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Abstract

Test-Time Reinforcement Learning (TTRL) en-
ables Large Language Models (LLMs) to en-
hance reasoning capabilities on unlabeled test
streams by deriving pseudo-rewards from ma-
jority voting consensus. However, existing
TTRL methods rely exclusively on positive
pseudo-labeling strategies. Such reliance be-
comes vulnerable under challenging scenar-
ios where answer distributions are highly dis-
persed, resulting in weak consensus that in-
advertently reinforces incorrect trajectories as
supervision signals. In this paper, we propose
SCRL (Selective-Complementary Reinforce-
ment Learning), a robust test-time reinforce-
ment learning framework that effectively mit-
igates label noise amplification. SCRL devel-
ops Selective Positive Pseudo-Labeling, which
enforces strict consensus criteria to filter un-
reliable majorities. Complementarily, SCRL
introduces Entropy-Gated Negative Pseudo-
Labeling, the first negative supervision mech-
anism in TTRL, to reliably prune incorrect
trajectories based on generation uncertainty.
Extensive experiments on multiple reasoning
benchmarks demonstrate that SCRL achieves
substantial improvements over baselines, while
maintaining robust generalization and training
stability under constrained rollout budgets. Our
code is available at https://github.com/Jasper-
Yan/SCRL.

1 Introduction

Reinforcement Learning with Verifiable Rewards
(RLVR) (Jaech et al., 2024; Shao et al., 2024; Yang
et al., 2025a) has significantly advanced the reason-
ing capabilities of Large Language Models (LLMs)
, enabling state-of-the-art performance in verifiable
domains such as mathematics and coding (Gao
et al., 2024; Setlur et al., 2024; Wang et al., 2024).
Guided by ground-truth labels or rule-based veri-
fication signals, RLVR allows policy optimization
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Figure 1: Comparison of pseudo-labeling strategies un-
der weak consensus. (a) Majority voting assigns the
positive label despite dispersed answer distribution. (b)
SCRL abstains from positive labeling when consensus
is insufficient and identifies negative labels.

to directly reinforce trajectories that lead to cor-
rect outcomes. However, the reliance on extensive
manually-annotated data creates a fundamental lim-
itation: as task complexity and diversity grow, ac-
quiring high-quality supervision becomes increas-
ingly difficult. To bridge this gap, Test-Time Re-
inforcement Learning (TTRL) has emerged as a
critical paradigm for unsupervised reasoning (Zuo
et al., 2025; Yang et al., 2025b; Jayalath et al., 2025;
Yuan et al., 2025). TTRL allows models to self-
improve on unlabeled test streams by generating
diverse rollouts and leveraging majority voting con-
sensus to derive pseudo-rewards for policy updates.

While TTRL offers a promising direction for un-
supervised reasoning, existing methods (Zuo et al.,
2025; Yu et al., 2025b; Wen et al., 2025; Wang
et al., 2025a) that rely on majority voting and its
variants, such as soft-weighted consensus and self-
play mechanisms, face inherent limitations rooted
in their exclusive focus on positive pseudo-labeling.
These methods require substantial rollout budgets
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to achieve reliable consensus; however, on chal-
lenging problems, the answer distribution remains
highly dispersed even with extensive sampling. As
shown in Figure 1(a), this dispersion weakens the
consensus, which may result in incorrect trajecto-
ries being utilized as supervision signals (Stahlberg
et al., 2022; Liu et al., 2025a). Consequently, the
model prematurely converges toward spurious so-
lutions through policy optimization (Shi and Jin,
2025; Huang et al., 2024). Note that when roll-
out budgets are constrained, this vulnerability is
particularly pronounced, where insufficient sam-
pling coverage increases consensus instability. In
addition, while identifying a correct answer is diffi-
cult under high uncertainty, recognizing incorrect
answers is comparatively reliable. Nevertheless,
existing methods overlook the potential of negative
labeling. As illustrated in Figure 1(b), when credi-
ble positive consensus is absent, a robust strategy
is to employ negative labels to prune the search
space, which allows the model to eliminate errors
and update toward more promising regions without
prematurely committing to any single answer.

To address these critical issues, we propose
SCRL (Selective-Complementary Reinforcement
Learning), a robust framework that effectively miti-
gates label noise amplification in unsupervised test-
time reinforcement learning. SCRL develops Selec-
tive Positive Pseudo-Labeling which enforces strict
consensus and margin criteria, ensuring that posi-
tive supervision is only provided when the answer
distribution exhibits sharp concentration and clear
separation from alternatives. This mechanism can
prevent the amplification of unreliable majorities
when the answer distribution is dispersed. Com-
plementing this, SCRL introduces Entropy-Gated
Negative Pseudo-Labeling, the first mechanism in
test-time reinforcement learning that integrates neg-
ative supervision to identify and penalize incorrect
trajectories. By isolating answers that exhibit both
low frequency and high uncertainty, the model re-
liably prunes implausible solutions without elimi-
nating potentially correct low-frequency answers.
To calibrate the reinforcement magnitude based on
consensus strength, we design Dynamic Reward
Shaping that integrates credible positive signals
with informative negative signals, enabling SCRL
to maintain exploration capacity while systemati-
cally narrowing the search space and achieve robust
unsupervised reinforcement learning.

Extensive experiments on multiple reasoning
benchmarks consistently demonstrate that SCRL

significantly outperforms baseline methods, par-
ticularly on challenging problems and under con-
strained rollout budgets. Our contributions can be
summarized as follows:

• We propose SCRL, a test-time reinforcement
learning framework that mitigates label-noise
amplification under weak consensus.

