

placeholders, and then run the same GRPO loop conditioned on the original problem and the masked trace.

Math ablations with Qwen3-8B-Base. We compare full-expert-trace, prefix exposure, random masking, and targeted masking. 

Code-copy diagnostics. Left: Visible-trace overlap captures copying from the expert content actually 

visible in the prompt. Right: Expert-code similarity captures reuse of the original expert program. The 

left figure does not include GRPO since it does not involve expert traces.

reduces expert-code similarity, providing evidence that semantic masking mitigates reward 

hacking through expert-solution copying.
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Math Masking Ablations. Prefix truncation yields non-monotonic gains, showing that reducing 

trace exposure is insufficient without hiding reward-relevant spans. Random masking performs 

poorly despite matched masking budgets. Reward-aware masking shows progressive 

improvements as more reward-relevant content is targeted, with SMEPO performing best by 

masking numerical content throughout the trace while preserving procedural guidance.
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Performance Gains. SMEPO consistently outperforms GRPO across 

math, code, and agentic search, with improvements of up to 3.2 points.

Efficiency. SMEPO reaches the GRPO accuracy target up to 4.2×faster.

Compatibility. Adding SMEPO to GHPO further improves performance 

across math, code, and agentic search, showing complementary benefits.

Results

Main results. Top: Math performance across three models. Bottom: Code and agentic search 

performance on Qwen3-8B-Base. Full expert traces often degrade performance, while SMEPO 

consistently outperforms vanilla GRPO and full-expert-trace conditioning.

Training efficiency and compatibility with GHPO. Left: Steps and wall-clock time to reach the 

GRPO peak mean@32 accuracy on AIME25 and AIME26. Right: GSM8K training curves showing 

performance improvements from adding SMEPO to GHPO.

Additional gains with GHPO. On math benchmarks with Qwen3-8B-Base, adding SMEPO to GHPO 

improves the six-benchmark average from 44.0 to 45.6, suggesting that masked expert traces can 

bring additional gains on top of prompt-refinement guidance. Similar improvements are observed in 

code (54.9 to 55.6) and agentic search (42.4 to 44.0), using adapted GHPO implementations.

Introduction

Exploration Bottleneck. RLVR improves mathematical reasoning, code generation, 

and agentic search, but often suffers from sparse rewards on hard problems, where the 

policy struggles to discover successful trajectories.

Expert-Guided RL. External expert traces provide valuable guidance for exploration, 

including solution plans, intermediate subgoals, and reasoning steps. However, 

exposing complete traces can also reveal reward-relevant content, allowing policies to 

obtain rewards by copying rather than learning the underlying problem-solving process.

Our Insight. Existing methods often rely on partial trajectories or truncated prefixes, 

controlling how much expert information is exposed rather than what should be hidden. 

SMEPO preserves procedural guidance while masking reward-relevant semantic 

spans along the critical path.

Method

Semantic Masking. SMEPO transforms expert traces into fill-in-the-blank guidance by 

masking reward-relevant semantic spans while preserving the expert's decomposition, 

intermediate subgoals, and procedural structure. The policy follows the expert's solution 

path but must reconstruct the missing information independently.

Domain-Specific Masking. In math, SMEPO masks numerical values, including 

intermediate results and final answers. In code generation, it masks executable code 

blocks while retaining algorithmic plans. In agentic search, it masks answer-relevant 

entities while preserving the multi-hop search trajectory.

Simple Integration. Masking is applied offline before rollout generation. The policy is 

conditioned on the original problem and the masked expert trace, while the verifier, 

reward function, and GRPO objective remain unchanged. Preprocessing takes only 37 

seconds across all three training datasets.

Overview of SMEPO. On hard reasoning problems, a) vanilla RL often receives sparse rewards because the initial policy fails to discover useful

solution trajectories. b) Full expert traces can provide useful trajectories, but may also reveal verifier-aligned content along the solution path, such 

as intermediate values, final answers, code blocks, or answer-related entities. RL conditioned on the full trace may therefore exploit these exposed 

cues rather than learn the underlying reasoning process. c) SMEPO masks reward-relevant spans along the critical path while leaving the 

surrounding trace intact. The resulting fill-in-the-blank trace helps exploration while hiding verifier-aligned content.
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