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Abstract
Test-time reinforcement learning (TTRL) al-
ways adapts models at inference time via
pseudo-labeling, leaving it vulnerable to spu-
rious optimization signals from label noise.
Through an empirical study, we observe that re-
sponses with medium consistency form an am-
biguity region and constitute the primary source
of reward noise. Crucially, we find that such
spurious signals can be even amplified through
group-relative advantage estimation. Motivated
by these findings, we propose a unified frame-
work, Debiased and Denoised test-time Rein-
forcement Learning (DDRL), to mitigate spuri-
ous signals. Concretely, DDRL first applies a
frequency-based sampling strategy to exclude
ambiguous samples while maintaining a bal-
anced set of positive and negative examples. It
then adopts a debiased advantage estimation
with fixed advantages, removing the bias in-
troduced by group-relative policy optimization.
Finally, DDRL incorporates a consensus-based
off-policy refinement stage, which leverages
the rejection-sampled dataset to enable effi-
cient and stable model updates. Experiments
on three large language models across multiple
mathematical reasoning benchmarks demon-
strate that DDRL consistently outperforms ex-
isting TTRL baselines. The code is available at
https://github.com/yuyongcan/DDRL.

1 Introduction

Reinforcement learning with verifiable rewards
(RLVR) has recently emerged as an effective
paradigm for improving large language models
(LLMs) on structured challenging reasoning tasks,
including mathematics and code generation (Lam-
bert et al., 2024; Yue et al., 2025; Jaech et al., 2024;
Guo et al., 2025; Yu et al., 2025a; Chen et al.,
2025; Yu et al., 2025b). By relying on explicit
supervision or rule-based verification, RLVR en-
ables stable optimization and strong task-specific
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Figure 1: Overview of test-time reinforcement learning
(TTRL). The spurious signal is generated during the
reward stage with noisy pseudo-labels and amplified in
the subsequent group-relative advantage estimation.

performance. However, its applicability is funda-
mentally constrained by the availability of reliable
labels or verifiable reward functions, which limits
its applicability when reliable labels or verifiers are
unavailable, especially under distribution shift.

To address distribution shifts during inference,
Test-Time Reinforcement Learning (TTRL) (Zuo
et al., 2025) has emerged as a promising solution.
TTRL integrates test-time scaling (TTS) (Muen-
nighoff et al., 2025; Zhang et al., 2025b) with test-
time training (TTT) (Sun et al., 2020), enabling
parameter updates via unsupervised reinforcement
learning (RL). As illustrated in Figure 1, TTRL
generates multiple responses for each test query,
derives a pseudo-label through majority voting,
and optimizes the model using GRPO (Shao et al.,
2024) based on these pseudo-labels. Despite its
conceptual appeal, TTRL operates in a fundamen-
tally unsupervised regime, where reward signals
are derived entirely from the model’s own outputs.
This design renders TTRL highly vulnerable to
spurious reward signals: incorrect responses may
inadvertently receive positive rewards, while cor-
rect answers might be penalized, thereby distorting
learning dynamics.

In this work, we systematically analyze the ori-
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gins of spurious signals and how they propagate
through the optimization process. Empirically, we
observe a strong correlation between answer fre-
quency and reliability: high-frequency answers are
predominantly correct, low-frequency answers are
mostly incorrect, while answers with medium sam-
pling frequency tend to be ambiguous and unre-
liable. These medium-frequency responses con-
stitute a major source of spurious reward signals.
Theoretically, we further demonstrate that GRPO’s
advantage estimation introduces a systematic bias
in this unsupervised setting. Specifically, its nor-
malization mechanism disproportionately amplifies
spurious rewards in low-consensus regimes.

Motivated by these insights, we propose
Debiased and Denoised test-time Reinforcement
Learning (DDRL), a framework designed to mit-
igate spurious signals. First, we introduce a bal-
anced confidence-aware sampling strategy that se-
lects rollout samples based on their reliability while
maintaining a balanced set of positive and negative
examples. Second, we replace group-relative ad-
vantage estimation with a bias-corrected scheme
that assigns fixed, label-dependent advantages to
eliminate the amplification effect. Finally, we in-
corporate a consensus-based off-policy refinement
stage after the RL phase, where a rejection sam-
pling (Zhang et al., 2023) dataset is constructed to
enable efficient and stable post-RL optimization.

Demonstrated by experiments on multiple math-
ematical benchmarks and several LLMs, DDRL
achieves significant relative improvements over
TTRL, with gains of 15.3% on Qwen2.5-MATH-
1.5B and 12.7% on LLaMA-3.1-8B-Instruct. Our
contributions are summarized as follows:

• We reveal that medium-frequency samples are
particularly prone to inducing noisy rewards.
Furthermore, we find that group-relative ad-
vantage normalization used in TTRL will am-
plify these spurious signals subsequently.