• SCRL incorporates strict consensus criteria to
filter unreliable majorities, restricting positive
supervision to concentrated distributions.

• SCRL introduces negative supervision in test-
time reinforcement learning for the first time,
which eliminates implausible trajectories with-
out discarding potentially valid rare solutions.

• Extensive experiments consistently demon-
strate that SCRL outperforms baselines par-
ticularly under constrained rollout budgets,
while ablation studies and label-quality analy-
ses validate the necessity of each component.

2 Related Work

2.1 RL for Reasoning
Reinforcement learning (RL) has emerged as a
critical approach for enhancing the instruction-
following and complex reasoning capabilities of
LLMs. Reinforcement Learning from Human
Feedback (RLHF) (Ouyang et al., 2022) aligns
base models with human preferences via annotated
preference data and policy optimization methods
(Schulman et al., 2017; Rafailov et al., 2023; Meng
et al., 2024; Cui et al., 2025; Li et al., 2026; Lu
et al., 2025a). To reduce reliance on human labels,
Reinforcement Learning with Verifiable Rewards
(RLVR) (Shao et al., 2024; Yu et al., 2025a; Feng
et al., 2025; Lu et al., 2025b) replaces preference
rewards with verifiable signals, enabling objective
and automated evaluation which has proven espe-
cially effective in math and code domains (Yang
et al., 2025a; Lambert et al., 2024; Wang et al.,
2025b). Furthermore, Reinforcement Learning
from Internal Feedback (RLIF) (Zhao et al., 2025b;
Shafayat et al., 2025; Prasad et al., 2025; Liu et al.,
2025b) derives intrinsic rewards from the model’s
confidence, entropy or self-consistency across its
reasoning paths (Tan et al., 2025; Zhang et al.,
2025b,a; Zhao et al., 2025a; Yan et al., 2025). For
example, Intuitor (Zhao et al., 2025b) utilizes the
model’s confidence as a sparse intrinsic reward to
reinforce high confidence reasoning paths, while
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Figure 2: Overview of the SCRL framework. SCRL addresses test-time label noise through three components:
selective positive pseudo-labeling enforces strict consensus thresholds to prevent reinforcing unreliable majorities;
entropy-gated negative pseudo-labeling identifies negative labels by isolating answers that are both rare and exhibit
high uncertainty, pruning the search space without eliminating valid candidates; dynamic reward shaping constructs
distribution-aware rewards that scale with consensus strength and penalize uncertainty trajectories.

EMPO (Zhang et al., 2025b) incentivizes reason-
ing by minimizing the predictive entropy of LLM
outputs in a latent semantic space. Our work be-
longs to the RLIF paradigm and uniquely leverages
both positive and negative signals derived from the
model’s output distribution to enable robust test-
time reinforcement learning.

2.2 Unsupervised Reasoning at Test Time

Test-Time Reinforcement Learning (TTRL) has
emerged as a crucial paradigm for adapting LLMs
to unlabeled test streams, utilizing majority voting
consensus as a verifiable pseudo-reward for online
policy optimization (Zuo et al., 2025; Wei et al.,
2025; Yu et al., 2025b; Liu et al., 2025a; Wang
et al., 2025a; Prabhudesai et al., 2025; Wu et al.,
2025; Yu et al., 2026; Zhou et al., 2025). Recent
research has focused on robust unsupervised re-
ward estimation: RESTRAIN (Yu et al., 2025b)
employs soft-weighted pseudo-labels and penal-
izes low-confidence responses to enhance training
stability, while Self-Harmony (Wang et al., 2025a)
utilizes a self-play mechanism to verify positive
labels. SPINE (Wu et al., 2025) stabilizes training
by restricting updates to high-entropy forking to-
kens, whereas ETTRL (Liu et al., 2025a) enhances
efficiency through entropy-fork tree rollouts to mit-
igate early-stage estimation bias. MM-UPT (Wei
et al., 2025) extends this paradigm to the multi-
modal domain, validating the approach for complex
vision-language reasoning tasks. However, relying
solely on voting-based methods for positive label

assignment can amplify noise when consensus is
weak. Our work introduces selective positive label-
ing with strict consensus criteria and complements
it with negative labeling to prune the search space
without premature convergence.

3 Method

In this section, we propose SCRL (Selective-
Complementary Reinforcement Learning), a ro-
bust framework for test-time reinforcement learn-
ing to mitigate label noise amplification in un-
supervised settings. As illustrated in Figure 2,
SCRL consists of three components: Selective Posi-
tive Pseudo-Labeling (Section 3.2), Entropy-Gated
Negative Pseudo-Labeling (Section 3.3), and Dy-
namic Reward Shaping (Section 3.4).

3.1 Preliminaries

We adopt the Grouped Relative Policy Optimiza-
tion (GRPO) (Shao et al., 2024) as our main RL
algorithm. For a given query q, the policy samples a
group of G responses O = {o1, . . . , oG} from the
sampling policy πold. Each response receives a re-
ward Ri and GRPO constructs a group-normalized
advantage Âi shared across tokens:

Âi =
Ri − µ

σ
. (1)

The parameters θ are updated by maximizing the
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objective:

JGRPO(θ) = Eq∼Q,O∼πold

[
1

G

G∑

i=1

1

|oi|

|oi|∑

t=1

min
(
ρi,tÂi, clip(ρi,t, 1− ϵ, 1 + ϵ)Âi

)]
,

(2)

where ρi,t = πθ(oi,t|q, oi,<t)/πold(oi,t|q, oi,<t) is
the importance sampling ratio.

