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Abstract

Reinforcement Learning with Verifiable Re-
wards (RLVR) improves LLM reasoning but
typically relies on ground-truth (GT) answers,
limiting scalability. Voting-based label-free
RLVR replaces gold supervision with answer-
level consensus from model samples. How-
ever, collapse arises when the same answer-
level signal is used both to estimate rewards
and to drive token-level policy optimization,
encouraging the model to directly reinforce an-
swer tokens rather than improve reasoning. We
propose OM-GRPO, a label-free RLVR frame-
work that decouples reward estimation from
policy optimization. OM-GRPO masks gradi-
ents on the answer span while retaining answer-
level rewards through a soft consensus signal,
shifting optimization pressure away from an-
swer tokens. We further introduce Contrast-
Augmented Reward, which refines reward es-
timation via low-cost pairwise comparisons
over existing trajectories without additional
rollouts. Across diverse reasoning benchmarks
and three LLM backbones, OM-GRPO outper-
forms label-free RLVR methods, matches su-
pervised GT-Reward training with stable opti-
mization, and gains 4.24 points over majority
voting in Test-Time Training.

1 Introduction

As large language models (LLMs) evolve from pat-
tern matching toward complex reasoning (Jaech
et al., 2024; DeepSeek-AI et al., 2025; Yang et al.,
2025b), reinforcement learning with verifiable re-
wards (RLVR) has emerged as a central paradigm
in post-training. RLVR improves reasoning by op-
timizing outcome-based rewards reflecting final-
answer correctness, which are typically computed
using curated ground-truth answers (Shao et al.,
2024; Yu et al., 2025a). Despite these promising

* Equal contribution.
† Corresponding authors.

advances, this reliance on high-quality human an-
notations makes reward construction costly and
difficult to scale with training data (Ouyang et al.,
2022; Shao et al., 2024; Yue et al., 2025).

Recent studies explore label-free approaches that
derive rewards directly from model outputs (Prab-
hudesai et al., 2025; Zhao et al., 2025a). A rep-
resentative strategy is majority-voting-based self-
rewarding (Shafayat et al., 2025; Zhang et al.,
2025): the model samples multiple rollouts for
the same prompt, extracts their final answers, and
rewards trajectories whose answers agree with the
group consensus. However, this design introduces
a fundamental issue. The answer-level consensus is
used not only to estimate reward, but also to drive
token-level policy optimization. Consequently, the
model can improve reward by directly sharpening
high-frequency answer tokens, without improving
the reasoning that leads to them. This shortcut
makes voting-based label-free RLVR particularly
vulnerable to reward hacking and mode collapse.

To empirically examine this issue, we evaluate
this class of self-rewarding methods across multiple
LLM backbones. As shown in Figure 1, these meth-
ods often exhibit early performance improvements
followed by a sharp degradation as training pro-
gresses. To further diagnose this behavior, we track
the diversity of extracted final answers throughout
training. The right panel of Figure 1 shows that the
performance collapse coincides with a rapid reduc-
tion in answer diversity, with the model eventually
converging to the same final answer across entire
batches and even across different batches. Over-
all, these results indicate that the observed collapse
arises from over-optimization of answer tokens.

In this work, we propose Outcome-Masked
Group Relative Policy Optimization (OM-GRPO),
a simple and effective framework that improves rea-
soning by optimizing reasoning trajectories quality
rather than answer-level agreement. Specifically,
OM-GRPO uses a soft reward (based on answer
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Figure 1: Training dynamics of different methods on the MATH5000 validation set. Left and middle: validation
accuracy over training steps. Right: average number of unique final answers per batch during training.

frequency within the group) and masks the answer
span during gradient updates, ensuring that learn-
ing signals are confined to the reasoning trajectory.
Under this design, reward improvements cannot
be achieved by directly sharpening or repeating
answer tokens, but must arise from improved rea-
soning. As a result, OM-GRPO exhibits stable,
non-collapsing training dynamics across backbones
(see Figure 1 and 3). Notably, OM-GRPO also
achieves performance comparable to GT-Reward
across backbones (see Figure 1). We attribute this
gain to the soft reward, which provides an implicit
contrastive signal by assigning higher credit to an-
swers that receive broader support within the group.

To amplify contrastive gains, we further intro-
duce Contrast-Augmented Reward (CAR) to better
capture the relative quality of reasoning trajectories.
CAR explicitly constructs trajectory-level pairwise
comparisons within each group by prompting the
model to compare pairs of reasoning traces from
the same input and produce only a short final an-
swer to the original question. This yields a large
number of additional outcomes, enabling more reli-
able estimation of soft rewards for the original tra-
jectories without re-sampling long reasoning trajec-
tories. Intuitively, consider two trajectories (y1, z1)
and (y2, z2) for the same input, where y1 represents
higher-quality reasoning. Through pairwise com-
parison, if the model favors y1 and generates z1,
then z1 appears more frequently within the group,
thereby strengthening the soft reward assigned to
y1. By expanding the answer pool via low-cost
pairwise comparisons, this comparison-based sig-
nal yields more reliable reward estimates, resulting
in more stable optimization toward higher-quality
reasoning trajectories without regenerating full rea-
soning processes. Across diverse reasoning bench-
marks and three LLM backbones, OM-GRPO con-

sistently outperforms prior label-free RLVR base-
lines while remaining competitive with supervised
GT-Reward. This stability extends to Test-Time
Training, where OM-GRPO prevents collapse and
outperforms majority voting by 4.24 points.

Contributions. (1) We identify an overlooked
failure mode in label-free RLVR, where answer-
token shortcuts cause reward hacking and training
collapse. (2) We propose OM-GRPO, a label-free
RLVR framework that mitigates reward hacking
via answer-span gradient masking. (3) We further
introduce CAR, a low-cost strategy for refining re-
ward estimation through pairwise comparisons. (4)
Across multiple backbones and benchmarks, OM-
GRPO achieves stable training and competitive or
superior performance.

2 Related Work

LLM Reasoning. LLMs have achieved remark-
able progress across diverse tasks (Grattafiori et al.,
2024; Yang et al., 2025b), yet their reasoning
outputs often remain fluent but logically unreli-
able (Ouyang et al., 2022; Rafailov et al., 2023;
Touvron et al., 2023). Prior work improves rea-
soning through prompting strategies such as chain-
of-thought (CoT) and self-consistency (Wei et al.,
2022; Wang et al., 2023), which encourage inter-
mediate reasoning and aggregate multiple sampled
solutions. More recently, RLVR has emerged as an
effective reasoning post-training paradigm (Shao
et al., 2024; DeepSeek-AI et al., 2025; Lambert
et al., 2024; Hu et al., 2025; Kimi-Team et al., 2025;
Yang et al., 2025a; Chen et al., 2026b), using GT
solutions or programmatic verifiers to reward an-
swer correctness. Despite strong gains, its reliance
on curated supervision limits scalability.
Label-Free RLVR. To scale RLVR beyond curated
supervision, label-free methods derive training sig-
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Figure 2: Overview of OM-GRPO with outcome masking updates and contrast-augmented reward estimation.

nals without gold answers (Chen et al., 2026a). Ex-
isting approaches use answer agreement (Shafayat
et al., 2025; Zhang et al., 2025), uncertainty-based
signals (Prabhudesai et al., 2025; Agarwal et al.,
2025; Zhao et al., 2025b), or external LLM and
symbolic feedback (Pang et al., 2023; Lee et al.,
2024; Su et al., 2025; Zhao et al., 2025a). Among
these, voting-based self-rewarding assigns rewards
by group consensus (Shafayat et al., 2025; Zhang
et al., 2025). However, using the same answer-
level signal for reward estimation and token-level
optimization creates a shortcut: the policy can rein-
force answer tokens rather than reasoning, leading
to reward hacking and mode collapse. Although
regularization (Yu et al., 2025b) and multi-view
distillation (Zhang et al., 2025) improve stability,
they do not eliminate this shortcut.

3 Method: Outcome-Masked GRPO

We propose OM-GRPO, a label-free RLVR algo-
rithm that optimizes reasoning trajectories with-
out answer-level shortcuts. For each input x, OM-
GRPO samples a group of G trajectories {τi}Gi=1

and updates the policy using a group-relative ob-
jective with masked gradients:

JOM-GRPO(θ) = Ex∼D, {τi}Gi=1∼πθold (·|x)[
1

G

G∑

i=1

|τi|∑

t=1

mi,t

(
min

(
ρi,t(θ) Âi,

clip(ρi,t(θ), 1− ϵ, 1 + ϵ) Âi

)

− βKLi,t

(
πθ ∥πref

)
)]

(1)

where ρi,t =
πθ(oi,t|oi,<t)
πθold (oi,t|oi,<t)

is the importance

sampling ratio. The advantage term Âi is computed
by standardizing the rewards within each group to
reduce variance: Âi =

ri−mean(r)
std(r)+δ . Crucially, mi,t

is a binary mask set to 0 for tokens in the answer
span zi and 1 otherwise. We next introduce the key
components of OM-GRPO.