• Based on the above findings, we propose
DDRL, a framework that consists of a
balanced confidence-aware sampling, debi-
ased advantage estimation, and a lightweight
consensus-based off-policy refinement to mit-
igate the spurious signals.

• Extensive experiments on several LLMs and
several challenging mathematical benchmarks
demonstrate the effectiveness of DDRL in mit-
igating spurious signals.

2 Understanding Spurious Signals

2.1 Test-Time Reinforcement Learning
Test-time reinforcement learning (TTRL) (Zuo
et al., 2025) adapts a pre-trained language model πθ
at inference time via RL, specifically avoiding re-
liance on ground-truth supervision. Instead, TTRL
constructs training signals intrinsically using test-
time scaling.

Given an unlabeled test query q, the model sam-
ples N candidate responses {y1, y2, . . . , yN} by
repeated sampling yi ∼ πθ(· | q). A consensus
pseudo-label y∗ is then derived via majority voting
over the sampled responses. Based on this pseudo-
label, TTRL defines a binary reward function

r(y, y∗) = I(y = y∗), (1)

and seeks to maximize the expected reward under
the current policy:

max
θ

Ey∼πθ(·|q)
[
r(y, y∗)

]
. (2)

Notably, both the reward signal and the opti-
mization target are induced entirely from model-
generated outputs, without external verification.

To optimize πθ using the sampled rollouts,
TTRL adopts GRPO (Shao et al., 2024) as
the underlying reinforcement learning algorithm.
GRPO computes advantages by normalizing re-
wards within each sampled group:

Ai =
ri −mean(r)

std(r)
. (3)

The policy is then updated by maximizing the
clipped surrogate objective:

max
θ

Ei

[
min

(
fi(θ)Ai,

clip(fi(θ), 1− ϵ, 1 + ϵ)Ai

)] (4)

where fi(θ) =
πθ(yi|q)

πθold
(yi|q) and ϵ denotes the clipping

threshold.

2.2 Origin of Spurious Reward Signals
through Answer Frequency

Majority voting provides a convenient mechanism
for constructing pseudo-labels at test time, but it
does not guarantee alignment with ground-truth la-
bels. As a result, spurious reward signals are often
unavoidable when all sampled rollouts are treated
equally during optimization. To better understand
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(a) Correctness vs. frequency on MATH-500
(Qwen2.5-Math-1.5B).

0 10 20 30 40 50 60
Answer Frequency

0.0

0.2

0.4

0.6

0.8

1.0

P(
Co

rre
ct

Fr
eq

ue
nc

y)

Ambiguous
Region

Empirical Estimate
LOWESS Smoothing

(b) Correctness vs. frequency on MATH-500
(Qwen2.5-3B).

Figure 2: Answer frequency as an imperfect proxy for reliability. We analyze the relationship between answer
sampling frequency and correctness by sampling each prompt 64 times and grouping answers by frequency. High-
frequency answers are generally correct, while low-frequency answers are mostly incorrect. In contrast, answers
with medium sampling frequency exhibit high variance in correctness (shaded region), forming an ambiguous
regime where it is hard to determine the answer correctness. These ambiguous samples constitute a major source of
spurious reward signals in TTRL.

when pseudo-labels are reliable, we analyze the
relationship between answer correctness and sam-
pling frequency.

As shown in Figure 2, the correctness of a sam-
pled response is strongly correlated with how fre-
quently it appears among repeated generations.
High-frequency responses are predominantly cor-
rect, while low-frequency responses are mostly
incorrect. In contrast, responses with medium
sampling frequency exhibit substantial uncertainty:
their correctness probability varies sharply and is
highly unstable. We provide a Bayesian explana-
tion for this phenomenon in the Appendix C.

These medium-frequency samples constitute a
dominant source of spurious reward signals, as they
are neither consistently correct nor consistently in-
correct. Therefore, ideally, we should minimize
the use of these samples to reduce spurious signals.
However, standard TTRL treats all sampled roll-
outs the same in optimization, allowing ambiguous
medium-frequency samples to exert a dispropor-
tionate influence on the learning signal.

2.3 Amplification of Spurious Signals by
Group-Relative Advantage Estimation

GRPO (Shao et al., 2024) has proven highly effec-
tive in supervised RL, particularly in settings where
reliable labels ensure that positive rewards corre-
spond to correct behaviors. However, its inductive
bias implicitly assumes that rare positive samples
are informative and trustworthy. In unsupervised
RL, this assumption no longer holds.

As illustrated in Figure 3, GRPO constructs ad-

vantages by normalizing rewards within each group
of sampled rollouts. When the number of posi-
tive samples is small, this normalization leads to
large advantage magnitudes for positive samples.
In supervised scenarios, such behavior is desirable:
ground-truth supervision guarantees that rare posi-
tive samples are correct, allowing the optimizer to
emphasize informative signals.

