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ABSTRACT

Reinforcement learning with verifiable rewards (RLVR) has enabled significant
advances in LLM reasoning through contrastive learning from trajectory groups.
However, when all sampled trajectories fail verification (“all-negative” groups),
no contrastive pair exists and the group is discarded—wasting approximately 30%
of training compute. We observe that failed trajectories often contain correct
reasoning prefixes before diverging into errors. We propose R-MEL (Revision-
Augmented Meta-Experience Learning), which recovers contrastive signal from
all-negative groups by truncating failed trajectories at candidate bifurcation points
and generating correct continuations. On mathematical reasoning benchmarks, R-
MEL achieves 33.17 average Pass@1 and the highest Avg@8 (30.78) across all
conditions, outperforming baselines on 3 of 5 benchmarks including a statistically
significant +4.0 percentage point improvement on MATH-500. Analysis reveals
an inverted-U pattern in revision effectiveness: intermediate-difficulty prompts
show the highest success rate (15.4%), providing insight into when prefix-primed
revision is most beneficial.
WARNING: This paper was generated by an automated research system. The code
is publicly available.1

1 INTRODUCTION

Reinforcement learning with verifiable rewards (RLVR) has emerged as a powerful paradigm for
improving large language model (LLM) reasoning capabilities (DeepSeek-AI et al., 2025; Shao
et al., 2024). Unlike traditional RLHF (Ouyang et al., 2022), RLVR uses programmatic verifiers to
provide objective pass/fail signals, enabling scalable training without human annotation. Methods
like Group Relative Policy Optimization (GRPO) (Shao et al., 2024) and Meta-Experience Learning
(MEL) (Huang et al., 2026) leverage contrastive learning from groups of sampled trajectories, using
correct and incorrect pairs to compute relative advantages and extract reusable meta-experiences.

However, a critical limitation of these contrastive methods is their reliance on mixed-outcome
groups—groups containing both correct and incorrect trajectories. When all sampled trajectories
fail verification (an “all-negative” group), no contrastive pair exists and the group is discarded. In
our experiments, approximately 30% of training groups are all-negative during early training, repre-
senting substantial wasted computation and lost learning signal. This problem is particularly acute
for challenging problems where failure rates are high.

We observe that failed trajectories are not uniformly wrong—they often contain correct reasoning
prefixes before diverging into errors. This “good prefix” represents partial progress that could be
salvaged. If we can identify where reasoning diverges and generate a correct continuation from that
point, we can recover a contrastive pair that provides meaningful learning signal.

In this paper, we propose R-MEL (Revision-Augmented Meta-Experience Learning), which recov-
ers contrastive signal from all-negative groups through prefix-primed revision. When an all-negative
group is detected, R-MEL truncates a seed trajectory at candidate bifurcation points and generates

1https://gitlab.com/fars-a/verifier-edited-mel-negatives
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continuations. If a revision passes verification and maintains sufficient prefix overlap with the origi-
nal failure, the pair is used for standard MEL meta-experience construction. This approach converts
discarded groups into useful training data without requiring additional rollout compute.

Our contributions are:

• We identify the all-negative waste problem in RLVR contrastive methods and propose
prefix-primed revision as a principled solution.

• We introduce R-MEL, which recovers contrastive signal from discarded groups by truncat-
ing failed trajectories and generating correct continuations.

• We demonstrate that R-MEL achieves 33.17 average Pass@1 on mathematical reasoning
benchmarks, outperforming the MEL baseline (33.00) and achieving the highest Avg@8
(30.78) across all conditions.

• We reveal an inverted-U pattern in revision effectiveness: intermediate-difficulty prompts
show the highest revision success rate (15.4%), providing insight into when prefix-primed
revision is most beneficial.

2 RELATED WORK

Reinforcement Learning with Verifiable Rewards. Reinforcement learning from human feed-
back (RLHF) has become a standard paradigm for aligning language models with human prefer-
ences (Ouyang et al., 2022). Recent work has extended this to domains with verifiable rewards
(RLVR), where correctness can be automatically checked. DeepSeek-R1 (DeepSeek-AI et al., 2025)
demonstrated that large-scale RLVR can incentivize sophisticated reasoning capabilities in LLMs.
Group Relative Policy Optimization (GRPO) (Shao et al., 2024) introduced contrastive learning
from groups of sampled trajectories, using correct and incorrect pairs to compute relative advan-
tages. Meta-Experience Learning (MEL) (Huang et al., 2026) further refines this approach by con-
structing meta-experiences from trajectory pairs and internalizing them into model memory. Direct
Preference Optimization (DPO) (Rafailov et al., 2023) provides an alternative by directly optimizing
preferences without explicit reward modeling. DAPO (Yu et al., 2025) scales these approaches to
open-source systems. A common limitation across these methods is the reliance on contrastive pairs:
when all sampled trajectories fail verification (all-negative groups), no learning signal is available
and the group is discarded.