3.1 Reward Formulation
Soft Reward. Given an input question x, the pol-
icy πθ samples a trajectory τ = (y, z), where y de-
notes the chain-of-thought (CoT) reasoning and z
denotes the span of answer tokens inside \boxed{},
excluding the formatting tokens. In the absence of
gold labels, a common approach is to evaluate cor-
rectness via MV (Wang et al., 2023), which assigns
a hard reward based on whether an answer matches
the majority outcome within a group of sampled
trajectories. However, this binary signal is sparse
and unstable, motivating a soft reward based on
group-level answer frequency. Given a group of G
sampled trajectories, we define the soft reward for
trajectory τi as the probability mass assigned to its
answer zi within the group of sampled answers:

rqi = Pr(z = zi | z ∈ (z1, . . . , zG)) (2)

Unlike hard MV, this frequency-based signal re-
tains relative comparisons among candidate an-
swers instead of enforcing a binary consensus.

Format Reward. To ensure the model produces
parseable outputs, we incorporate a format reward
rfi . This is a binary indicator that equals 1 if the re-
sponse contains a valid extractable \boxed{·} span,
and 0 otherwise.
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Final Reward. The final reward for τi combines
the soft and format rewards: ri = rqi + rfi .

3.2 Outcome-Masked Update

As discussed in Section 1, existing label-free RLVR
methods suffer from a critical failure mode: the
policy tends to exploit a trivial shortcut by directly
increasing the probability of high-frequency an-
swer tokens, regardless of the input. This leads
to mode collapse, where the model memorizes an-
swers rather than learning to reason1. To address
this, we introduce the Outcome-Masked Update
(OMU), which blocks this shortcut by preventing
gradient backpropagation through the answer span
z. As a result, gradient updates are applied only
to the reasoning chain y and the format tokens, en-
couraging the policy to increase the likelihood of
correct answers through better reasoning2.

Formally, given an input problem x, the policy
πθ samples a group of G trajectories {τi}Gi=1 from
the old policy πθold . Each trajectory τi = (yi, zi)
consists of a reasoning chain yi and a final answer
span zi. We define a binary mask mi with mi,t = 0
on answer-span tokens zi and mi,t = 1 otherwise.
Intuitively, although rewards are computed from
answer-level statistics, masking prevents direct op-
timization of answer tokens and forces learning to
improve the reasoning trajectory instead.

3.3 Contrast-Augmented Reward

While increasing the number of sampled trajec-
tories G improves the reliability of voting-based
rewards, it incurs prohibitive training cost for long
CoT reasoning (Wang et al., 2023). We therefore
propose Contrast-Augmented Reward (CAR), an
efficient alternative that strengthens the relative sig-
nal of soft rewards through pairwise comparison
without additional rollouts.

Augmented Answer Pool. We first construct an
augmented answer pool Zaug via pairwise compari-
son. For each pair of trajectories (τi, τj) within the
group, we construct a contrastive prompt (Figure 8)
that presents the two candidate reasoning traces and
asks the model to produce a final answer for the
original question. Crucially, the model generates
only a short answer ẑij , rather than re-generating
a full reasoning trajectory, resulting in negligible
additional cost. By enumerating all pairwise com-
binations with i ̸= j, this procedure expands the

1Theoretical proof provided in Appendix D.1.
2See theoretical proof in Appendix D.2.

augmented answer pool from G to O(G2) while
reusing existing trajectories. Formally, the aug-
mented answer pool is defined as:

Zaug = {zi}Gi=1 ∪ {ẑij}i̸=j (3)

Soft Reward Estimation. We then use the aug-
mented answer pool Zaug to estimate the soft re-
ward of each original trajectory τi. Specifically, the
soft reward rqi is defined as the probability mass as-
signed to its answer zi within the augmented pool:

rqi = Pr
(
z = zi | z ∈ Zaug

)
. (4)

Importantly, the pairwise-generated answers ẑij
serve only as validators for reward estimation and
are not treated as additional training trajectories in
policy-gradient updates.

This contrastive mechanism yields two key bene-
fits. First, answers arising from fragile reasoning or
lucky guessing are unlikely to be consistently repro-
duced across pairwise comparisons, causing their
proportion in Zaug to be diluted. Second, through
pairwise comparison, robust reasoning traces are
repeatedly favored over weaker alternatives and as-
signed higher rewards, which in turn reinforce the
learning of better reasoning trajectories.

4 Experiments

4.1 Setting

Datasets and Evaluation Metrics. We train
on 7,500 problems from the MATH training
split (Hendrycks et al., 2021) and validate on
the MATH validation set (MATH5000). We
evaluate on a diverse suite of benchmarks span-
ning mathematical reasoning, code generation,
and general capabilities, including AIME, MATH,
GSM8K, AMC, LiveCodeBench, CRUX, IFEval,
and MMLU-Pro. Evaluation protocols and metric
definitions are provided in Appendix A.

Backbone Models. Our experiments are con-
ducted on a set of open-source backbone lan-
guage models, including Qwen2.5-7B (Yang et al.,
2025b), Qwen3-1.7B-Base (Yang et al., 2025a),
and Llama-3.2-3B-Instruct (Grattafiori et al., 2024).
These backbones cover multiple architectures and
model scales, enabling us to evaluate the robustness
of our method across different backbones. Imple-
mentation details are provided in Appendix B.
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Methods Mathematics Code Instruction Multi-Task Average
AIME24 AIME25 MATH-500 GSM8K AMC LiveCode CRUX IFEval MMLU-Pro

Qwen3-1.7B-Base

Before RL 3.12±1.8 1.25±1.1 46.9±2.9 64.20±1.8 20.78±2.5 4.59±0.7 7.52±1.1 33.66±1.5 33.60±0.7 23.96
GT-Reward 6.88±2.1 5.21±2.0 68.3±2.3 82.01±1.1 30.87±3.3 14.84±0.5 33.73±0.6 38.70±1.7 39.43±0.7 35.55

Self-Certainty 3.54±1.6 3.12±1.8 57.0±2.7 73.71±1.4 27.41±2.3 10.37±0.9 18.73±1.3 38.58±1.7 35.28±0.7 29.75
Entropy 6.67±1.6 4.17±1.5 65.0±1.7 79.45±1.6 31.17±3.0 12.64±1.0 30.38±0.5 35.00±1.6 37.01±0.7 33.50
Majority-Voting 2.08±1.3 2.08±1.3 59.6±0.9 81.08±0.8 29.82±1.7 14.29±0.5 32.00±2.3 37.16±1.6 35.68±0.7 32.64
CoReward 6.88±1.5 3.12±1.5 65.4±1.2 81.07±0.8 33.13±3.0 14.27±0.5 34.10±1.1 37.28±1.6 37.39±0.7 34.74
OM-GRPO 5.62±1.8 2.50±1.4 67.3±0.8 82.09±0.6 34.49±3.8 14.60±0.8 34.50±1.4 39.53±1.7 36.08±0.7 35.19

Llama-3.2-3B-Instruct

Before RL 6.88±2.1 0.42±0.6 44.4±2.1 68.78±1.2 17.47±3.3 3.00±0.4 24.70±1.2 54.41±1.8 32.01±0.7 28.01
GT-Reward 10.62±2.1 0.21±0.4 47.5±1.4 78.60±0.8 22.89±1.9 7.05±0.6 32.48±0.8 50.16±1.8 34.26±0.7 31.53

Self-Certainty 2.71±1.3 0.62±0.7 42.4±0.9 73.52±1.2 17.62±1.8 5.57±0.9 24.55±1.2 54.11±1.8 34.42±0.7 28.39
Entropy 3.54±1.5 0.21±0.4 40.5±2.9 68.57±1.7 17.17±2.6 5.38±0.8 26.30±1.7 54.24±1.8 33.54±0.7 27.72
Majority-Voting 9.79±2.2 0.83±0.8 46.4±2.9 79.68±0.4 18.83±2.8 5.54±0.4 30.95±1.3 49.32±1.7 34.32±0.7 30.63
CoReward 7.71±1.4 0.00±0.0 47.2±1.9 80.00±1.7 19.58±3.6 5.57±0.4 30.87±1.2 50.46±1.8 32.95±0.7 30.48
OM-GRPO 8.96±1.7 0.21±0.4 50.0±1.8 78.58±1.0 23.34±2.1 4.47±0.5 32.30±1.1 49.01±1.8 33.99±0.7 31.21

Qwen2.5-7B

Before RL 4.38±1.4 1.67±1.4 49.2±2.6 71.00±1.9 22.44±3.7 4.57±0.5 27.38±2.3 40.61±1.7 44.03±0.7 29.48
GT-Reward 18.33±2.3 11.25±1.7 75.1±1.4 90.83±0.5 46.54±2.5 12.78±1.6 53.67±1.0 41.50±1.7 45.09±0.7 43.90

Self-Certainty 9.79±2.4 8.96±1.8 72.5±2.8 88.21±0.5 40.51±2.1 11.87±0.9 53.18±1.4 39.66±1.6 43.89±0.8 40.95
Entropy 11.04±2.3 8.33±2.2 73.2±1.7 87.85±0.6 40.51±3.1 15.68±0.9 51.08±1.3 40.25±1.7 42.61±0.7 41.17
Majority-Voting 11.25±2.1 4.17±1.2 71.0±0.7 90.52±0.7 38.70±1.3 18.37±0.9 52.20±1.1 42.72±1.7 43.83±0.7 41.42
CoReward 11.25±1.8 3.96±1.9 73.8±1.1 90.16±0.9 40.81±1.8 10.37±0.5 55.08±2.4 43.75±1.7 42.08±0.7 41.25
OM-GRPO 14.17±2.3 8.54±1.9 75.0±1.9 90.54±0.7 46.23±1.9 14.90±0.8 54.65±1.8 42.06±1.7 43.17±0.8 43.25

Table 1: RL results (%) across diverse benchmarks; darker colors denote better results within each model group.