In the context of TTRL, however, a small num-
ber of positive samples does not indicate scarcity of
valuable supervision. Instead, since rewards are de-
rived from majority-voted pseudo-labels, few posi-
tive samples directly reflect low consensus among
model-generated responses. Low consensus, in
turn, implies high uncertainty about the correctness
of the pseudo-label itself. As a result, GRPO as-
signs large advantages precisely to those samples
whose labels are the least reliable.

Adv. Estimation AIME2024 MATH

GRPO 15.8 73.0
GRPO (w/o norm.) 20.6 75.0

Table 1: A preliminary comparison between group-
relative and fixed advantage estimation in TTRL using
Qwen2.5-Math-1.5B. GRPO (w/o norm.) removes the
advantage normalization in GRPO.

This mismatch between GRPO’s inductive bias
and the semantics of pseudo-labels causes low-
consensus and potentially incorrect samples to ex-
ert a disproportionate influence on policy updates.
Consequently, spurious reward signals introduced
during pseudo-label construction are further ampli-
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but reliable signals. In unsupervised TTRL, sparse positive samples
indicate low consensus and unreliable pseudo-labels; assigning large
advantages to ambiguous samples amplifies spurious signals.

Figure 3: Behavior of group-relative advantage estimation under limited positive samples.

fied during advantage estimation, leading to unsta-
ble and misleading optimization dynamics.

To isolate the effect of advantage normalization,
we conduct a preliminary comparison between
GRPO and a simple fixed advantage scheme. As
shown in Table 1, replacing group-relative advan-
tages with constant, label-dependent values already
yields consistent improvements across benchmarks.
This observation suggests that the instability arises
primarily from inappropriate advantage scaling.

3 Mitigating Spurious Signals

Based on the analysis in Section 2, we propose
Debiased and Denoised Test-Time Reinforcement
Learning (DDRL) to mitigate the spurious signals.

3.1 Balanced Confidence-Aware Sampling
To denoise the potential spurious signal brought
by inappropriate reward, we propose balanced
confidence-aware sampling, which selectively fil-
ters noisy samples while preserving informative su-
pervision. Our design is guided by two principles:
(i) confidence-aware selection based on sampling
frequency, and (ii) balanced exposure to positive
and negative samples.

Formally, let c(yi) denote the occurrence count
of response yi among N sampled rollouts. We use
c(yi) as a confidence indicator, motivated by the
empirical observation in Section 2.2 that the con-
ditional correctness probability P (correct | c) is
high at extreme values of c and highly unstable in
the medium-frequency region. Rather than optimiz-

ing over all rollouts, we select a fixed number K
of samples for each prompt.

We first determine the number of positive sam-
ples as:

K+ = min

(
c(y∗),

⌊
K

2

⌋)
, (5)

where y∗ is the pseudo-label and ⌊·⌋ denotes the
floor function. This formulation ensures that (1)
we do not select more positives than are available,
and (2) positive samples never dominate the batch
(capped at 50%), thereby enforcing a balanced la-
bel distribution. The number of negative samples
is then given by:

K− = K −K+. (6)

Based on these quotas, the sampling procedure
is defined as follows. Positive selection: we
select the top-K+ samples corresponding to the
pseudo-label y∗. Negative selection: we select
the K− samples with the lowest occurrence counts.
We treat low-frequency samples as negatives to
mitigate false negatives. In complex reasoning
tasks, high-frequency alternatives may correspond
to valid or even correct reasoning paths and should
not be penalized. In contrast, rare outliers are
statistically more likely to be incorrect hallucina-
tions, making them safe negatives. By discarding
medium-frequency responses, we remove the high-
variance ambiguous region from optimization.
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3.2 Debiased Advantage Estimation

Motivated by the analysis in Section 2.3, to mitigate
the spurious amplification introduced by GRPO
advantage estimation, we replace group-relative
advantage estimation with a bias-corrected, fixed
advantage assignment for rollout yi:

Ai = I(y = y∗)− I(y ̸= y∗), (7)

where positive samples receive a constant advan-
tage of +1 and negative samples receive −1, in-
dependent of the number of positive samples in
the group. By decoupling advantage magnitude
from group statistics, this formulation eliminates
the amplification effect induced by normalization,
resulting in more stable and reliable optimization
under unsupervised pseudo-labels.

3.3 Consensus-Based Off-Policy Refinement

Although the preceding components reduce spuri-
ous signals during on-policy RL, policy updates
can still be noisy due to stochastic optimization.
However, the consensus here is typically much
stronger than in the initial phase. We therefore
introduce a lightweight off-policy refinement stage
to consolidate the improvements.