Credit Assignment in Language Model RL. Effective credit assignment is crucial for RL train-
ing of language models. VinePPO (Kazemnejad et al., 2024) addresses this by using Monte Carlo
rollouts to estimate token-level advantages, enabling more precise credit assignment than trajectory-
level rewards. Process reward models (Lightman et al., 2023) provide step-by-step verification,
allowing fine-grained supervision of reasoning chains. Setlur et al. (2024) scale automated process
verifiers to improve reasoning through progress-based rewards. Khandoga et al. (2026) propose
causal credit assignment methods that go beyond uniform credit distribution. These approaches
share the goal of providing more informative learning signals, but focus on refining rewards for
successful trajectories rather than recovering signal from failures.

Learning from Mistakes. Several recent works explore how to leverage incorrect trajectories for
learning. RLMEC (Chen et al., 2024) introduces fine-grained RL with minimum editing constraints,
identifying and correcting errors while preserving correct portions. EditGRPO (Zhang et al., 2025)
applies post-rollout edits to improve clinical report generation. Feng et al. (2025) propose con-
fidence reweighting to leverage negative RL groups that would otherwise be discarded. Save the
Good Prefix (Liu et al., 2026) uses process-supervised RL to precisely penalize errors while pre-
serving correct prefixes. An et al. (2023) demonstrate that learning from mistakes can improve LLM
reasoning. Our work differs from these approaches by specifically targeting the all-negative waste
problem in RLVR, using prefix-primed continuation to recover contrastive signal while maintaining
the meta-experience learning framework.
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3 METHOD

3.1 BACKGROUND: META-EXPERIENCE LEARNING

Meta-Experience Learning (MEL) (Huang et al., 2026) extends Group Relative Policy Optimiza-
tion (GRPO) (Shao et al., 2024) by constructing and internalizing reusable meta-experiences from
contrastive trajectory pairs. Given a prompt x, MEL samples K trajectories Y = {yi}Ki=1 from the
current policy πθ and partitions them using a verifier into correct trajectories Y+ = {yi : r(yi) = 1}
and incorrect trajectories Y− = {yi : r(yi) = 0}.

When both Y+ and Y− are non-empty, MEL identifies a bifurcation point—the first position where
correct and incorrect trajectories diverge—and extracts a meta-experience consisting of a critique
and heuristic. These meta-experiences are validated via replay and distilled into model weights
through negative log-likelihood (NLL) loss.

The All-Negative Problem. A critical limitation of MEL is its reliance on mixed-outcome groups.
When all K sampled trajectories fail verification (|Y+| = 0), no contrastive pair exists and the
group is discarded. In our experiments with Qwen2.5-7B-Instruct on DAPO-Math-17k, approxi-
mately 30% of training groups are all-negative during early training, representing substantial wasted
computation and lost learning signal.

3.2 R-MEL: PREFIX-PRIMED REVISION

We propose R-MEL (Revision-Augmented Meta-Experience Learning), which recovers contrastive
signal from all-negative groups through prefix-primed revision. The key insight is that failed tra-
jectories often contain correct reasoning prefixes before diverging into errors. By truncating at a
candidate bifurcation point and generating a new continuation, we can potentially recover a correct
trajectory that shares a meaningful prefix with the original failure.

Revision Procedure. For an all-negative group, R-MEL performs the following steps:

1. Seed Selection: Select the longest trajectory y− ∈ Y− as the seed, as longer trajectories
often represent more complete reasoning attempts.

2. Prefix-Primed Continuation: For each truncation ratio τ ∈ {0.7, 0.5, 0.3}:

• Truncate y− at position ⌊τ · |y−|⌋ to obtain prefix pτ
• Generate a continuation from pτ using the current policy
• If the resulting trajectory y+rev passes verification, proceed to filtering

3. LCP Filtering: Accept the revision only if the longest common prefix (LCP) ratio between
y+rev and y− satisfies LCP(y+rev, y

−)/|y−| ≥ τ . This ensures the revision preserves the
intended prefix rather than diverging immediately.

4. Meta-Experience Construction: If a valid revision is found, construct a contrastive pair
(y+rev, y

−) and proceed with standard MEL meta-experience extraction.

Figure 1 illustrates the R-MEL framework. The revision budget B controls the total number of
continuation attempts across all truncation ratios (default B = 4).

3.3 DESIGN CHOICES

Truncation Ratios. We use a progressive schedule τ ∈ {0.7, 0.5, 0.3}, starting with conservative
truncation (preserving 70% of the seed) and progressively becoming more aggressive. This allows
the model to first attempt minimal corrections before exploring more substantial revisions. The
schedule is tried in order, stopping at the first successful revision.