Baselines. We compare OM-GRPO against both
supervised and label-free RLVR baselines. The
supervised oracle uses ground-truth rewards (GT-
Reward). Label-free baselines construct self-
rewards from model outputs, including Majority
Voting (MV) (Shafayat et al., 2025), confidence-
based rewards (Self-Certainty) (Zhao et al.,
2025b), entropy minimization (Entropy) (Prab-
hudesai et al., 2025), and a stronger variant CoRe-
ward (Zhang et al., 2025) that aggregates consen-
sus across paraphrased input variants. For base-
lines that collapse late, we report the best validation
checkpoint; see Appendix C for details.

4.2 Main Results

Overall Performance. We report the main re-
sults in Table 1 under the avg@k setting3 across
three backbones and a diverse suite of reasoning
benchmarks. Overall, OM-GRPO achieves the best
average performance among all label-free meth-
ods across the three backbones, while remaining
competitive with GT-Reward, indicating that OM-
GRPO provides a stronger learning signal than
answer-centric self-rewarding alone.

3Results are reported as mean ± 95% confidence intervals.

Robustness in Mathematical Reasoning. As
shown in Table 1, OM-GRPO achieves consis-
tent improvements on both the in-distribution
MATH500 benchmark and the out-of-distribution
GSM8K and AMC datasets, with particularly pro-
nounced gains on the more challenging AMC
benchmark. This joint improvement suggests that
the method is not merely relying on math-specific
solution templates, which typically transfer poorly
across differing math problem styles. Instead, the
results align with the core design of OM-GRPO,
which explicitly restricts optimization to the reason-
ing portion of each trajectory. By masking the an-
swer span from gradient updates, the policy cannot
increase reward by directly manipulating answer
tokens, and is therefore pushed to refine the inter-
mediate reasoning that supports the final answer.
Appendices E.1 and E.2 report low-contamination
and Pass@k results, respectively.

Generalization Beyond Math. OM-GRPO also
transfers well beyond mathematics. Across non-
math benchmarks, it remains among the top-
performing label-free methods on all three back-
bones and in several cases matches or exceeds
GT-Reward. For example, under the Qwen2.5-7B
backbone, OM-GRPO achieves a higher average
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Methods
AIME24 AIME25 MATH500 GSM8K AMC

Avg.
Avg@16 Pass@16 Avg@16 Pass@16 Avg@4 Pass@4 Avg@4 Pass@4 Avg@8 Pass@8

Qwen3-1.7B-Base

Before TTRL 3.12±1.8 16.67 1.25±1.1 13.33 46.9±2.9 72.0 64.20±1.8 89.31 20.78±2.5 56.63 38.42
Majority-Voting 2.29±1.2 13.33 2.71±1.5 10.00 67.1±1.3 72.0 89.16±0.2 91.89 28.61±1.7 49.40 42.65
OM-GRPO 9.58±1.6 20.00 4.58±1.4 13.33 69.1±1.9 78.2 87.81±0.7 92.12 36.30±2.0 57.83 46.89

Llama-3.2-3B-Instruct

Before TTRL 6.88±2.1 23.33 0.42±0.6 6.67 44.4±2.1 65.0 68.78±1.2 86.88 17.47±3.3 49.40 36.92
Majority-Voting 6.67±0.0 6.67 0.00±0.0 0.00 52.5±0.5 57.8 85.80±1.1 89.01 21.08±1.9 31.33 35.09
OM-GRPO 8.75±1.9 23.33 0.83±0.8 3.33 52.5±1.5 61.2 87.26±0.3 91.05 21.54±1.1 40.96 39.08

Qwen2.5-7B

Before TTRL 4.38±1.4 30.00 1.67±1.4 20.00 49.2±2.6 76.2 71.00±1.9 93.78 22.44±3.7 63.86 43.25
Majority-Voting 15.62±1.2 20.00 6.25±1.1 10.00 78.4±1.4 81.2 93.69±0.4 94.31 40.66±2.7 55.42 49.55
OM-GRPO 12.71±1.3 20.00 7.50±1.6 20.00 78.3±1.3 83.4 93.54±0.3 94.62 42.02±2.7 57.83 50.99

Table 2: Test-Time Training results (%) on math reasoning benchmarks.

Methods Mathematics Code Instruction Multi-Task Average
AIME24 AIME25 MATH-500 GSM8K AMC LiveCode CRUX IFEval MMLU-Pro

Qwen3-1.7B-Base

GT-Reward 6.88±2.1 5.21±2.0 68.3±2.3 82.01±1.1 30.87±3.3 14.84±0.5 33.73±0.6 38.70±1.7 39.43±0.7 35.55

OM-GRPO 5.62±1.8 2.50±1.4 67.3±0.8 82.09±0.6 34.49±3.8 14.60±0.8 34.50±1.4 39.53±1.7 36.08±0.7 35.19
w/o Soft Reward 4.58±1.8 2.92±1.4 67.5±2.7 83.28±0.6 32.83±2.3 14.65±0.9 33.62±1.3 33.82±1.6 38.60±0.7 34.64
w/o CAR 7.08±1.9 1.88±1.4 65.0±1.8 80.88±0.9 31.02±1.7 14.09±0.6 35.00±0.8 36.65±1.6 37.44±0.7 34.34
w/o OMU 6.67±1.9 4.17±1.9 64.2±1.1 81.60±0.9 34.34±3.4 14.14±0.6 33.88±2.0 33.99±1.5 34.78±0.7 34.20
w/o CAR and OMU 2.08±1.3 2.08±1.3 59.6±0.9 81.08±0.8 29.82±1.7 14.29±0.5 32.00±2.3 37.16±1.6 35.68±0.7 32.64

Llama-3.2-3B-Instruct

GT-Reward 10.62±2.1 0.21±0.4 47.5±1.4 78.60±0.8 22.89±1.9 7.05±0.6 32.48±0.8 50.16±1.8 34.26±0.7 31.53

OM-GRPO 8.96±1.7 0.21±0.4 50.0±1.8 78.58±1.0 23.34±2.1 4.47±0.5 32.30±1.1 49.01±1.8 33.99±0.7 31.21
w/o Soft Reward 8.75±1.6 0.21±0.4 49.6±0.9 78.87±0.6 21.84±3.1 4.78±0.6 29.90±1.4 50.28±1.7 35.10±0.7 31.04
w/o CAR 11.46±1.3 0.21±0.4 48.2±1.6 78.64±1.9 19.73±2.7 4.80±0.6 28.82±1.9 51.90±1.8 34.05±0.7 30.87
w/o OMU 8.12±1.1 1.67±1.1 45.1±1.6 78.83±1.6 20.93±2.1 7.91±0.9 30.32±0.8 49.63±1.7 33.62±0.7 30.68
w/o CAR and OMU 9.79±2.2 0.83±0.8 46.4±2.9 79.68±0.4 18.83±2.8 5.54±0.4 30.95±1.3 49.32±1.7 34.32±0.7 30.63

Qwen2.5-7B

GT-Reward 18.33±2.3 11.25±1.7 75.1±1.4 90.83±0.5 46.54±2.5 12.78±1.6 53.67±1.0 41.50±1.7 45.09±0.8 43.90

OM-GRPO 14.17±2.3 8.54±1.9 75.0±1.9 90.54±0.7 46.23±1.9 14.90±0.8 54.65±1.8 42.06±1.7 43.17±0.8 43.25
w/o Soft Reward 12.92±1.8 3.96±1.7 75.7±2.6 89.18±0.2 44.88±2.3 15.51±1.6 55.38±0.7 41.85±1.7 45.91±0.7 42.81
w/o CAR 13.96±1.9 8.33±1.7 76.4±2.9 89.31±0.6 43.37±1.7 15.18±1.2 54.45±1.1 39.44±1.7 41.18±0.7 42.40
w/o OMU 10.62±1.7 5.42±2.3 73.8±2.2 90.52±1.8 43.22±2.7 15.87±0.4 52.00±1.7 43.53±1.7 44.34±0.7 42.15
w/o CAR and OMU 11.25±2.1 4.17±1.2 71.0±0.7 90.52±0.7 38.70±1.3 18.37±0.9 52.20±1.1 42.72±1.7 43.83±0.7 41.42

Table 3: Ablation results for the proposed OM-GRPO on reasoning benchmarks.

score than GT-Reward on non-math tasks (38.70
vs. 38.26). We also observe particularly stable
gains on code-related benchmarks: on both Qwen3-
1.7B-Base and Llama-3.2-3B, OM-GRPO attains
stronger CRUX performance than other label-free
baselines. Overall, these results show that OM-
GRPO generalizes well across diverse reasoning
domains without access to ground-truth rewards.

4.3 Test-Time Training Performance

We evaluate OM-GRPO in a Test-Time Training
(TTRL) setting using both Avg@k and Pass@k
metrics. As shown in Table 2, OM-GRPO con-
sistently outperforms the MV baseline on both

metrics across backbones. Notably, on Llama-3.2-
3B-Instruct, MV leads to a decrease in Avg@k
(from 36.92 to 35.09), indicating that the policy
converges toward incorrect consensus. In contrast,
OM-GRPO prevents this collapse, achieving robust
gains in both average response quality and success
rates (avg score improves to 39.08). These results
suggest that masking answer tokens provides a sta-
ble learning signal for online adaptation, effectively
avoiding the risks of reward hacking.