3.2 Selective Positive Pseudo-Labeling
Majority voting assigns positive pseudo-label by
selecting the most frequent answer among rollouts
(Zuo et al., 2025; Wang et al., 2025a; Liu et al.,
2025a). This implicitly assumes that the most fre-
quent answer is a reliable label for the unknown
ground truth. However, on difficult queries or with
limited rollout budgets, the answer distribution be-
comes dispersed: correct trajectories are sparse and
erroneous solutions are diverse. In this situation,
majority voting can produce false-positive supervi-
sion by promoting a wrong answer, which is further
amplified under GRPO due to group normalization.
Let f = 1

G

∑G
i=1Ri be the fraction of rollouts

labeled positive within a group. The normalized
advantage for positive samples is:

Â+ =
1− f√
f(1− f)

=

√
1− f

f
. (3)

When consensus is weak, f is small and Â+ be-
comes large, causing a small subset of positive
pseudo-labeled trajectories to disproportionately
influence policy updates. If the voted answer is
incorrect, GRPO can rapidly reinforce this spuri-
ous signal, driving the policy toward premature
convergence on an erroneous solution.

To mitigate the amplification of label noise un-
der group normalization, we adopt a conservative
principle: if we cannot credibly identify a correct
answer, we abstain from providing positive super-
vision. Concretely, we convert majority voting into
a selective pseudo-labeling rule with abstention.
Given N responses for query q, let A = {aj}Kj=1

be the answer distribution with counts nj and pro-
portions pj = nj/N . We denote j∗ = argmaxj pj
as the index of the most frequent answer and p(2)
as the second-largest proportion. We declare a pos-
itive pseudo-label y+ only when the answer distri-
bution is sharply concentrated and well-separated.
Formally, y+ = aj∗ if:

pj∗ ≥ τpos ∧
(
pj∗ − p(2)

)
> τmarg, (4)

otherwise, y+ = ∅. The threshold τpos prevents
positive labeling when the top-ranked answer has
insufficient support, while the margin threshold
τmarg enforces separation from the second-ranked
answer, preventing unreliable majorities from be-
ing reinforced as supervision signals. When y+ =
∅, we simply avoid positive reinforcement learn-
ing, shifting the learning focus to the negative
pseudo-labeling described in Section 3.3.

3.3 Entropy-Gated Negative Pseudo-Labeling
When the answer distribution is dispersed, rein-
forcing any single trajectory with a positive label
is unreliable. Nevertheless, the model’s responses
still contain useful signal: while correct answers
are difficult to identify with confidence, incorrect
answers can be detected more reliably. By con-
structing high-confidence negative labels, we can
prune the search space and encourage the model
to update toward more plausible regions without
forcing a premature collapse (Zhu et al., 2025).

Entropy-based uncertainty estimation Given
responses {oi}Ni=1 and the answer distributionA =
{aj}Kj=1 with counts nj and proportions pj , we
distinguish between low-frequency but valid an-
swers and incorrect responses by computing an
uncertainty measure from the policy. The Shan-
non entropy of the next-token distribution over the
vocabulary V at step t is:

hi,t = −
∑

v∈V
πold(v | oi<t) log πold(v | oi<t). (5)

For response oi with length Ti, we derive the
trajectory-level uncertainty h̄i:

h̄i =
1

Ti

Ti∑

t=1

hi,t. (6)

We then aggregate uncertainty at the answer level:

H̄j =
1

nj

∑

i: ai=aj

h̄i, H̄ =
1

N

N∑

i=1

h̄i. (7)

Intuitively, H̄j measures the uncertainty with tra-
jectories leading to answer aj .

Negative pseudo-labeling rule We identify an-
swer aj as a negative pseudo-label that simulta-
neously (i) has proportion below the low-support
threshold τneg, and (ii) has generation uncertainty
exceeding the query-level average H̄:

N− =
{
aj ∈ A | pj < τneg ∧ H̄j ≥ H̄

}
. (8)
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The condition H̄j ≥ H̄ ensures that we only
penalize rare answers with high generation un-
certainty (Prabhudesai et al., 2025; Liang et al.,
2025), thereby preserving potentially correct low-
frequency trajectories until stronger consensus
emerges in subsequent iterations.

3.4 Dynamic Reward Shaping

In test-time reinforcement learning, assigning fixed
rewards to pseudo-labels may amplify noise and
destabilize training. To address this, we introduce
Dynamic Reward Shaping, which scales reinforce-
ment magnitude based on consensus strength and
incorporates uncertainty penalties to guide policy
updates. For each response oi with answer ai and
proportions pi, the reward is defined as:

Ri = p(ai)I[ai = y+]

+ (p(ai)− τneg) I[ai ∈ N−]

− λH

(
H̄(ai)− H̄

)
.

(9)

The first two terms jointly calibrate the reinforce-
ment magnitude based on the strength of the con-
sensus. The final entropy term, weighted by the
coefficient λH , gently biases learning toward lower-
uncertainty responses. This reward implements a
risk-averse strategy that reinforces answers only un-
der credible consensus and eliminates trajectories
that are simultaneously rare and uncertain, prevent-
ing premature convergence to unreliable solutions.