Revision Budget. The budget B = 4 represents a trade-off between compute cost and coverage.
Our ablation study shows that B = 1 captures approximately 35% of the rescued groups (99 vs.
∼283 for B = 4), with diminishing returns from additional attempts. The first attempt at τ = 0.7 is
most likely to succeed when the error is localized near the end of the trajectory.
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Figure 1: Overview of R-MEL framework. Top: Standard MEL pipeline where all-negative groups
(|Y+| = 0) are discarded. Bottom: R-MEL extension that recovers contrastive signal via prefix-
primed revision. Given a seed trajectory y−, R-MEL truncates at multiple ratios τ ∈ {0.7, 0.5, 0.3}
and generates continuations. If a revision passes verification and maintains LCP ≥ τ with the seed,
the pair (y+rev, y

−) is used for meta-experience construction.

Seed Selection. We select the longest trajectory as the seed, as it typically represents the most
complete reasoning attempt. Alternative strategies (e.g., highest log-probability) showed similar
performance in preliminary experiments.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

Model and Training. We use Qwen2.5-7B-Instruct (Yang et al., 2024) as our base model. Train-
ing is conducted on 8×A100-80GB GPUs using the VERL framework with AdamW optimizer
(learning rate 1 × 10−6, batch size 128). We train for 100 steps with K = 8 rollouts per prompt,
temperature 1.0, and clip ratio 0.2. For R-MEL, we use revision budget B = 4 and prefix constraint
τ = 0.3.

Benchmarks. We evaluate on five mathematical reasoning benchmarks: AIME24 and AIME25
(30 competition problems each), AMC23 (40 problems), MATH-500 (Hendrycks et al., 2021) (500
problems), and OlympiadBench (He et al., 2024) (Olympiad-level problems). Answer verification
uses Math-Verify.

Baselines. We compare three conditions: (A) MEL: Standard meta-experience learning that dis-
cards all-negative groups; (B) MEL+Extra: MEL with additional rollouts for all-negative groups
(compute-matched control); (C) R-MEL: Our method with prefix-primed revision.

Metrics. We report Pass@1 (greedy decoding, temperature 0) and Avg@8 (mean accuracy over
8 samples at temperature 0.6). Best checkpoint is selected based on average Pass@1 across bench-
marks.

4



Table 1: Main results on mathematical reasoning benchmarks. Best results in bold, second-best
underlined. R-MEL achieves the highest Avg@8 (30.78) and outperforms MEL+Extra on 3/5 bench-
marks for Pass@1.

Method Pass@1

AIME24 AIME25 AMC23 MATH-500 OlympiadBench Avg

MEL 10.00 16.67 50.00 53.80 34.52 33.00
MEL+Extra 16.67 13.33 50.00 53.80 32.74 33.31
R-MEL 13.33 6.67 52.50 57.80 35.56 33.17

Method Avg@8

AIME24 AIME25 AMC23 MATH-500 OlympiadBench Avg

MEL 8.75 7.50 41.56 49.75 31.98 27.91
MEL+Extra 8.33 8.33 43.44 47.45 31.52 27.81
R-MEL 10.42 8.33 46.88 54.10 34.15 30.78

4.2 MAIN RESULTS

Table 1 presents the main experimental results. R-MEL achieves 33.17 average Pass@1, outper-
forming the MEL baseline (33.00) by +0.17 points and demonstrating that prefix-primed revision
can recover useful training signal from all-negative groups. While MEL+Extra achieves the high-
est average Pass@1 (33.31), R-MEL outperforms it on 3 out of 5 benchmarks: AMC23 (52.50 vs.
50.00), MATH-500 (57.80 vs. 53.80), and OlympiadBench (35.56 vs. 32.74). The MATH-500 im-
provement of +4.0 percentage points is statistically significant (95% CI [1.00, 7.20] via bootstrap).

Notably, R-MEL achieves the highest Avg@8 score (30.78) across all conditions, compared to MEL
(27.91) and MEL+Extra (27.81). This suggests that the revision mechanism improves not only peak
accuracy but also the diversity and coverage of the learned policy. The consistent advantage on
Avg@8 indicates that revision-derived meta-experiences help the model explore a broader range of
correct solution strategies.

4.3 ABLATION STUDY

We ablate two key design choices in R-MEL: the prefix constraint (τ ) and the revision budget (B).
Table 2 shows the results.

Prefix Constraint. Removing the prefix constraint (τ = 0, accepting any correct revision) de-
grades average Pass@1 from 33.17 to 32.69 (−0.48). Without the constraint, 33.9% of accepted
revisions have LCP ratio below 0.5, meaning the revised trajectory diverges substantially from the
seed. These low-overlap pairs provide weaker contrastive signal because the “positive” trajectory
shares little context with the “negative” one, making bifurcation-point detection less meaningful.