4.4 Ablation Study

Component Ablations. Table 3 presents abla-
tion studies on the key components of OM-GRPO.
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Figure 3: Training dynamics on the MATH5000 validation set, with the KL loss scaled by the KL coefficient.
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Figure 4: MATH5000 validation accuracy under answer-
token update variants.

Across all backbones, the full OM-GRPO config-
uration consistently achieves the best average per-
formance. Removing OMU leads to the most sig-
nificant degradation across models, with average
drops of 0.99 on Qwen3-1.7B-Base and 1.10 on
Qwen2.5-7B, and reintroduces training collapse
(see Figure 3). Furthermore, comparing w/o CAR
against the vanilla MV baseline shows that OMU
alone provides substantial gains (e.g., +1.70 on
Qwen3-1.7B-Base). This indicates that excluding
the answer span from gradient updates is critical
for preventing the policy from exploiting answer-
token shortcuts rather than learning the reasoning
process. Similarly, replacing the soft proportional
reward with a hard majority signal reduces per-
formance, suggesting that soft rewards provide a
smoother and more informative optimization signal.
Overall, these results show that OM-GRPO’s gains
arise from the synergy between outcome masking
and robust reward calibration, enabling stable and
effective learning without ground-truth labels.

Soft Answer-Token Downweighting. We fur-
ther examine whether full answer-span masking
can be replaced by softer answer-token gradi-
ent weighting. Figure 4 compares OM-GRPO
(w=0.0) with variants where answer tokens re-
ceive 0.25, 0.50, or 0.75 of the outcome-reward

gradient, as well as a format-only variant in which
answer tokens receive only the format reward.
Small outcome-reward weights can remain stable:
w=0.25 closely tracks OM-GRPO, and the format-
only variant achieves comparable stability. How-
ever, increasing this weight makes training unstable
again: w=0.50 gradually degrades and w=0.75
rapidly collapses. Thus, the risk lies in directly
applying answer-level pseudo rewards to answer
tokens; full masking provides a conservative way
to block this feedback loop.

4.5 Why OMU Prevents Collapse
Training Stability and Collapse Prevention.
Figure 1 shows that OM-GRPO remains stable
throughout training, avoiding the collapse behav-
iors observed in prior label-free baselines. To fur-
ther stress-test this stability, we extend training
to 10 epochs in Figure 3. Under prolonged op-
timization, different baselines exhibit distinct de-
generation patterns: Self-Certainty collapses into
over-confident repetition, as evidenced by spiked
KL divergence and vanishing entropy; CoReward
drifts toward high-entropy uncertainty; and MV
undergoes consensus collapse, degenerating into
trivial, high-agreement responses with near-zero
accuracy and low KL divergence. In contrast, OM-
GRPO exhibits remarkable stability, maintaining
a performance trajectory close to the ground-truth
oracle. Importantly, removing the outcome mask
(w/o OMU) immediately reproduces the consen-
sus collapse observed under MV, confirming that
masking answer tokens from gradient updates is
essential for preventing shortcut exploitation.

Further Analysis of Training Collapse. To fur-
ther characterize this failure mode, we provide
four analyses in the appendix: (1) answer-diversity
dynamics to quantify mode concentration (Ap-
pendix E.3); (2) rollout-level statistics to distin-
guish policy-induced pseudo-label bias from in-
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Figure 5: Impact of CAR on MATH5000 validation accuracy over training steps.

dependent noise (Appendix E.4); (3) PRM-based
baselines to test whether an auxiliary process re-
ward model prevents collapse (Appendix E.5); and
(4) Qwen3-14B experiments to assess whether
stronger initialization eliminates or merely delays
MV degeneration (Appendix E.8).
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Figure 6: KL divergence of answer tokens and reasoning
tokens during training for different methods.

Answer Tokens Dominate Collapse. To under-
stand why masking only the answer span is suffi-
cient, we analyze the training dynamics of answer
and reasoning tokens separately in Figure 6. Un-
der the MV baseline, the KL divergence on answer
tokens rises sharply during training, while the KL
divergence on reasoning tokens grows much more
slowly. This asymmetry shows that the collapse is
concentrated on the answer span rather than arising
from uniform overfitting of the full trajectory. The
reason is that, in voting-based label-free RLVR,
rewards are assigned at the answer level, making
answer tokens the most direct shortcut for increas-
ing reward. Although they occupy only a small
fraction of the output sequence, they dominate the
collapse dynamics. OM-GRPO blocks this short-
cut by masking gradients on the answer span. As
shown in Figure 6, answer-token KL then remains
low and stable, while reasoning-token KL is also
well controlled. As a further check, the within-
group reasoning-process consistency remains zero
throughout training, indicating that collapse is not
shifted from the answer span to the reasoning pro-

cess. Together, these results show that masking the
answer span is sufficient to prevent collapse and
preserve meaningful reasoning updates.

4.6 How CAR Improves Reward Estimation
More Reliable Voting-Based Rewards. We next
evaluate whether CAR improves the reliability of
voting-based reward estimation. To this end, we
track the accuracy of the top-voted answer during
training, measuring how often the consensus se-
lected by voting matches the ground-truth answer.
As shown in Figure 5, incorporating CAR consis-
tently improves the accuracy of the voting-selected
consensus answer across all three backbones. The
gains are most pronounced in the early and mid-
dle stages of training, where vote-based rewards
are particularly susceptible to noise under limited
rollouts. This indicates that pairwise augmenta-
tion effectively strengthens the empirical consensus
signal: by introducing solution-level comparisons
through low-cost pairwise completions, CAR ex-
pands the answer pool, mitigates spurious majori-
ties, and increases the probability that the top-voted
answer matches the ground-truth answer.

Method MATH Others Overall Time/step (s) Total Time

OM-GRPO (n=8) 38.4±1.68 31.18±1.15 35.19 74.74 6:13:41
w/o CAR (n=8) 37.2±1.54 30.80±0.93 34.34 54.43 4:32:10
w/o CAR (n=16) 37.9±1.91 30.64±1.14 34.66 76.88 6:24:23
w/o CAR (n=64) 38.2±1.52 29.65±1.33 34.42 272.23 22:41:10

Table 4: CAR vs. direct sampling across rollout budgets.

CAR vs. Scaling Rollouts. We compare CAR
with directly increasing the rollout budget in Ta-
ble 4. OM-GRPO with CAR (n=8) achieves the
best overall average performance at a cost com-
parable to the compute-matched n=16 baseline:
74.74s vs. 76.88s per step and 6:13:41 vs. 6:24:23
over 300 steps. At n=64, which matches CAR’s
effective answer-pool size, direct sampling costs
272.23s per step and 22:41:10 overall, making
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Figure 7: Mechanistic analysis of CAR. CAR improves reward estimation by amplifying reliable pairwise signals
from correct reasoning trajectories while introducing no systematic bias when no correct answer exists.

CAR 3.64× faster; despite this higher cost, di-
rect sampling degrades average performance. Un-
like independent rollouts that can amplify spurious
consensus through raw frequency, CAR introduces
pairwise interactions to estimate relative trajectory
quality, yielding a more accurate and efficient use
of the sampling budget.

4.7 Mechanistic Analysis of CAR

To understand how CAR improves soft reward esti-
mation, we analyze four aspects of its behavior.

Position bias. We first examine whether CAR
relies on superficial presentation order in pairwise
prompts. Figure 7(a) shows that the model initially
exhibits a strong preference for the second candi-
date. As OM-GRPO training progresses, this bias
gradually diminishes and the selection probabili-
ties of the two candidates move toward a balanced
regime. Because the pairwise data are constructed
symmetrically, this trend suggests that the learned
comparison signal becomes increasingly insensi-
tive to candidate order.

Correct answer selection. Figure 7(b) plots the
probability that CAR selects the correct answer
when a correct answer is present in the candidate
set. The probability quickly rises during early train-
ing and stabilizes around 90%. This indicates that
CAR reliably identifies correct answers when they
appear. This behavior aligns with the role of CAR
in our framework: it refines soft reward estima-
tion by injecting inexpensive pairwise comparison
signals into the augmented answer pool.

Trajectory entropy. We further analyze the en-
tropy of pairwise outputs associated with each an-
chor trajectory, i.e., the uncertainty of answers pro-
duced when a trajectory is compared against oth-
ers in the same group. Figure 7(c) shows a clear

separation between outcome-correct and outcome-
incorrect trajectories. Correct trajectories produce
a highly concentrated distribution with near-zero
entropy, indicating that pairwise comparisons con-
sistently reproduce the same answer. In contrast, in-
correct trajectories exhibit substantially higher and
more dispersed entropy. This entropy gap suggests
that correct reasoning induces stable comparative
signals, whereas incorrect reasoning produces in-
consistent outcomes, allowing CAR to downweight
spurious trajectories during reward estimation.

Incorrect-pair preference. Finally, we examine
pairs in which both candidate answers are incorrect
and different. Figure 7(d) shows that when no
correct answer is present, the selection probabilities
of the two candidates are close to 0.5, suggesting
that CAR does not introduce systematic biases.

Overall, these results suggest that CAR improves
reward estimation primarily through informative
pairwise comparisons, rather than by relying on
heuristic shortcuts such as favoring familiar but
incorrect reasoning patterns.