Let πθRL
denote the policy model after the RL

phase. For each test query q ∈ Q, we sample M
responses as follows:

{y1, . . . , yM}, yj ∼ πθRL
(· | q), (8)

with M = 128 in our experiments. A consensus
pseudo-label y∗(q) is obtained via majority voting,
and rejection sampling is applied to retain only
responses that agree with the consensus:

A(q) = {(q, yj) | yj = y∗(q)}. (9)

We then aggregate the accepted samples and yield
the off-policy dataset:

Dop =
⋃

q∈Q
A(q). (10)

Starting from θRL, we perform supervised fine-
tuning by maximizing

E(q,y)∼Dop
[log πθ(y | q)]. (11)

This stage distills high-consensus behaviors of the
RL-adapted policy into the model, providing a sta-
ble and efficient refinement of test-time updates.

4 Experiments

4.1 Setup

Benchmarks and Models. We evaluate DDRL on
three widely used mathematical reasoning bench-
marks: AIME 2024 (Li et al., 2024a), AMC (Li
et al., 2024a), and MATH-500 (Hendrycks et al.,
2021). To assess robustness across model archi-
tectures and scales, we conduct experiments on
a diverse set of models, including a base LLM
(Qwen2.5-3B (Qwen et al., 2025)), an instruction-
tuned LLM (Llama-3.1-8B-Instruct (Grattafiori
et al., 2024)), and a math-specialized model
(Qwen2.5-Math-1.5B (Yang et al., 2024)). Base-
lines. We compare DDRL against representative
test-time training methods. Specifically, we include
TTRL (Zuo et al., 2025), which performs unsuper-
vised reinforcement learning using majority-vote
pseudo-labels, and ETMR (Liu et al., 2025), which
improves rollout diversity by selectively forking
trajectories at high-entropy tokens. We also report
results of the original pretrained models without
any test-time adaptation, referred to as No Adapta-
tion.

Implementation Details and Evaluation Pro-
tocol. All experiments are implemented using the
verl framework (Sheng et al., 2024). For pseudo-
label estimation, we sample N = 64 rollouts per
prompt with temperature 1.0 for math-specialized
models and 0.6 for other models, following prior
work (Zuo et al., 2025). These rollouts are then
downsampled to 32 trajectories for training. We
optimize models using AdamW with a cosine learn-
ing rate schedule, where the peak learning rate is
set to 5× 10−7 for Qwen models and 2× 10−7 for
the Llama model to account for scale differences.
The maximum generation length is fixed to 3072
tokens. The number of training episodes is set to
10, 30, and 80 for MATH-500, AMC, and AIME
2024, respectively, proportional to dataset size. In
the off-policy refinement stage, we apply rejection
sampling independently for each prompt and retain
a fixed number of high-confidence samples (4 for
MATH-500 and 16 for AMC and AIME 2024). We
then perform supervised fine-tuning for 5 epochs
with a learning rate of 1 × 10−5. For evaluation,
we report pass@1 following DeepSeek-R1, where
16 responses are generated per prompt with tem-
perature 0.6 and top-p = 0.95, and accuracy is
averaged across prompts.
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Model Name AIME 2024 AMC MATH-500 Avg

Qwen2.5-Math-1.5B

No Adaptation 7.7 28.6 32.7 23.0
TTRL (Zuo et al., 2025) 15.8 48.9 73.0 45.9
ETMR (Liu et al., 2025) 21.0 50.8 76.9 49.6
DDRL 25.0 52.9 80.7 52.9
∆ ↑19.0% ↑4.1% ↑4.9% ↑6.7%

Qwen2.5-Base-3B

No Adaptation 4.4 24.5 53.2 27.4
TTRL (Zuo et al., 2025) 7.9 40.7 72.2 40.3
ETMR (Liu et al., 2025) 9.2 41.7 71.7 40.9
DDRL 10.0 42.2 72.7 41.6
∆ ↑8.2% ↑1.2% ↑1.4% ↑1.7%

Llama-3.1-8B-Instruct

No Adaptation 4.6 23.3 48.6 25.5
TTRL (Zuo et al., 2025) 10.0 32.3 63.7 35.3
ETMR (Liu et al., 2025) 16.9 35.4 59.5 37.3
DDRL 13.3 38.6 67.6 39.8
∆ ↓21.3% ↑9.0% ↑13.6% ↑6.7%

Table 2: Performance (pass@1) comparison among DDRL and baseline methods. ∆ represents the percentage
performance gain achieved by our method compared to ETMR. The best results are in bold.