4 Experiments

4.1 Experimental Setup

Benchmarks and Baselines To evaluate the rea-
soning capabilities of SCRL, we conduct experi-
ments on six challenging datasets: AIME24 (Li
et al., 2024), AIME25 (Li et al., 2024), AMC
(Li et al., 2024), MATH-500 (Hendrycks et al.,
2021), Minerva (Team et al., 2024), and GPQA
(Rein et al., 2024). We compare our method
against: (1) TTRL (Zuo et al., 2025), which en-
ables the model to self-evolve on unlabeled test
data through majority voting. (2) COMPASS
(Tang et al., 2025), which introduces a compos-
ite reward mechanism that jointly optimizes an-
swer reliability and reasoning quality on unlabeled
data. (3) ETMR (Liu et al., 2025a), which en-
hances exploration–exploitation balance through
entropy-fork tree rollouts and entropy-based advan-
tage reshaping. (4) RESTRAIN (Yu et al., 2025b),
a self-penalizing framework that penalizes overcon-

fident and low-consistency rollouts to derive useful
learning signals without supervision.

Models To evaluate the generalizability of our
method across varying architectures and scales, we
utilize a diverse set of open-weight models, includ-
ing Qwen2.5-3B (Yang et al., 2025a), Qwen2.5-
Math-7B (Yang et al., 2025a), Qwen3-4B (Yang
et al., 2025a), Llama-3.2-1B-Instruct and Llama-
3.1-8B-Instruct (Grattafiori et al., 2024).

Evaluation Metric We report pass@1 (Guo
et al., 2025; Chen, 2021) as the primary evaluation
metric. For each question, we generate N = 16
responses utilizing a temperature of 0.6 and a top-p
value of 0.95, with maximum generation length set
to 3072 tokens. The pass@1 score is computed as:
pass@1 = 1

k

∑k
i=1 pi, where pi ∈ {0, 1} indicates

the correctness of the i-th response.

Hyperparameter Configuration We optimize
the policy model using the AdamW optimizer with
a cosine learning rate schedule peaking at 5×10−7.
During the rollout phase, we generate 64 (or 32)
candidate responses for label estimation, employ-
ing a temperature of 1.0 for Qwen2.5-Math and 0.6
for other models to ensure appropriate exploration.
Subsequently, we downsample 32 (or 16) responses
per prompt for the training update. The maximum
token generation length is set to 3072. For the label-
ing thresholds, we set τpos = 0.375, τmarg = 0.125,
and τneg = 0.125 across all experiments. The en-
tropy penalty weight is set to λH = 0.1. To ac-
commodate varying dataset sizes and difficulties,
we set the number of training episodes to 10 for
MATH-500 and Minerva, 30 for AMC, and 80 for
AIME, unless otherwise specified. All experiments
are conducted on 8× NVIDIA A100 80GB GPUs.

4.2 Main Results
Tables 1 and 2 present the main results across multi-
ple reasoning benchmarks and models. Our results
demonstrate that SCRL consistently achieves sub-
stantial improvements over baselines, with partic-
ularly pronounced gains on challenging problems
and under constrained rollout budgets—precisely
the scenarios where weak consensus poses the
greatest risk of label noise amplification.

Performance on Vanilla Base Model Under the
constrained budget setting, SCRL achieves an aver-
age improvement of 1.6% across all benchmarks on
Qwen2.5-3B. The most significant improvement
is observed on AIME25, where SCRL achieves
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Method AIME25 AMC MATH-500 Minerva GPQA Avg
32 candidate responses, 16 training samples

Qwen2.5-3B 1.9 23.2 50.0 21.4 21.6 23.6
+ TTRL (Zuo et al., 2025) 2.6 39.4 66.9 31.6 25.0 33.1
+ SCRL (Ours) 8.4 41.5 68.2 29.5 25.7 34.7
∆ +5.8 +2.1 +1.3 -2.1 +0.7 +1.6

Qwen2.5-Math-7B 4.6 34.0 46.5 10.1 23.0 23.6
+ TTRL (Zuo et al., 2025) 16.8 65.7 85.7 14.5* 25.5 41.6
+ SCRL (Ours) 26.9 66.9 85.6 41.6 25.4 49.3
∆ +10.1 +1.2 -0.1 +27.1 -0.1 +7.7

64 candidate responses, 32 training samples
Qwen2.5-3B 1.9 23.2 50.0 21.4 21.6 23.6

+ TTRL (Zuo et al., 2025) 3.9 39.5 72.8 33.5 23.5 34.6
+ SCRL (Ours) 7.7 41.3 73.4 29.5 24.5 35.3
∆ +3.8 +1.8 +0.6 -4.0 +1.0 +0.7

Qwen2.5-Math-7B 4.6 34.0 46.5 10.1 23.0 23.6
+ TTRL (Zuo et al., 2025) 19.0 68.1 83.4 10.8* 25.5 41.4
+ SCRL (Ours) 22.8 68.5 86.2 43.1 26.0 49.3
∆ +3.8 +0.4 +2.8 +32.3 +0.5 +7.9

Table 1: Main results on various reasoning benchmarks. We report the pass@1 accuracy (%) across five datasets
under two rollout budgets. Results denoted by * represent peak performance before significant degradation during
training. ∆ shows the performance gain over TTRL (Zuo et al., 2025).