5 Conclusion

In this work, we presented OM-GRPO, a label-free
RLVR framework that mitigates the collapse of
voting-based training by decoupling reward estima-
tion from policy optimization. By shifting learning
away from answer tokens and toward reasoning
trajectories, OM-GRPO improves both robustness
and performance. We further introduce CAR, a
low-cost strategy that strengthens soft reward relia-
bility through pairwise contrasts without additional
rollouts. Across diverse reasoning benchmarks and
three LLM backbones, OM-GRPO consistently out-
performs prior label-free methods and achieves per-
formance comparable to supervised GT-Reward
training with stable, non-collapsing dynamics.
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Limitations

While OM-GRPO is effective on the reason-
ing tasks studied in this work, several limita-
tions remain. First, OM-GRPO requires a clear
boundary between the reasoning trajectory and
the final answer span, such as \boxed{} or
<answer>...</answer>, together with reliable an-
swer extraction, normalization, or verification. It
is therefore most directly applicable to structured
label-free RLVR; extending it to fully free-form
generation, where outcomes cannot be cleanly iso-
lated, remains an open problem. Second, our main
evaluations cover open models up to 14B; broader
validation at larger scales remains limited. Third,
although CAR is more efficient than increasing
rollout counts, it still introduces additional infer-
ence overhead, leaving room for further optimiza-
tion. Finally, OM-GRPO reduces shortcut opti-
mization on answer tokens, but it still relies on
outcome-based reward signals rather than explicit
supervision of reasoning quality. Incorporating
richer process-level signals without reintroducing
heavy annotation remains an interesting direction
for future work.
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A Benchmark and Metric Details

This section summarizes the evaluation protocol
for each benchmark in the main text.

• AIME24/25 (Hugging Face H4, 2024; Open-
Compass, 2025). We report avg@16 accuracy,
obtained by sampling 16 independent solu-
tions per problem and averaging correctness.
Evaluation is performed with lighteval.4

• MATH500 and GSM8K (Lightman et al.,
2023; Cobbe et al., 2021). We report avg@4
accuracy for both benchmarks, computed by
averaging correctness over 4 independently
sampled solutions. Evaluation is performed
with lighteval.5

• AMC (math-ai Team, 2024). We report
avg@8 accuracy, i.e., averaged correctness
over 8 sampled solutions per problem. We use
the ttrl evaluation implementation.6

• LiveCodeBench (Jain et al., 2024). We report
avg@5 accuracy, computed over 5 sampled
solutions per instance, using the official Live-
CodeBench evaluation library.7

• CRUX (Gu et al., 2024). We report avg@5
accuracy with evaluation conducted via the
ZeroEval framework.8

4https://github.com/huggingface/lighteval
5https://github.com/huggingface/lighteval
6https://github.com/ruixin31/Spurious_Rewards/

tree/main/code/ttrl
7https://github.com/LiveCodeBench/

LiveCodeBench
8https://github.com/WildEval/ZeroEval
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Prompt

<|im_start|>system
Let’s think step by step and output the final
answer within \boxed{}.

<|im_start|>user
{Question}<|im_end|>

<|im_start|>assistant
Here are two possible solutions:

[Solution 1]
{Solution_1}

[Solution 2]
{Solution_2}

Based on the reasoning in the solutions above,
the correct final answer is \boxed{

Figure 8: Prompt template for CAR.

• IFEval and MMLU-Pro (Zhou et al., 2023;
Wang et al., 2024). We report pass@1 accu-
racy for both benchmarks. Evaluation is run
with lm-evaluation-harness.9

B Implementation Details.

For each GRPO (Shao et al., 2024) update, we sam-
ple a batch of 128 questions and generate G=8
rollouts per question. We set the maximum prompt
length to 512 and maximum response length to
3,072. Training is run for 6 epochs. We use the
AdamW optimizer with a learning rate of 3×10−6,
β1 = 0.9, β2 = 0.999, and ϵ = 10−8, together
with a cosine learning-rate schedule and a warmup
ratio of 0.1. We apply KL regularization with co-
efficient β = 0.005 and adopt a clipping ratio of
ϵ = 0.2. For generation, we sample with tem-
perature 1.0 during training; at evaluation we use
temperature 0.8 and top-p=0.95. For the test-time
training experiments, we follow the same hyperpa-
rameters and generation settings as above, except
that training is run for 30 epochs. To ensure fair
and reproducible comparisons, we keep prompting
consistent across methods by using the officially
released chat-style templates for each model. All
methods are implemented in verl (Sheng et al.,
2025) and trained on 8× NVIDIA A100 GPUs.

9https://github.com/EleutherAI/
lm-evaluation-harness

C Baseline Details

We provide detailed descriptions of all compared
baselines.

• Ground Truth (GT-Reward). This is a
supervised oracle baseline that uses human-
annotated answers as rewards. For each roll-
out, we extract its final answer span via ans(·).
The reward is binary: a rollout receives 1 if
ans(yi) exactly matches the ground-truth an-
swer and 0 otherwise.

• Majority Voting (MV). This baseline uses
self-consistency as a proxy for correct-
ness (Shafayat et al., 2025). For each prob-
lem, we sample G rollouts and extract answers
{ans(y1), . . . , ans(yG)}. Let zmaj denote the
most frequent answer in the group. Each roll-
out yi receives reward 1 if ans(yi) = zmaj
and 0 otherwise. This reward reinforces agree-
ment within the group, regardless of whether
the agreed answer is correct.

• Self-Certainty. This baseline uses the
model’s own confidence as a reward signal
at the sampled trajectory (Zhao et al., 2025b).
Concretely, it assigns higher reward to roll-
outs that the policy itself assigns higher likeli-
hood over the entire generated sequence. Self-
Certainty therefore encourages the policy to
reinforce trajectories it considers more proba-
ble, without requiring any external labels.

• Entropy Minimization. This baseline en-
courages low-entropy predictions on the final
answer span (Prabhudesai et al., 2025). The
reward is defined as the negative (or inverse)
of the policy’s token-level entropy over the
extracted answer span, so that rollouts with
more deterministic answer-token distributions
receive higher reward.

• CoReward. CoReward encourages agree-
ment under semantically equivalent input per-
turbations (Zhang et al., 2025). For each
training question, the method constructs para-
phrased variants that preserve semantics. It
then samples multiple rollouts for both x and
x̃, aggregates their extracted answers via ma-
jority voting to obtain pseudo-consensus la-
bels, and uses these labels in a cross-over man-
ner as rewards when optimizing the policy on
both the original and paraphrased inputs.
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D Theoretical Analysis

We present a theoretical analysis of label-free
GRPO under majority-voting rewards. We first
show that majority voting induces an inherent
global mode collapse through answer-level positive
feedback. We then demonstrate that this failure
mode can be provably eliminated by applying the
proposed Outcome-Masked Update (OMU), which
blocks gradient propagation on the answer span
and redirects credit assignment to the reasoning
process. Importantly, the two analyses are con-
ducted under the same majority-voting reward; the
only difference lies in whether OMU is applied.

D.1 Global Mode Collapse in Label-Free
GRPO with Majority Voting

We begin by analyzing the optimization dynamics
of label-free GRPO when majority voting (MV) is
used as the sole correctness signal. Under this set-
ting, we show that answer-level positive feedback,
combined with parameter sharing, inevitably drives
the system toward a globally shared collapsed an-
swer, independent of the input. This analysis char-
acterizes the failure mode of vanilla MV-based
training and serves as a reference point for the
OMU introduced in the following subsection.

D.1.1 Problem Formulation
Let X denote the input space and V the vocabulary.
For each input x ∈ X , the policy πθ generates a
trajectory

τ = (y, z),

where y ∈ VT is a chain-of-thought reasoning
sequence and z ∈ V∗ denotes the final extracted
answer span. We focus on the induced distribution
over answer outcomes πθ(z | x).

Answer Logits. Although the answer z may con-
sist of multiple tokens, majority voting operates on
the discrete extracted answer string. Accordingly,
we model the answer distribution as categorical
over possible outcomes. At the answer position,
logits are parameterized as

ℓk(x) = w⊤
k h(x) + bk, k ∈ V, (5)

where h(x) is the hidden state at the answer posi-
tion, and (wk, bk) are globally shared parameters.
The answer distribution is given by the softmax

πθ(k | x) = exp(ℓk(x))∑
j∈V exp(ℓj(x))

. (6)

Group Sampling and Majority Reward. For
each input x, GRPO samples a group of G trajecto-
ries

{τi}Gi=1 ∼ πθ(· | x), τi = (yi, zi),

and extracts the corresponding answer spans
{zi}Gi=1. Let

m = Mode({zi}Gi=1), (7)

with odd G or a fixed tie-breaking rule. The label-
free majority-voting reward is

ri = I{zi = m}. (8)

Define the group mean and standard deviation

µ =
1

G

G∑

i=1

ri, σ =

√√√√ 1

G

G∑

i=1

(ri − µ)2. (9)

The GRPO advantage is

Ai =
ri − µ

σ + ε
, (10)

where ε > 0 stabilizes the computation. By con-
struction,

∑G
i=1Ai = 0.

Objective. The GRPO loss is

L(θ) = −E

[
1

G

G∑

i=1

Ai log πθ(zi | x)
]
+βRKL(θ).