Model BCS DAE COR AIME 2024 AMC MATH-500 Avg

Qwen2.5-Math-1.5B

- - - 15.8 48.9 73.0 45.9
✓ - - 17.3 46.9 74.1 46.1
✓ ✓ - 20.2 46.3 74.6 47.0
✓ ✓ ✓ 25.0 52.9 80.7 52.9

Qwen2.5-Base-3B
- - - 7.9 40.7 72.2 40.3
✓ - - 6.7 41.3 72.0 40.0
✓ ✓ - 10.0 42.2 72.3 41.5
✓ ✓ ✓ 10.0 42.2 72.7 41.6

Llama-3.1-8B-Instruct
- - - 10.0 32.3 63.7 35.3
✓ - - 13.3 38.4 64.4 38.7
✓ ✓ - 13.3 38.5 67.4 39.7
✓ ✓ ✓ 13.3 38.6 67.6 39.8

Table 3: Ablation study of DDRL. BCS, DAE, and COR denote balanced confidence-aware sampling, debiased
advantage estimation, and consensus-based off-policy refinement, respectively. The results demonstrate the
complementary effects of reducing spurious signals, correcting advantage bias, and consolidating learned behaviors.

4.2 Main Results

Table 2 compares DDRL with baseline methods
using pass@1 across three models and multiple
mathematical reasoning benchmarks.

Across all settings, DDRL consistently improves
over TTRL and, in most cases, over the stronger
ETMR baseline. On Qwen2.5-Math-1.5B, DDRL
achieves substantial gains over ETMR, improving
performance by +19.0% on AIME 2024, +4.1%
on AMC, and +4.9% on MATH-500, which corre-
sponds to a +6.7% average improvement. These
results indicate that mitigating spurious reward sig-
nals is particularly effective when the base model
already exhibits strong reasoning ability.

On Qwen2.5-Base-3B, DDRL yields consistent

but more moderate improvements across all bench-
marks, resulting in a +1.7% average gain over
ETMR. This suggests that while DDRL is broadly
effective, the magnitude of improvement depends
on the capacity of the underlying model.

On LLaMA-3.1-8B-Instruct, DDRL substan-
tially improves performance on AMC and MATH-
500, with gains of +9.0% and +13.6%, respec-
tively. Although DDRL underperforms ETMR on
AIME 2024, it remains consistently stronger than
TTRL and achieves the best average performance
among all methods.
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(a) AIME 2024 with Qwen2.5-Math-1.5B.
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Figure 4: Comparison of training dynamics between TTRL and DDRL via mean advantage.

4.3 Ablation Study

Table 3 reports an ablation study analyzing the
individual and combined effects of the proposed
components in DDRL.

Applying balanced confidence-aware sampling
(BCS) alone improves performance on Qwen2.5-
Math-1.5B and LLaMA-3.1-8B-Instruct, indicating
that filtering medium-frequency, ambiguous sam-
ples effectively suppresses spurious reward signals.
However, on Qwen2.5-Base-3B, BCS alone leads
to a slight degradation, suggesting that reducing
noisy supervision without correcting the optimiza-
tion dynamics can limit learning for some models.

Incorporating debiased advantage estimation
(DAE) consistently improves performance across
all models. Compared to BCS-only training, DAE
stabilizes optimization by removing frequency-
dependent advantage amplification, recovering the
performance drop on Qwen2.5-Base-3B and yield-
ing clear gains on the other models. This demon-
strates that debiasing advantage estimation is es-
sential for robust learning under unsupervised rein-
forcement learning with pseudo-labels.

Adding consensus-based off-policy refinement
(COR) further improves results in all settings. The
largest gains are observed on Qwen2.5-Math-1.5B,
where high-consensus behaviors learned during
reinforcement learning can be effectively consol-
idated. On Qwen2.5-Base-3B and LLaMA-3.1-
8B-Instruct, COR provides smaller but consistent
improvements, indicating that this stage primarily
serves as a stabilization and refinement step rather
than a primary driver of performance.

4.4 Additional Analysis

Advantage Dynamics. Figure 4 compares the
training dynamics of TTRL and DDRL by tracking
the mean advantage during optimization on AIME
2024 and MATH-500. Since the advantage reflects
the relative contribution of positive and negative
samples, its magnitude and sign provide insight
into how learning signals evolve over training.

On AIME 2024, the mean advantage under
TTRL remains close to zero throughout training,
indicating limited differentiation between positive
and negative samples’ contributions. In contrast,
DDRL maintains a consistently negative mean ad-
vantage, suggesting that optimization is dominated
by negative samples. Given the high difficulty of
AIME problems and the low reliability of early
pseudo-labels, this behavior suppresses premature
reinforcement of incorrect positive signals.

On MATH-500, DDRL exhibits a distinct transi-
tion in advantage dynamics. Early in training, the
mean advantage is strongly negative, reflecting con-
servative learning when pseudo-label confidence is
low. As training progresses, the mean advantage
gradually increases and becomes positive, indicat-
ing a shift toward learning from positive samples
as pseudo-label quality improves. This adaptive
transition is not observed in TTRL.