Method AIME24 MATH / AMC⋆ Average

Instruct Models

Llama-3.2-1B† 1.5 24.7 13.1
+ TTRL† 6.7 27.8 17.3
+ COMPASS† 3.5 28.7 16.1
+ SCRL 6.7 39.7 23.2
∆ +3.2 +11.0 +7.1

Llama-3.1-8B‡ 4.6 23.3 14.0
+ TTRL‡ 10.0 32.3 21.2
+ ETMR‡ 16.9 35.4 26.2
+ RESTRAIN‡ 16.7 40.0 28.4
+ SCRL 21.9 36.1 29.0
∆ +5.2 −3.9 +0.6

Table 2: Pass@1 accuracy (%) on Llama-3-Instruct
models. Column denoted by ⋆ refers to MATH-500
for Llama-3.2-1B-Instruct and AMC for Llama-3.1-8B-
Instruct. Results denoted by † and ‡ are reported from
COMPASS (Tang et al., 2025) and RESTRAIN (Yu
et al., 2025b), respectively. ∆ shows the performance
gain over the corresponding baseline.

8.4% accuracy compared to TTRL’s 2.6%. This
substantial improvement on the most challeng-
ing benchmark validates our core hypothesis that
SCRL effectively prevents the reinforcement of un-
reliable majorities when answer distributions are
highly dispersed. On AMC and MATH-500, SCRL
achieves 41.5% and 68.2% respectively, compared
to TTRL’s 39.4% and 66.9%, demonstrating con-

sistent gains. When the rollout budget is increased
to 64 candidate responses with 32 training sam-
ples, SCRL maintains an average improvement
of 0.7%, which aligns with theoretical expecta-
tions: with more rollouts, majority voting naturally
produces more reliable consensus. Notably, on
AIME25, SCRL maintains a substantial improve-
ment of 3.8%, demonstrating that for difficult prob-
lems, SCRL can remain effective regardless of com-
putational resources. In addition to mathematics,
SCRL consistently improves performance on the
GPQA dataset, suggesting that its robustness ex-
tends beyond mathematical reasoning to broader
general reasoning tasks.

Performance on Math-Specialized Model On
Qwen2.5-Math-7B, SCRL achieves an average im-
provement of 7.7% under the constrained bud-
get. On AIME25, SCRL achieves 26.9% accuracy
compared to TTRL’s 16.8%, an absolute improve-
ment of 10.1%. On AMC and MATH-500, SCRL
achieves 66.9% and 85.6% respectively, outper-
forming TTRL on AMC and achieving compara-
ble performance on MATH-500. Notably, on Min-
erva, while TTRL experiences significant training
instability and reaches only 14.5% before perfor-
mance degradation, SCRL maintains robust train-
ing dynamics and achieves 41.6% accuracy. With

28962



0 50 100 150 200 250 300
Training Step

0.0

0.2

0.4

0.6

0.8

1.0

Va
lu

e

Avg Label Accuracy (TTRL)
Label Accuracy (Ours)
Label Ratio (Ours)

(a) Statistics of positive pseudo-label

0 50 100 150 200 250 300
Training Step

0.0

0.2

0.4

0.6

0.8

1.0

La
be

l A
cc

ur
ac

y

Label Accuracy (Ours)
Avg Label Count (Ours) 1

2

3

4

5

6

7

8

La
be

l C
ou

nt

(b) Statistics of negative pseudo-label

Figure 3: Statistics of positive and negative pseudo-label estimation on the AMC dataset using Qwen2.5-3B.

increased rollout budget of 64 candidate responses
and 32 training samples, SCRL sustains its ad-
vantage with an average improvement of 7.9%.
On AIME25, SCRL attains 22.8% compared to
TTRL’s 19.0%. On AMC and MATH-500, SCRL
demonstrates continued improvements. Minerva
exhibits the most dramatic improvement at 32.3%,
while TTRL still shows training instability even
with doubled rollout budget. This indicates the ne-
cessity for sophisticated label quality assessment
and credible reinforcement mechanisms.

Performance on Instruct Model Table 2 further
demonstrates that SCRL generalizes effectively
to instruction-tuned models with different archi-
tectures. We evaluate on Llama-3.2-1B-Instruct
and Llama-3.1-8B-Instruct using 64 candidate re-
sponses and 32 training samples. On Llama-3.2-
1B-Instruct, SCRL achieves an average accuracy
of 23.2%, outperforming both TTRL and COM-
PASS. On Llama-3.1-8B-Instruct, SCRL achieves
the highest average accuracy of 29.0%, surpassing
all competing baselines including TTRL, ETMR,
and RESTRAIN. The consistency of results across
different model families validates that our approach
exhibits model-agnostic properties and demon-
strates broad applicability across diverse architec-
tures and model scales.

5 Analysis

5.1 Ablation Study
To validate the individual contributions of the pro-
posed components in SCRL, we conduct an ab-
lation study on the AIME25 and AMC datasets
using Qwen2.5-3B. Table 3 presents the results.
Removing the selective positive pseudo-labeling

Method AIME25 AMC
SCRL 8.4 41.5

w/o Selective Labeling 3.9↓4.5 41.8↑0.3
w/o Negative Labeling 1.2↓7.2 37.7↓3.8
w/o Entropy Gate 3.6↓4.8 39.3↓2.2
w/o Dynamic Reward 5.1↓3.3 39.8↓1.7

Table 3: Ablation study of SCRL components on
Qwen2.5-3B. The table reports pass@1 accuracy (%).

mechanism reduces the positive labeling method
to majority voting and causes a substantial perfor-
mance drop on the AIME25 dataset. This confirms
that weak consensus on challenging problems leads
to noise amplification when the most frequent an-
swer is reinforced without credibility checks. On
the relatively easier AMC dataset, removing the
consensus thresholds achieves a slight performance
gain, suggesting that when the model is reasonably
accurate, stricter thresholds may overly constrain
positive supervision. Furthermore, the substantial
degradation when removing negative labeling con-
firms that negative labeling serves as a comple-
mentary signal, pruning the search space and main-
taining training stability especially when positive
signals are sparse to guide the model.