(11)

D.1.2 Positive Update for the Group Mode
Lemma 1. Fix an input x and a sampled group
{zi}Gi=1 with advantages {Ai}. Let k∗ = m be
the group mode. Ignoring the KL term (or when
the policy-gradient term dominates), the policy-
gradient update satisfies ∆bk∗ > 0.

Proof. The policy-gradient term for this group is

LPG = − 1

G

G∑

i=1

Ai log πθ(zi | x). (12)

Using the softmax identity

∂

∂bk
log πθ(zi | x) = I{zi = k} − πθ(k | x),

(13)
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we obtain

∂LPG

∂bk
= − 1

G

G∑

i=1

Ai

(
I{zi = k} − πθ(k | x)

)

(14)

= − 1

G


 ∑

i:zi=k

Ai − πθ(k | x)
G∑

i=1

Ai


 .

(15)

Since
∑G

i=1Ai = 0, this simplifies to

∂LPG

∂bk
= − 1

G

∑

i:zi=k

Ai. (16)

For k = k∗, all terms correspond to winners, hence
Ai > 0 (when σ > 0), implying ∂LPG/∂bk∗ < 0
and therefore ∆bk∗ > 0 under gradient descent.

D.1.3 Global Positive Feedback via Parameter
Sharing

Lemma 2. If an outcome k∗ becomes the group
mode more frequently than others in a batch, result-
ing in a net increase ∆bk∗ > 0, then to first order
(holding other logits fixed), πθ(k∗ | x) increases
for all x, further increasing the probability that k∗

becomes the group mode in subsequent updates.

Proof. The bias bk∗ is shared across all inputs. An
increase ∆bk∗ adds a constant to the logit ℓk∗(x)
for every x. Holding other logits fixed, the soft-
max probability πθ(k

∗ | x) is strictly increasing
in ℓk∗(x). Since the probability of being the ma-
jority among G samples is a monotone function
of πθ(k

∗ | x), the frequency with which k∗ be-
comes the group mode increases, closing a positive
feedback loop.

D.1.4 Absorbing and Stable Collapsed State
Lemma 3. The fully collapsed answer policy
πθ(z | x) = δ(z − k∗) is an absorbing state and is
locally stable under GRPO dynamics.

Proof. If πθ(z | x) = δ(z − k∗), then every sam-
pled group consists entirely of k∗, so ri ≡ 1, µ = 1,
and σ = 0. In standard GRPO implementations,
this yields Ai = 0 for all i, hence ∇θLPG = 0
and the parameters stop updating, making the state
absorbing.

For local stability, consider a near-collapsed
regime where most groups still have mode k∗, but

rare samples produce k ̸= k∗. Such samples are
necessarily losers with Ai < 0. From Lemma 1,

∂LPG

∂bk
= − 1

G

∑

i:zi=k

Ai > 0, (17)

implying ∆bk < 0 for k ̸= k∗. Thus deviations are
suppressed, establishing local stability.

D.1.5 Answer-Only Collapse under Tokenwise
KL Regularization

Lemma 4. Under majority-voting rewards and the
tokenwise KL penalty used in GRPO, defined by

ϕ(r) = r−log r−1, ri,t =
πref(τi,t | x, τi,<t)

πθ(τi,t | x, τi,<t)
,

(18)
the optimization favors concentrating distribu-
tional shift on the final answer span rather than
across the entire reasoning sequence.

Proof. The surrogate satisfies ϕ(r) ≥ 0 for all
r > 0, with equality if and only if r = 1. The
corresponding tokenwise KL regularizer takes the
form

RKL(θ) = E




|τi|∑

t=1

ϕ(ri,t)


 , (19)

where τi = (yi, zi) and the sum ranges over all
tokens in the trajectory, including both the reason-
ing tokens in yi and the answer-span tokens in zi.
Any deviation from the reference policy at step t
incurs a nonnegative cost. Deviating across mul-
tiple reasoning steps accumulates penalties across
those steps. In contrast, deviating primarily on the
answer span accumulates the penalty only over the
answer-span positions. Since the majority-voting
reward depends only on answer agreement, col-
lapsing the answer distribution yields large reward
gains at relatively small KL cost, whereas collaps-
ing the entire reasoning sequence incurs a much
larger KL penalty.

D.1.6 Proof of Global Mode Collapse
Theorem 1. Under label-free Group Relative Pol-
icy Optimization (GRPO) with majority-voting re-
wards, the answer distribution admits a globally
shared collapsed mode as an attracting equilib-
rium. Specifically, under standard training condi-
tions (odd group size or fixed tie-breaking, nonzero
exploration, and a KL coefficient β that does not
dominate the policy-gradient signal), the optimiza-
tion dynamics exhibit: (i) global positive feedback
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favoring the current majority outcome due to pa-
rameter sharing, and (ii) an absorbing and locally
stable collapsed answer policy.

Proof. Lemma 1 shows that any outcome becom-
ing the group mode is reinforced independent of
correctness. Lemma 2 implies that parameter shar-
ing turns early random advantages into a global
positive-feedback loop. Lemma 4 explains why
optimization pressure concentrates collapse on the
answer span. Finally, Lemma 3 establishes that the
collapsed answer policy is absorbing and locally
stable. Together, these results show that global
mode collapse of the answer distribution emerges
as an attracting equilibrium under label-free GRPO
with majority voting.

D.2 Preventing Global Mode Collapse via
OMU

We now analyze the optimization dynamics under
the same MV reward, but with gradients on the
answer span masked (ours OMU). We show that
this modification prevents global mode collapse
while preserving meaningful learning signals for
the reasoning process.

D.2.1 Problem Setup
Given an input x ∈ X , the policy πθ generates a
trajectory

τ = (y, z),

where y = (τ1, . . . , τT ) is the reasoning sequence
and z = (τT+1, . . . , τT+L) is the final answer span,
with L ≥ 1. The evaluation unit for majority voting
is the entire answer span z.

Majority-Voting Reward. For each input x, we
sample a group of G trajectories {τi}Gi=1 with cor-
responding answer spans {zi}Gi=1. Let

m = Mode({zi}Gi=1)

denote the most frequent answer in the group. The
reward is defined as

ri = I{zi = m}.

We construct a centered GRPO advantage

Ai =
ri − µ

σ + ε
, µ =

1

G

G∑

i=1

ri,

which satisfies
∑G

i=1Ai = 0.

D.2.2 Answer-Span Gradient Masking
We introduce a binary mask over token positions
for trajectory τi:

mi,t =

{
1, 1 ≤ t ≤ Ti (reasoning tokens),
0, Ti < t ≤ |τi| (answer span).

The masked GRPO objective is defined as

Lmask(θ) =− Ex∼D,{τi}∼πθold


 1

G

G∑

i=1

|τi|∑

t=1

mi,tAi log πθ(τi,t | x, τi,<t)]

+ βEx∼D,{τi}∼πθold


 1

G

G∑

i=1

|τi|∑

t=1

mi,tϕ(ri,t)] .
(20)

where

ϕ(r) = r−log r−1, ri,t =
πref(τi,t | x, τi,<t)

πθ(τi,t | x, τi,<t)
.

Importantly, both the policy-gradient term and
the KL regularization term are masked on the an-
swer span via the token-level mask mi,t.

D.2.3 Elimination of Direct Answer-Level
Reinforcement

Lemma 5. Under the masked objective (20), for
any sample i and any position t such that mi,t = 0,

∂Lmask

∂ log πθ(τi,t | x, τi,<t)
= 0.

Proof. By construction, neither the policy-gradient
term nor the KL regularization term in (20) con-
tains any factor involving log πθ(τi,t | x, τi,<t) for
t > T . Therefore, the loss function is independent
of all answer-span token probabilities, and their
gradients vanish identically.

Implication. Lemma 5 shows that the majority-
voting advantage Ai cannot directly reinforce or
suppress any answer-span token. This removes the
low-cost winner-takes-all shortcut that previously
drove global mode collapse at the answer level.

D.2.4 Credit Assignment Redirection to
Reasoning

Lemma 6. Although the majority-voting reward
is defined over answer spans, all advantage-
weighted learning signals are backpropagated ex-
clusively through the reasoning tokens. Conse-
quently, any improvement in answer consistency
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must be achieved by modifying the reasoning pro-
cess.

Proof. From (20), the policy-gradient term be-
comes

∇θLmask =− Ex∼D,{τi}∼πθold

[
1

G

G∑

i=1

|τi|∑

t=1

mi,tAi∇θ log πθ(τi,t | x, τi,<t)

]

+∇θRKL(θ).
(21)

The advantage Ai, determined solely by whether
zi equals the group mode, weights the log-
probabilities of reasoning tokens only. Thus, win-
ning trajectories (Ai > 0) reinforce their en-
tire reasoning sequences, while losing trajectories
(Ai < 0) are suppressed at the reasoning level.

Dependency Clarification. While ∇θ log πθ(zi)
is masked, the answer distribution πθ(z | y) still
depends on θ through the final hidden state hT ,
where hT = Transformer(y; θ). Since y is opti-
mized via the masked policy gradient, the effective
optimization pathway becomes

θ → y → hT → z,

while the direct shortcut θ → z is eliminated.

D.2.5 KL Barrier Against Reasoning Collapse
Lemma 7. Under the masked objective (20), any
strategy that attempts to enforce answer consis-
tency by collapsing the reasoning process incurs
a KL cost that grows at least linearly with the rea-
soning length T .