Analysis of the Off-Policy Stage. To assess
the efficiency and effectiveness of the consensus-
based off-policy refinement stage, we compare it
with extending the on-policy RL phase under com-
parable computational budgets. Experiments are
conducted on Qwen2.5-MATH-1.5B by allocating
additional RL training time corresponding to ap-
proximately one-tenth of the original RL budget
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Dataset Setting Epoch Time (↓) Pass@1 (↑)

AIME
BCS + DAE – – 20.2
+ Additional RL 8 15 min 19.2
+ COR (Ours) 5 3 min 25.0

AMC
BCS + DAE – – 46.3
+ Additional RL 3 42 min 46.9
+ COR (Ours) 5 3 min 52.9

MATH
BCS + DAE – – 74.6
+ Additional RL 1 72 min 74.4
+ COR (Ours) 5 5 min 80.7

Table 4: Comparison between additional on-policy RL
training and the consensus-based off-policy refinement
stage on Qwen2.5-MATH-1.5B. “BCS + DAE” denotes
the model performance after the RL stage without any
additional training.

for each dataset.
As reported in Table 4, additional on-policy

RL yields limited or inconsistent improvements
and can even degrade performance suggested on
AIME 2024. In contrast, the off-policy refinement
stage consistently achieves larger and more sta-
ble gains with substantially lower training cost.
Training for only five SFT epochs (3-5 minutes)
improves performance across all datasets, outper-
forming extended RL runs that require up to 72
minutes. These results indicate that consolidating
high-consensus behaviors via off-policy supervi-
sion is a more efficient and reliable alternative to
prolonging on-policy reinforcement learning.

5 Related Work

5.1 Test-Time Training
Test-time training (Sun et al., 2020; Liang et al.,
2025; Yu et al., 2025c) refers to a paradigm where
a model is adapted during inference by updating
its parameters using self-supervised or pseudo-
supervised signals available at test time, without
access to ground-truth labels. In early test-time
training (TTT) paradigms, pseudo-labeling (Liang
et al., 2020) and entropy minimization (Wang et al.,
2021; Yu et al., 2024, 2023) are the primary tech-
niques used to enhance a model’s generalization
ability under distribution shift during inference-
time.

In the context of LLMs, LMSI (Huang et al.,
2023) uses the high-confidence chain-of-thought
(CoT) trajectories with majority answers to SFT
the language model for improving both in-domain
and out-of-domain performance. Similarly, SEA-
LONG (Li et al., 2024b) scores the sampled trajec-
tories with Minimum Bayes Risks and then applies

SFT and preference optimization. TLM (Hu et al.,
2025) constructs a test-time learning paradigm for
LLMs that adapts to domain shifts by minimiz-
ing the input perplexity of unlabeled test data, with
sample-efficient selection and LoRA-based updates
to mitigate instability. TTRL (Zuo et al., 2025)
combines the TTT and TTS, using the majority
voting answer to conduct RL on unlabeled data.

5.2 Unsupervised Reinforcement Learning

TTRL (Zuo et al., 2025) proposes to perform rein-
forcement learning using unlabeled data. Recently,
a growing body of work has extended this paradigm
(Prabhudesai et al., 2025; Zhao et al., 2025; Wu
et al., 2025; Zhang et al., 2025a; Liu et al., 2025;
Yu et al., 2025d; Wei et al., 2025; Yan et al., 2026).
MM-UPT (Wei et al., 2025) extends the TTRL to
a multi-modal setting. RENT (Prabhudesai et al.,
2025) and INTUITOR (Zhao et al., 2025) both use
the model’s own confidence as the reward signal
for RL. ETTRL (Liu et al., 2025) proposes entropy-
fork tree majority rollout to fork rollout only at the
token with high entropy to form a diverse set and re-
shape the advantage according to the entropy. Simi-
larly, SPINE (Wu et al., 2025) forks the rollout only
at high entropy tokens and only applies loss on the
fork token. RESTRAIN (Yu et al., 2025d) applies
a negative rollout penalization when the model’s
prediction is in a low consensus and weights each
prompt with an offline estimated confidence. In
contrast to these approaches, which primarily focus
on designing alternative rewards or rollout strate-
gies, our work analyzes how spurious signals arise
and are amplified during optimization in unsuper-
vised settings. We show that advantage estimation
itself can introduce systematic bias when pseudo-
label reliability is low, and propose a unified frame-
work that jointly addresses the problem.