Removing the entropy gate for negative pseudo-
labeling also causes a substantial degradation, in-
dicating that frequency alone is insufficient and
uncertainty-aware filtering is necessary to avoid
penalizing rare but valid answers. Replacing dy-
namic reward shaping with hard rewards (+1,0,-1)
consistently degrades performance, suggesting that
distribution-aware reward magnitudes are impor-
tant for stabilizing policy updates and calibrating
learning to consensus strength.
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Method AMC MATH-500 Minerva

Pass@1 Pass@16 Pass@1 Pass@16 Pass@1 Pass@16

Qwen2.5-3B 23.2 67.5 50.0 86.4 21.4 50.0
+ TTRL (Zuo et al., 2025) 27.3 54.2 58.5 84.8 23.4 48.9
+ SCRL (Ours) 27.5 60.2 65.1 87.0 26.3 49.3

Table 4: Generalization performance of Qwen2.5-3B trained on AIME25. Bold shows the best result.

5.2 Statistics of Label Estimation

To validate the reliability of the supervision signals,
we track the dynamics of pseudo-label estimation
during training on the AMC dataset using Qwen2.5-
3B. As shown in Figure 3a, our method maintains
higher positive label accuracy over TTRL, which
confirms that the selective positive labeling mech-
anism effectively filters out unreliable majorities,
particularly in early training steps when the initial
policy is weak and answer distributions are highly
dispersed. Figure 3b shows that entropy-gated
negative labeling achieves near-perfect accuracy
throughout training, which validates our hypothe-
sis that under high uncertainty, incorrect answers
can be identified more reliably than correct ones
by examining both frequency and generation uncer-
tainty. Meanwhile, the positive label ratio increases
with a decrease in negative labels, indicating that
the model progressively develops stronger consen-
sus as its reasoning capability improves, and the
search space is being effectively pruned through
the elimination of implausible trajectories. The
complementary dynamics of positive and negative
labels demonstrate that SCRL successfully guides
the policy toward higher-quality solution regions
while maintaining stable supervision signals.

5.3 Generalization Capabilities

To evaluate whether SCRL develops transferable
reasoning capabilities rather than overfitting to
training-specific patterns, we train both SCRL and
TTRL on AIME25 and evaluate their generalization
performance on three out-of-distribution datasets.
We use Qwen2.5-3B as the backbone and report
both pass@1 and pass@16 results. As shown in
Table 4, SCRL consistently improves pass@1 ac-
curacy over TTRL across all three benchmarks.
Notably, while TTRL’s pass@16 performance de-
grades substantially from the base model, SCRL
maintains more stable pass@16 scores. This indi-
cates that majority-voting mechanism narrows the
solution space during training, whereas SCRL’s

conservative labeling strategy preserves explo-
ration capacity while improving answer quality.
These results confirm that selective positive label-
ing and entropy-gated negative pruning generalize
robustly without overfitting to the training dataset.

5.4 Analysis of Labeling Thresholds

To investigate the sensitivity of SCRL to the la-
beling threshold hyperparameters, we conduct an
analysis of τpos and τneg using Qwen2.5-Math-7B
with 64 candidate responses and 32 training sam-
ples. Table 5 presents the results across different
threshold configurations. Increasing τpos from 0.25
to 0.375 consistently improves performance on
AIME25. This substantial gain on the most chal-
lenging benchmark validates our hypothesis that
stricter consensus criteria are crucial for difficult
problems where answer distributions are highly
dispersed. The more conservative threshold effec-
tively filters out unreliable majorities that would
introduce label noise. The impact of τneg exhibits a
complementary pattern. On AMC and MATH-500,
increasing τneg from 0.0625 to 0.125 generally im-
proves performance, indicating that keeping a mod-
erately larger set of negatives can strengthen the
contrastive learning signal and enhance exploration
of alternative solution strategies. The performance
gaps across different configurations become more
pronounced on harder problems, reinforcing that
SCRL’s conservative labeling strategy is particu-
larly beneficial in scenarios where weak consensus
poses the risk of label noise amplification. See
Appendix C for analysis of τmarg and λH .

τpos τneg AIME25 AMC MATH
0.25 0.0625 19.2 64.5 85.5
0.25 0.125 19.0 66.6 85.4
0.375 0.0625 22.1 66.3 85.0
0.375 0.125 22.8 67.5 86.2

Table 5: Parameter analysis of τpos and τneg on Qwen2.5-
Math-7B. The table reports pass@1 accuracy (%).
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Type AIME24 AMC MATH-500 Minerva
Correct Trajectories 0.208 0.225 0.245 0.258
Incorrect Trajectories 0.288 0.279 0.272 0.316
Overall Average 0.286 0.266 0.259 0.303

Table 6: Average trajectory-level entropy for correct and incorrect answers across mathematical reasoning bench-
marks. Results are computed using Qwen2.5-3B during the initial rollout phase.