Proof. The KL regularization term is a sum over
reasoning positions:

RKL(θ) = E

[
T∑

t=1

ϕ(ri,t)

]
,

where ϕ(r) ≥ 0 for all r > 0, with equality if and
only if r = 1. If a collapsed reasoning strategy
deviates from the reference policy on a set S ⊆
{1, . . . , T} such that ϕ(ri,t) ≥ c > 0 for all t ∈ S ,
then

T∑

t=1

ϕ(ri,t) ≥
∑

t∈S
ϕ(ri,t) ≥ |S| · c.

When reasoning collapse implies systematic devi-
ation on a constant fraction of positions, we have
|S| = Θ(T ), yielding a KL cost of Ω(T ).

D.2.6 Prevention of Global Mode Collapse
Theorem 2. Under label-free GRPO with majority-
voting rewards, masking both policy-gradient and
KL terms on the answer span prevents global mode
collapse and forces learning to proceed through
improvements in the reasoning process.

Proof. Lemma 5 eliminates direct answer-level re-
inforcement, removing the low-cost shortcut re-
sponsible for global mode collapse. Lemma 6
shows that all reward-induced learning signals are
redirected to the reasoning process. Lemma 7 es-
tablishes that enforcing answer consistency via rea-
soning collapse incurs a KL cost that scales linearly
with sequence length, rendering such strategies un-
favorable. Therefore, the only viable optimization
path is to improve reasoning behaviors that reliably
support correct answers.

E Additional Analysis

E.1 Low-Contamination Benchmark Results
To further examine whether OM-GRPO’s gains
depend on benchmark exposure in pretrain-
ing, we evaluate Qwen2.5-7B on three recently
released math benchmarks whose public re-
leases postdate Qwen2.5-7B: AIME26 (Math-
Arena, 2026a), HMMT25 (MathArena, 2025), and
HMMT26 (MathArena, 2026b). As shown in Ta-
ble 5, OM-GRPO achieves the highest average
Pass@16 among all compared methods and the
second-best average Avg@16, behind only the su-
pervised GT-Reward baseline.

E.2 Pass@k Results
Table 6 reports Pass@k performance across three
backbones. OM-GRPO consistently outperforms
other label-free baselines and remains competitive
with GT-Reward, indicating better correct-solution
coverage. This result is consistent with the trends
in Figure 9, which show that OM-GRPO also pre-
serves answer diversity throughout training.

E.3 Answer Diversity during Training
A complementary view of training stability is pro-
vided by answer diversity. Figure 9 shows that Ma-
jority Voting suffers from severe answer collapse:
the average number of unique answers steadily
drops and eventually approaches one, indicating
convergence to a single answer per problem. In
contrast, OM-GRPO (with or without CAR) main-
tains a substantially higher and more stable level
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Methods AIME26 HMMT25 HMMT26 Average

Avg@16 Pass@16 Avg@16 Pass@16 Avg@16 Pass@16 Avg@16 Pass@16

GT-Reward 6.46±1.37 23.33 1.67±0.92 10.00 4.36±1.02 12.12 4.16 15.15

Self-Certainty 3.12±1.21 16.67 0.00±0.00 10.00 2.46±1.21 12.12 1.86 12.93
Entropy 3.96±1.33 20.00 0.42±0.61 13.33 0.38±0.55 9.09 1.58 14.14
Majority Voting 3.54±1.52 10.00 0.00±0.00 3.33 3.03±0.00 6.06 2.19 6.46
CoReward 3.75±1.43 16.67 0.21±0.44 3.33 0.00±0.00 9.09 1.32 9.70
OM-GRPO 4.58±1.28 20.00 0.62±0.72 13.33 4.55±0.83 21.21 3.25 18.18

Table 5: Low-contamination benchmark results (%) on Qwen2.5-7B. AIME26, HMMT25, and HMMT26 are
recently released benchmarks whose public releases postdate Qwen2.5-7B.

Methods AIME24 AIME25 MATH500 GSM8K AMC AveragePass@16 Pass@16 Pass@4 Pass@4 Pass@8

Qwen3-1.7B-Base

Before RL 16.67 13.33 72.0 89.31 56.63 49.59
GT-Reward 26.67 16.67 82.0 92.42 59.04 55.36

Entropy Minimization 20.00 23.33 81.2 90.75 59.04 54.86
Self-Certainty 23.33 26.67 77.2 90.83 57.83 55.17
Majority Voting 23.33 16.67 77.2 92.34 53.01 52.51
CoReward 26.67 16.67 77.4 92.04 54.22 53.40
OM-GRPO 20.00 26.67 79.4 92.49 59.04 55.52

Llama-3.2-3B-Instruct

Before RL 23.33 6.67 65.0 86.88 49.40 46.26
GT-Reward 23.33 6.67 63.8 90.14 43.37 45.46

Entropy Minimization 16.67 3.33 58.8 84.46 50.60 42.77
Self-Certainty 13.33 10.00 58.0 84.69 44.58 42.12
Majority Voting 16.67 0.00 63.6 90.98 39.76 42.20
CoReward 23.33 0.00 60.4 90.45 43.37 43.51
OM-GRPO 23.33 3.33 67.2 89.61 48.19 46.33

Qwen2.5-7B

Before RL 30.00 20.00 76.2 93.78 63.86 56.77
GT-Reward 33.33 30.00 85.2 95.22 68.67 62.48

Entropy Minimization 30.00 36.67 85.2 93.78 67.47 62.62
Self-Certainty 23.33 30.00 84.6 93.86 69.88 60.33
Majority Voting 33.33 30.00 85.4 95.00 63.86 61.52
CoReward 30.00 26.67 83.8 95.60 63.86 59.99
OM-GRPO 33.33 30.00 85.2 95.45 66.27 62.05

Table 6: Pass@k Results (%) of RL performance comparison on math reasoning benchmarks.

of answer diversity throughout training, closely
tracking the GT-Reward baseline. This indicates
that OM-GRPO suppresses answer-level shortcuts
and preserves meaningful diversity under label-free
optimization.

E.4 Rollout-Level Pseudo-Label Bias Analysis

To distinguish random pseudo-label noise from
policy-induced bias, we analyze rollouts from
Qwen3-1.7B-Base throughout training. Figure 10
tracks top-answer share (the fraction of rollouts pro-
ducing the most frequent answer), accuracy, mean
training reward, and predicted-1 share. Majority
Voting progressively collapses to predicting 1: over

the last 50 steps, both shares approach 1.0, although
only 2.4% of ground-truth answers are 1. Mean-
while, its training reward rises from 1.354 to 1.996
as accuracy falls from 44.0% to 2.4%. This di-
vergence shows that the policy’s frequent answer
becomes the consensus pseudo-label and is then
self-reinforced. OM-GRPO avoids this feedback
loop by masking answer-span gradients, keeping
its answer distribution and accuracy close to those
of GT-Reward.

E.5 PRM-based Process Reward Baselines

We test whether process reward supervision
prevents collapse using ReasonFlux-PRM-1.5B,
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Figure 9: Average unique answers per sample over train-
ing steps on Qwen3-1.7B-Base.

Method Correctness Informativeness Answer Support

MV 77.78 68.89 50.00
OM-GRPO 89.29 80.95 80.00
∆ +11.51 +12.06 +30.00

Table 7: Reasoning-quality evaluation on AIME25 with
Qwen3-1.7B-Base (%).

ReasonFlux-PRM-7B (Zou et al., 2025), and
PURE-PRM-7B (Cheng et al., 2025) on Qwen3-
1.7B-Base. These label-free baselines use an addi-
tional reward model to score reasoning processes.

As shown in Figure 11, all three PRM-based
baselines collapse within 30–40 steps, whereas
OM-GRPO improves from 53.0% to 64.4% and
finishes at 63.7%. Thus, auxiliary PRM supervi-
sion alone does not prevent collapse, while OM-
GRPO stabilizes training without an additional re-
ward model.

E.6 Direct Process-Quality Evaluation

To directly evaluate reasoning quality, we compare
MV and OM-GRPO on AIME25, with Qwen3-
1.7B-Base as the backbone and DeepSeek-V4-
Flash as the evaluator, using three ReCEval-style
metrics (Prasad et al., 2023): (1) Correctness, the
proportion of logically valid steps consistent with
the problem and preceding reasoning; (2) Infor-
mativeness, the proportion of steps that contribute
useful information toward the solution; and (3) An-
swer Support, the proportion of trajectories whose
reasoning justifies the final answer. As shown in Ta-
ble 7, OM-GRPO improves all three metrics over
MV, indicating that outcome masking improves
reasoning quality rather than merely stabilizing an-
swer tokens.

E.7 Robustness to Weak Initial Reasoning
Ability

To understand how exploration quality affects label-
free RLVR, we analyze this issue from two com-
plementary angles. Weak base models provide a
natural test bed for reduced exploration quality,
since they typically generate far fewer correct tra-
jectories at initialization, and in some cases the
initial Pass@8 can be close to zero.

As shown in Figure 12, although overall per-
formance decreases as the base model becomes
weaker, OM-GRPO remains stable across model
scales. In contrast, the MV baseline becomes in-
creasingly prone to late-stage collapse. This sug-
gests that limited initial exploration quality does
not by itself force training into a consistent but
incorrect mode. We further examine an extreme
regime by tracking 3,795 samples whose initial
Pass@8 is exactly zero, meaning that none of the
initial sampled trajectories is correct. If correct tra-
jectories were required from the start, such samples
would remain unrecoverable throughout training.
However, the right panel shows that cumulative
Pass@8 steadily rises to about 65%, while cumu-
lative Avg@8 reaches about 49%, indicating that
many initially failed samples are eventually solved
and that overall solution quality also improves.