6 Conclusion

In this work, we investigate the prevailing spurious
signals in TTRL. We first empirically demonstrate
that ambiguous medium-frequency samples are the
major source of spurious signals and group-relative
advantage estimation amplifies these signals, lead-
ing to a misguided optimization. Based on these in-
sights, we propose debiased and denoised test-time
reinforcement learning, which denoises the spuri-
ous signals through a confidence-aware sampling
and applies a debiased advantage estimation. More-
over, a lightweight consensus-based off-policy re-
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finement stage is introduced to further enhance
the consensus. Extensive experiments on multi-
ple language models and mathematical reasoning
benchmarks demonstrate that DDRL consistently
outperforms existing TTRL-based methods under
comparable computational budgets. These results
highlight the importance of controlling uncertainty
and bias in test-time optimization and point to more
robust directions for unsupervised reinforcement
learning at inference time.

Limitations

Our experiments focus on mathematical reasoning
benchmarks with relatively well-defined correct-
ness criteria. It remains an open question whether
the proposed framework generalizes to more open-
ended generation tasks, such as dialogue or creative
writing, where pseudo-label ambiguity may mani-
fest differently.

To eliminate spurious signal amplification in-
troduced by group-relative normalization, DDRL
adopts a simple fixed, label-dependent advantage
assignment. While this design is effective and sta-
bilizes optimization in unsupervised settings, it rep-
resents a deliberately conservative choice. More ex-
pressive advantage formulations (e.g., confidence-
adaptive scaling or uncertainty-aware advantage
shaping) may further improve learning efficiency
and robustness. We leave the exploration of more
sophisticated advantage designs to future work.
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A Implementation Detail on Input
Prompt Format

Following TTRL (Zuo et al., 2025), we add the
reasoning prompt to the model:

Reasoning Cue

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

For Math-specialized models, we use it as a sys-
tem prompt; for other models, we append the cue
to the question.

B Why is DDRL Effective in Mitigating
Spurious Signals?

It is widely recognized that spurious learning sig-
nals in TTRL primarily originate from erroneous
pseudo-labels. Since DDRL also relies on pseudo-
labels for optimization, a natural question arises:
how does DDRL mitigate spurious signals without
eliminating pseudo-labeling altogether?

We argue that spurious signals introduced dur-
ing the reward construction stage stem from two
distinct sources: false negatives and false positives.
DDRL is designed to explicitly suppress the impact
of both.

False Negatives. False negatives correspond to
correct answers that are mistakenly assigned neg-
ative rewards. DDRL mitigates this issue through
balanced confidence-aware sampling, which pri-
oritizes samples with extreme answer frequencies.
As shown in Figure 2, low-frequency answers are
overwhelmingly incorrect, while correct answers
are more likely to appear at higher frequencies. By
preferentially selecting low-frequency samples as
negative examples, DDRL substantially reduces
the probability of assigning negative rewards to po-
tentially correct answers, thereby suppressing false
negatives.

False Positives. False positives arise when in-
correct answers are incorrectly assigned positive
rewards due to unreliable pseudo-labels. Although
such samples cannot be entirely avoided, DDRL
limits their influence in two ways. First, low-
consensus samples—where false positives are more
likely—have a lower probability of being selected
during training. Second, DDRL assigns fixed, label-
dependent advantages rather than amplifying ad-
vantages through group-relative normalization. As
a result, even when false positives are sampled,
their contribution to policy updates is bounded and

progresses more slowly. This effect is reflected in
the stabilized mean advantage dynamics shown in
Figure 4, demonstrating that DDRL effectively sup-
presses the impact of false positive signals during
optimization.

C The Probability Analysis of the Answer
Frequencies and Correctness

Probabilistic Interpretation. Let x ∈ [0, 1] de-
note the sampling frequency (self-consistency) of
an answer under repeated sampling, and let C and
C̄ denote the events that the answer is correct or
incorrect, respectively. The solid curves in Figure 5
correspond to the estimated conditional densities

pc(x) ≜ p(x | C), pi(x) ≜ p(x | C̄), (12)

while the dashed curve represents the posterior
probability p(C | x).

By Bayes’ rule, the posterior probability of an
answer being correct given its sampling frequency
is given by

p(C | x) = p(x | C) p(C)

p(x | C) p(C) + p(x | C̄) p(C̄)

=
πc pc(x)

πc pc(x) + πi pi(x)
,

(13)
where πc = p(C) and πi = p(C̄) = 1− πc denote
the prior probabilities.

Rewriting the posterior in log-odds form yields

log
p(C | x)

1− p(C | x) = log
πc
πi

+ log
pc(x)

pi(x)
, (14)

which shows that the shape of the dashed curve
is entirely determined by the likelihood ratio
pc(x)/pi(x).

As shown in Figure 5, incorrect answers dom-
inate the low-frequency regime where pi(x) ≫
pc(x), resulting in p(C | x) ≈ 0. Conversely,
correct answers increasingly dominate at high fre-
quencies where pc(x) ≫ pi(x), and the posterior
saturates near one. Crucially, in the intermediate
frequency interval—highlighted as the ambiguous
region—the two conditional densities substantially
overlap, yielding a likelihood ratio close to one. In
this regime, the posterior probability lies near the
decision boundary and becomes highly sensitive to
small variations in sampling frequency.