5.5 Entropy Analysis

To validate the effectiveness of our entropy-gated
negative labeling mechanism, we analyze the rela-
tionship between trajectory-level entropy and an-
swer correctness. As shown in Table 6, we compute
the average trajectory entropy h̄i for correct and
incorrect trajectories across multiple benchmarks
using the Qwen2.5-3B model. The results reveal
a consistent and substantial gap between correct
and incorrect trajectories across all benchmarks,
which validates our hypothesis that generation un-
certainty serves as a robust signal for distinguishing
implausible solutions. This empirical evidence sup-
ports the entropy-gated mechanism, which lever-
ages this uncertainty differential to construct high-
confidence negative labels while preserving poten-
tially correct low-frequency trajectories.

5.6 Performance on Large Reasoning Models

To evaluate SCRL’s applicability to long chain-of-
thought reasoning models (Wei et al., 2023), we
conduct experiments using Qwen3-4B with think-
ing mode enabled on the AIME25 dataset. As
shown in Table 7, SCRL consistently outperforms
TTRL across both maximum generation length set-
tings, achieving +2.7% and +0.9% improvements,
respectively. These results confirm that selective
positive labeling and entropy-gated negative prun-
ing remain effective on long-CoT reasoning models
with substantially extended generation lengths.

Method Max Generation Length

10,240 15,360
Qwen3-4B 38.9 51.9

+ TTRL 50.9 59.3
+ SCRL 53.6 60.2
∆ +2.7 +0.9

Table 7: Pass@1 accuracy (%) on large reasoning mod-
els using Qwen3-4B under maximum generation length
of 10k and 15k tokens. ∆ shows the performance gain
over TTRL (Zuo et al., 2025).

5.7 Failure Analysis

SCRL underperforms TTRL on the Minerva dataset
with Qwen2.5-3B, contrasting with consistent im-
provements on other benchmarks. Our analysis
suggests this discrepancy arises from the interac-
tion between the smaller model’s limited domain-
specific knowledge and the strictness of our selec-
tive labeling mechanism.

The Minerva dataset consists of physics-based
mathematical problems requiring specialized do-
main knowledge beyond pure mathematical rea-
soning. The 3B model, lacking sufficient capacity
to store such extensive domain knowledge, pro-
duces highly dispersed answer distributions. This
dispersion is further exacerbated by the nature of
physics-based mathematical problems in Minerva,
which involve variations in numerical precision and
equivalent formulations, fragmenting the correct
solution across similar but non-identical answers.
Under these conditions, SCRL’s selective positive
labeling becomes over-conservative, frequently ab-
staining when strict thresholds are unmet, starving
the model of positive supervision.

6 Conclusion

In this work, we propose SCRL, a novel frame-
work for test-time reinforcement learning to miti-
gate label noise amplification in unsupervised set-
tings. SCRL integrates Selective Positive Pseudo-
Labeling, which enforces strict consensus crite-
ria to prevent reinforcing unreliable majorities un-
der weak consensus, with Entropy-Gated Nega-
tive Pseudo-Labeling, the first negative supervi-
sion mechanism in test-time reinforcement learn-
ing, which reliably prunes implausible solutions
by isolating answers with both low frequency and
high uncertainty. This dual mechanism ensures that
the model reinforces high-confidence trajectories
while reliably identifying and penalizing incorrect
answers, without discarding rare but potentially
correct trajectories. Empirical results confirm that
SCRL significantly outperforms baselines, deliver-
ing robust generalization and training stability.

28965



Limitations

While SCRL demonstrates substantial empirical
improvements across multiple benchmarks, several
limitations remain to be addressed in future work.
First, SCRL lacks theoretical analysis for the effec-
tiveness of selective positive pseudo-labeling and
entropy-gated negative pseudo-labeling. Although
we provide empirical validation through label ac-
curacy statistics and ablation studies, we have not
established theoretical guarantees on conditions
where our mechanisms provably outperform stan-
dard majority voting. Second, the comparison with
concurrent methods is constrained by reproducibil-
ity challenges. Most related works in the TTRL
paradigm have not released code and critical hy-
perparameter settings cannot be precisely aligned,
potentially limiting the scope of our baseline anal-
ysis.
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A Implementation Details

A.1 Prompt Design
Consistent with TTRL (Zuo et al., 2025), we adopt
the standard chat templates corresponding to each
model architecture. For Qwen2.5-3B, we employ
the following prompt template:

system
You are a helpful assistant.
user
{question} Let’s think step by step and out-
put the final answer within \\boxed{}.
assistant

For Qwen2.5-Math-7B, we employ the follow-
ing prompt template:

system
Please reason step by step, and put your
final answer within \\boxed{}.
user
{question}
assistant

A.2 Benchmarks
Our evaluation suite comprises six challenging rea-
soning datasets that span different difficulty levels
and problem-solving domains:

• AIME24 and AIME25 (Li et al., 2024): The
official problem sets from the 2024 and 2025
American Invitational Mathematics Examina-
tion, respectively.
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Hyperparameter Qwen2.5-3B Qwen2.5-Math-7B
Max Prompt Length 512 512
Max Response Length 3072 3072
Train Batch Size 8 8
PPO Mini Batch Size 1 1
PPO Micro Batch Size per GPU 2 2
N GPUs per Node 4 8
Learning Rate 5× 10−7 5× 10−7

LR Warmup Steps Ratio 0.03 0.03
Warmup Style Cosine Cosine
Temperature 0.6 1.0
Optimizer AdamW AdamW

Table 8: Training hyperparameter configuration for Qwen2.5-3B and Qwen2.5-Math-7B based on the verl (Sheng
et al., 2025) framework.
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Figure 4: Training dynamics of SCRL and TTRL on Qwen2.5-3B across three mathematical benchmarks.
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Figure 5: Training dynamics of SCRL and TTRL on Qwen2.5-Math-7B across three mathematical benchmarks.