This behavior is consistent with the design of
OM-GRPO. Because gradients on the answer span
are masked, the model does not directly reinforce
the majority answer string. Even when early roll-
outs are consistently incorrect, updates mainly af-
fect reasoning tokens rather than answer tokens,
which helps avoid convergence to a self-consistent
but incorrect answer mode.

E.8 Stability under Strong Base Initialization

We evaluate Qwen3-14B-Base over 10 epochs to
test whether MV degradation stems only from weak
initialization. As shown in Figure 13, MV peaks
at 79.77 but falls to 75.09 by the final checkpoint,
whereas OM-GRPO peaks at 80.58 and ends at
80.25. Thus, stronger initialization delays but does
not eliminate MV degradation, while OM-GRPO
remains stable by preventing direct optimization of
answer tokens.

E.9 Generalization to Open-Ended
Generation

We further evaluate OM-GRPO on the open-ended
WritingBench task under a test-time training setup.
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Figure 10: Rollout-level analysis on Qwen3-1.7B-Base, including top-answer share, accuracy, mean training reward,
and predicted-1 share.

Model Overall Academic &
Engineering

Finance &
Business

Politics &
Law

Literature &
Arts Education Advertising

Entropy Minimization 3.52 3.22 3.37 3.05 3.64 3.97 4.32
OM-GRPO 4.04 4.01 3.74 4.10 4.03 4.27 4.32

Table 8: WritingBench benchmark results under test-time training. Scores are computed using GPT-5-nano as the
judge model. Results for EM are reported from the last checkpoint before collapse, while OM-GRPO results are
taken from the final checkpoint.
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Figure 11: MATH5000 validation accuracy of PRM-
based baselines and OM-GRPO on Qwen3-1.7B-Base.

In this experiment, training uses an entropy-based
reward defined on the answer span, following
the entropy-minimization (EM) objective of Prab-
hudesai et al. (2025). Each output follows the
structured format <think>{reasoning}</think>
<answer>{answer}</answer>. We compare OM-
GRPO with the EM baseline of Prabhudesai et al.
(2025), which directly minimizes answer-span en-
tropy without masking. In contrast, OM-GRPO
masks gradients on the answer span during opti-
mization.

Figure 14 shows that the two methods exhibit
markedly different optimization behaviors. The
EM baseline drops rapidly in the early stage
and soon approaches zero. Examining its out-
puts reveals a trivial collapse pattern: for nearly

all inputs, the model generates the literal string
<answer>...</answer>, i.e., an answer span con-
taining only three dots. In contrast, OM-GRPO
avoids this collapse. Although its score also de-
creases at the beginning of training, it later recovers
and remains substantially higher throughout opti-
mization. This difference is also reflected in the
final WritingBench results in Table 8. OM-GRPO
improves the overall score from 3.52 to 4.04 and
achieves better results across all domains. These
results support two observations. First, OM-GRPO
extends naturally to the open-ended WritingBench
task with only a simple structural constraint on the
output format, and remains effective under test-
time training. Second, a similar collapse pattern
is also observed under this entropy-based reward,
while OM-GRPO continues to deliver more stable
optimization and better final performance.

F Computational Overhead

Table 9 compares OM-GRPO with Majority Vot-
ing on Qwen3-1.7B-Base using n=8 rollouts, with
time averaged over 348 training steps and memory
measured from 8-GPU logs. OM-GRPO increases
per-step training time from 37.71 to 59.12 seconds
(+56.8%), primarily because reward computation
rises from 0.40 to 19.22 seconds. Peak GPU mem-
ory remains essentially unchanged (60.34 vs. 60.28
GiB) because OM-GRPO requires no additional re-
ward model.
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Figure 12: Effect of base-model strength on label-free RLVR.
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Figure 13: Validation accuracy of Majority Voting
and OM-GRPO on Qwen3-14B-Base over 10 training
epochs.

Training Time

Component OM-GRPO Majority Voting

Generation 21.91 20.14
Reward 19.22 0.40
Old-policy log prob 3.34 3.24
Reference-model log prob 3.15 3.00
Advantage 0.03 0.03
Actor update 11.48 10.91

Subtotal 59.12 37.71

GPU Memory

Metric OM-GRPO Majority Voting

Max GPU peak 60.34 GiB 60.28 GiB
Mean GPU peak 59.49 GiB 59.31 GiB
Active mean per GPU 46.93 GiB 40.67 GiB

Table 9: Computational overhead on Qwen3-1.7B-Base
with n=8 rollouts. Time is reported in seconds per step;
memory is reported in GiB from 8-GPU training logs.
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Figure 14: Test-Time Training dynamics on the open-
ended WritingBench task.

G Case Study

To illustrate the reasoning–answer mismatch fail-
ure mode in label-free RLVR and the effectiveness
of our proposed OM-GRPO, we analyze a represen-
tative example shown in Figure 15, which contrasts
an MV baseline output with the output produced
by OM-GRPO on the same algebraic problem.

Reasoning–Answer Mismatch. In the Figure 15
example, the baseline model generates a seemingly
valid derivation: it correctly solves the denominator
equation and identifies the two vertical asymptotes
at x = −2

3 and x = −1, implying a + b = −5
3 .

However, the final answer contradicts this deriva-
tion and reports an incorrect result. This behavior
highlights a structural limitation of outcome-centric
optimization in label-free RLVR: the reward sig-
nal is agnostic to whether the final prediction is
logically entailed by the preceding reasoning trace.
As a result, the model may satisfy the reward ob-
jective via answer-level shortcuts while breaking
the causal dependency between reasoning and out-
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come.

Reasoning–Answer Consistency under OM-
GRPO. In the Figure 16 example, the output
produced by OM-GRPO exhibits a consistent
reasoning–answer relationship. The model derives
the asymptotes and subsequently reports the match-
ing value of a + b, preserving a coherent causal
chain from intermediate computation to the final an-
swer. This improvement follows directly from OM-
GRPO’s masked credit assignment: by excluding
answer tokens from gradient updates, the optimiza-
tion pressure is redirected toward the reasoning
process, making the final prediction a consequence
of the reasoning trace rather than an independently
optimized outcome.
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Case: Reasoning–Answer Mismatch

Question: The graph of y = 5x2−9
3x2+5x+2

has vertical asymptotes at x = a and x = b. Find a+ b.

Model Output:
To find the vertical asymptotes of the function y = 5x2−9

3x2+5x+2
, we first need to determine where the denominator is zero.

The vertical asymptotes occur where the denominator, 3x2 + 5x+ 2, is equal to zero.
Let’s solve for x:

3x2 + 5x+ 2 = 0

We will use the quadratic formula x =
−b±

√
b2−4ac

2a
, where a = 3, b = 5, and c = 2.

Substitute a, b, and c into the quadratic formula:

x =
−5±

√
52 − 4× 3× 2

2× 3

x =
−5±

√
25− 24

6

x =
−5±

√
1

6

x =
−5± 1

6

This gives two solutions:

x =
−5 + 1

6
=

−4

6
= −2

3

x =
−5− 1

6
=

−6

6
= −1

So, the vertical asymptotes occur at x = − 2
3

and x = −1.

Thus, a = − 2
3

and b = −1.

To find a+ b:

a+ b = −2

3
+ (−1)

a+ b = −2

3
− 1

a+ b = −2

3
− 3

3

a+ b = −5

3
✓

Therefore, the answer is:

1 ✗

Figure 15: A Case Illustrating Reasoning–Answer Mismatch.
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Case: Reasoning–Answer Consistency

Question: The graph of y = 5x2−9
3x2+5x+2

has vertical asymptotes at x = a and x = b. Find a+ b.

Model Output:

To find the vertical asymptotes of the function y = 5x2−9
3x2+5x+2

, we need to determine the values of x where the denominator
is zero (since the function approaches infinity or negative infinity at these points).
Let’s start by solving the equation 3x2 + 5x+ 2 = 0. First, we need to factorize the quadratic equation.
1. Factor the denominator:

3x2 + 5x+ 2 = 0

To factor this, we look for two numbers that multiply to 3 · 2 = 6 and add up to 5. These numbers are 2 and 3. Thus, we
can rewrite the middle term 5x as 2x+ 3x:

3x2 + 2x+ 3x+ 2 = 0

Now, we factor by grouping:

3x2 + 2x+ 3x+ 2 = x(3x+ 2) + 1(3x+ 2) = (3x+ 2)(x+ 1) = 0

Setting each factor equal to zero gives us the potential asymptotes:

3x+ 2 = 0 and x+ 1 = 0

Solving these linear equations:

3x+ 2 = 0 =⇒ 3x = −2 =⇒ x = −2

3

x+ 1 = 0 =⇒ x = −1

Thus, the vertical asymptotes are at x = − 2
3

and x = −1. The values a and b are therefore − 2
3

and −1 respectively.
We need to find a+ b:

a+ b = −2

3
+ (−1) = −2

3
− 1 = −2

3
− 3

3
= −5

3
✓

Thus, the final answer is:

−5

3
✓

Figure 16: A Case Demonstrating Reasoning–Answer Consistency Achieved by OM-GRPO.
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