This behavior can be further characterized by the
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(a) Answer distribution on MATH-500 with
Qwen2.5-Math-1.5B.
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(b) Answer distribution on MATH-500 with
Qwen2.5-3B.

Figure 5: Conditional answer distributions reveal ambiguous frequency regions in self-consistency in the Figure 2.

derivative

d

dx
p(C | x) =

p(C | x)
(
1− p(C | x)

) d

dx
log

pc(x)

pi(x)
,

(15)

which explains why the posterior changes most
rapidly in the ambiguous region while flattening at
both extremes. Overall, this figure demonstrates
that sampling frequency provides reliable confi-
dence signals only in low- and high-frequency
regimes, whereas medium-frequency answers in-
herently induce uncertainty and constitute a major
source of noisy supervision in test-time reinforce-
ment learning.

C.1 Additional Results

We extended the analysis to a larger AIME collec-
tion (AIME 1983–2024, 933 problems) in Figure 6.
The same frequency–correctness pattern emerges:
answers in the medium-frequency regime exhibit
substantially higher uncertainty, while low-(<=5)
and high-(>=45) frequency regions remain rela-
tively reliable. This confirms that the key assump-
tion behind BCS is not specific to MATH-500 but
generalizes to other datasets.

Method AIME 2024 AMC MATH-500 Avg

Qwen2.5-Math-7B 12.9 35.6 46.7 31.7
+TTRL 40.2 68.1 83.4 63.9
+DDRL 40.3 69.0 86.7 65.3

Table 5: Additional Results on Qwen2.5-Math-7B.

We evaluate a larger variant within the same
family, Qwen2.5-Math-7B, to better isolate scal-
ing effects in Table 5. DDRL continues to show
consistent improvements over TTRL at this larger
scale

Refinement Size (compared to original setting) AIME 2024 AMC MATH-500

1x (original setting) 25.0 52.9 80.7
2x 25.2 53.0 80.7
4x 25.3 53.0 80.8

Table 6: Sensitivity analysis of refinement size on math-
ematical reasoning benchmarks.

To investigate the impact of the refinement size
on model performance, we conduct a sensitivity
analysis by scaling the original setting (1x) to
2x and 4x Table 6. As shown in the table, our
method demonstrates remarkable robustness to this
hyperparameter. Scaling up the refinement size
yields highly marginal improvements across all
benchmarks. Specifically, the accuracy on AIME
2024 only increases slightly from 25.0 to 25.3,
while performance on AMC and MATH-500 satu-
rates almost immediately, showing negligible gains
(≤ 0.1). These results indicate that the model’s
capabilities are already fully elicited at the 1x scale.
Given the linear increase in computational over-
head associated with larger refinement sizes, the
extremely low marginal benefit justifies our choice
of 1x as the default setting. It achieves an opti-
mal trade-off, maintaining strong reasoning perfor-
mance while minimizing inference costs.
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Algorithm 1 Debiased and Denoised Test-Time Reinforcement Learning (DDRL)

Require: Test queries Q, pretrained policy πθ0 , number of rollouts N , selected samples per query K, RL
epochs ERL, off-policy rollout size M , SFT epochs ESFT

Ensure: Adapted policy πθ
1: Initialize policy πθ ← πθ0

▷ On-policy Test-Time RL
2: for e = 1 to ERL do
3: for each query q ∈ Q do
4: Sample N rollouts {yi}Ni=1, where yi ∼ πθ(· | q)
5: Obtain pseudo-label y∗ via majority voting
6: Compute frequency c(yi) for each rollout

▷ Balanced Confidence-Aware Sampling
7: K+ ← min(c(y∗), ⌊K/2⌋)
8: K− ← K −K+

9: Select K+ positive samples with label y∗

10: Select K− negative samples with lowest frequencies
▷ Debiased Advantage Estimation

11: for each selected rollout y do
12: A(y)← I(y = y∗)− I(y ̸= y∗)
13: end for
14: Update πθ using policy gradient with advantages {A(y)}
15: end for
16: end for

▷ Consensus-Based Off-Policy Refinement
17: Initialize off-policy dataset Dop ← ∅
18: for each query q ∈ Q do
19: Sample M rollouts {yj}Mj=1 from πθ
20: Obtain consensus label y∗(q) via majority voting
21: Add (q, yj) to Dop if yj = y∗(q)
22: end for
23: for e = 1 to ESFT do
24: Fine-tune πθ on Dop with supervised learning
25: end for
26: return πθ
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(a) Correctness vs. frequency on AIME (Qwen2.5-
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Figure 6: Answer frequency as an imperfect proxy for reliability on AIME (1985-2024).
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