• AMC (Li et al., 2024): A collection of prob-
lems from the American Mathematics Compe-
titions, covering core high-school mathemati-
cal domains.

• MATH-500 (Hendrycks et al., 2021): A 500-
problem subset sampled from the MATH
dataset, covering mathematical reasoning
problems across algebra, geometry, number
theory, and combinatorics.

• Minerva (Team et al., 2024): The mathemat-
ics subset from the Minerva quantitative rea-
soning benchmark.

• GPQA (Rein et al., 2024): A challenging
dataset of 448 graduate-level multiple-choice
questions written by domain experts in biol-
ogy, physics, and chemistry.

A.3 Training Episode

For the MATH-500 dataset using Qwen2.5-3B with
32 candidate responses and 16 training samples, the
TTRL method experiences training collapse due
to excessive optimization steps when the training
episode is set to 10. Consequently, we set the train-
ing episode to 4 for this specific configuration to
ensure fair comparison. All other settings remain
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consistent with the descriptions in the Section 4.1.

A.4 Training Hyperparameter

Our training hyperparameters are shown in Table 8.

B Additional Results

Figures 4 and 5 show the pass@1 accuracy (%)
throughout training.

C Analysis of Consensus Margin and
Entropy Penalty

We conduct an analysis of τmarg and λH using
Qwen2.5-Math-7B with 64 candidate responses
and 32 training samples. Table 9 presents the re-
sults across different threshold configurations.

The entropy penalty weight λH controls the
strength of uncertainty penalization in our dy-
namic reward shaping mechanism. Setting λH =
0.1 achieves the optimal performance across both
benchmarks. Compared to λH = 0, introducing
a moderate penalty provides a significant perfor-
mance gain, confirming that discouraging high-
uncertainty trajectories helps the policy avoid con-
verging to unstable solutions. However, increasing
the coefficient leads to a performance degradation,
which suggests that moderate entropy regulariza-
tion effectively balances the trade-off between en-
couraging confident reasoning and maintaining suf-
ficient exploration capacity.

The margin threshold τmarg enforces separation
between the top-ranked answer and alternatives,
preventing unreliable majorities from being rein-
forced. The results highlight a distinct trade-off
based on problem difficulty. On AIME25, increas-
ing τmarg from 0 to 0.125 achieves substantial im-
provements, with further increase to 0.25 main-
taining strong performance at 22.6%. This demon-
strates that for challenging problems where answer
distributions are highly dispersed, strict margin re-
quirements are crucial to filter out false-positive
consensus. Conversely, on the relatively easier
AMC dataset, a lower margin of τmarg = 0.0625
achieves higher performance, which suggests that
on problems where the model exhibits sufficient
accuracy, overly strict margins may unnecessarily
discard valid positive signals. Our configuration
in main experiments demonstrates the most robust
generalization across varying difficulty levels, ef-
fectively mitigating label noise on hard tasks while
maintaining supervision frequency on easier ones.

τmarg λH AIME25 AMC
0.125 0 19.0 64.4
0.125 0.2 19.0 63.7
0.125 0.5 18.5 66.5
0 0.1 18.8 66.5
0.0625 0.1 18.8 68.8
0.25 0.1 22.6 65.6
0.125 0.1 22.8 68.5

Table 9: Parameter analysis of τmarg and λH on
Qwen2.5-Math-7B. The table reports pass@1 accuracy
(%). Bold shows the configuration in main experiments.

D Algorithmic Details of SCRL

Algorithm 1 SCRL’s Reward Construction
Require: Unlabeled queriesQ; rollout policy πold;

number of rollouts N ; training samples G;
thresholds τpos, τmarg, τneg; entropy weight λH .

Ensure: Per-query training samples {(oi, Ri)}Gi=1

1: for each query q ∈ Q do
2: Sample responses {oi}Ni=1 ∼ πold(· | q)
3: {ai}Ni=1 ← {ExtractAnswer(oi)}Ni=1

4: Build answer distribution A = {aj}Kj=1

with counts nj and proportions pj = nj/N
5: j∗ ← argmaxj pj ; p(2) ← maxj ̸=j∗ pj
6: y+ ← ∅
7: if pj∗ ≥ τpos ∧ (pj∗ − p(2)) > τmarg then
8: y+ ← aj∗

9: end if
10: for i = 1 to N do
11: for t = 1 to |oi| do

12:
hi,t ← −

∑

v∈V
πold(v | q, oi<t)

· log πold(v | q, oi<t)
13: end for
14: h̄i ← 1

|oi|
∑|oi|

t=1 hi,t
15: end for
16: H̄ ← 1

N

∑N
i=1 h̄i

17: for each aj ∈ A do
18: H̄j ← 1

nj

∑
i: ai=aj

h̄i
19: end for
20: N− ← {aj ∈ A | pj < τneg ∧ H̄j ≥ H̄}
21: Sample training set {oi}Gi=1 from {oi}Ni=1

22: for i = 1 to G do
23: p(ai)← 1

N

∑N
k=1 I[ak = ai]

24: H̄(ai)← H̄j where aj = ai

25:
Ri ← p(ai)I[ai = y+] + (p(ai)− τneg)

·I[ai ∈ N−]− λH(H̄(ai)− H̄)
26: end for
27: end for
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