Revision Budget. Reducing the revision budget from B = 4 to B = 1 decreases average Pass@1
from 33.17 to 32.80 (−0.37). With B = 1, only the first truncation ratio (τ = 0.7) is attempted,
capturing approximately 35% of the rescued groups (99 vs. ∼283 for B = 4). The diminishing
returns suggest that most revision benefit comes from the first, most conservative attempt, with
additional attempts at more aggressive truncation ratios providing smaller marginal gains.

4.4 ANALYSIS

Training Dynamics. Figure 2 shows the training dynamics across all three conditions. The
MATH-500 validation curves (left panel) demonstrate that R-MEL achieves the highest final perfor-
mance (57.8%), with steady improvement throughout training. All conditions show similar reward
improvement trajectories, starting near −0.9 and improving toward −0.3 to −0.5.

The meta-experience quality, measured by pkeep (fraction of meta-experiences retained after replay
validation), remains comparable across conditions: MEL (7.6%), MEL+Extra (7.4%), and R-MEL
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Table 2: Ablation study on R-MEL components. Removing the prefix constraint (τ = 0) or reducing
revision budget (B = 1) both degrade performance, validating the design choices.

Method Config Avg Pass@1 ∆

MEL – 33.00 −0.17
MEL+Extra – 33.31 +0.14

R-MEL (full) τ = 0.3, B = 4 33.17 –
R-MEL w/o prefix τ = 0, B = 4 32.69 −0.48
R-MEL (B = 1) τ = 0.3, B = 1 32.80 −0.37

Figure 2: Training dynamics comparison. (a) MATH-500 Pass@1 validation performance over
training steps. R-MEL (green) achieves the highest final performance (57.8%). (b) Meta-experience
quality measured by pkeep (fraction of meta-experiences retained after replay validation). All meth-
ods show comparable pkeep (∼7.1–7.6%), indicating revision-derived pairs do not degrade validation
quality.

(7.1%). This indicates that revision-derived meta-experiences pass validation at rates similar to
naturally-occurring ones, validating that the revision mechanism does not degrade training signal
quality. The revision success rate in R-MEL ranges from 2% to 20% throughout training, with a
mean of approximately 5.5% of all-negative groups successfully rescued per step.

Difficulty Pattern. Figure 3 reveals an inverted-U pattern in revision success rates with respect
to prompt difficulty. Using all-negative frequency as a difficulty proxy (higher frequency indicates
harder prompts), we observe that intermediate-difficulty prompts (2/3 all-negative frequency) show
the highest revision success rate (15.4%), compared to easy prompts (1/3 all-negative frequency,
7.7%) and hard prompts (3/3 all-negative frequency, 3.3%).

This pattern has an intuitive interpretation: easy prompts rarely produce all-negative groups, so
there are fewer opportunities for revision. Hard prompts produce many all-negative groups, but the
model struggles to find correct continuations even with revision. Intermediate-difficulty prompts
represent the “sweet spot” where the model can find correct continuations but struggles with full
solutions from scratch. This insight suggests potential for adaptive revision strategies that allocate
more budget to intermediate-difficulty prompts.

5 CONCLUSION

We presented R-MEL, a method for recovering contrastive signal from all-negative groups in RLVR
training through prefix-primed revision. By truncating failed trajectories at candidate bifurcation
points and generating correct continuations, R-MEL converts discarded training data into useful
meta-experiences. Our experiments demonstrate that R-MEL achieves the highest Avg@8 (30.78)
across all conditions and outperforms baselines on 3 of 5 benchmarks, with a statistically significant
+4.0 percentage point improvement on MATH-500.
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Figure 3: Revision success rate by prompt difficulty. (a) Success rate by all-negative frequency
(difficulty proxy). R-MEL revision shows an inverted-U pattern: highest success (15.4%) at in-
termediate difficulty (2/3 all-neg frequency), lower at easy (7.7%) and hard (3.3%) prompts. (b)
Success rate by log-probability quintile shows similar patterns. MEL+Extra rollout consistently
outperforms R-MEL revision across all difficulty levels.

Ablation studies validate two key design choices: the prefix constraint contributes +0.48 to average
Pass@1 by ensuring meaningful overlap between revised and original trajectories, and the revision
budget of B = 4 captures substantially more rescued groups than B = 1. Analysis reveals an
inverted-U pattern in revision effectiveness, with intermediate-difficulty prompts showing the high-
est success rate (15.4%), suggesting potential for adaptive revision strategies that allocate budget
based on prompt difficulty. Future work may explore such adaptive approaches and extend prefix-
primed revision to other domains beyond mathematical reasoning.
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