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Abstract

Current label-free RLVR approaches for large
language models (LLMs), such as TTRL and
Self-reward, have demonstrated effectiveness
in improving the performance of LLMs on com-
plex reasoning tasks. However, these meth-
ods rely heavily on accurate pseudo-label es-
timation and converge on spurious yet pop-
ular answers, thereby trapping in a domi-
nant mode and limiting further improvements.
Building on this, we propose Dual Consensus
Reinforcement Learning (DCRL), a novel self-
supervised training method which is capable
of generating more reliable learning signals
through a two-stage consensus mechanism.
The model initially acts as an anchor, produc-
ing dominant responses; then it serves as an
explorer, generating diverse auxiliary signals
via a temporary unlearning process. The final
training target is derived from the harmonic
mean of these two signal sets. Notably, the pro-
cess operates entirely without external models
or supervision. Across eight benchmarks and
diverse domains, DCRL consistently improves
Pass@1 over majority vote while yielding more
stable training dynamics. These results demon-
strate that DCRL establishes a scalable path
toward stronger reasoning without labels.

1 Introduction

Reinforcement Learning with Verifiable Rewards
(RLVR) has emerged as an effective approach to
boosting the performance of Large Language Mod-
els (LLMs), enabling superior reasoning capabil-
ities through long chain-of-thought (Wei et al.,
2023) reasoning on various challenging bench-
marks (OpenAl et al., 2024; DeepSeek-Al et al.,
2025; Yang et al., 2025). However, typically im-
plemented via algorithms such as Group Relative
Policy Optimization (GRPO) (Shao et al., 2024),
current RLVR approaches heavily rely on human-
annotated datasets or, at a minimum, environments
that provide verifiable ground-truth signals (Le
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Figure 1: An overview of Dual Consensus Reinforce-
ment Learning (DCRL). Specifically, the policy model
assumes two roles: (1) an anchor that generates dom-
inant and reliable responses; (2) an explorer that pro-
duces diverse auxiliary signals through a temporary un-
learning process.

et al., 2022; Wang et al., 2024a). This reliance
restricts its generalizability to fully unlabeled or
distribution-shifted tasks where neither human an-
notations (Ziegler et al., 2020) nor executable envi-
ronments are accessible. As LLMs approach or sur-
pass human-level performance, they will inevitably
operate in domains where even expert humans can-
not provide definitive judgments or reliable evalua-
tions, which motivates the exploration of training
on unlabeled data.

Recent studies (Shafayat et al., 2025; Zhao
et al., 2025a) find that LLMs can achieve self-
improvement without labeled data. One approach
is determinism-based methods (Prabhudesai et al.,
2025; Zhang et al., 2025b), which derive rewards
from the confidence of a single policy along trajec-
tories, thereby encouraging low-entropy and high-
confidence predictions. These methods can achieve
better performance by sharpening the model’s out-
puts, but it remains debatable whether they are
truly effective for improving reasoning capabilities.
Another approach is aggregation-based methods
(Zhang et al., 2025c; Yu et al., 2025b; Wu et al.,
2025), which derive rewards from agreement across
multiple samples, assuming that cross-sample con-



sistency correlates with correctness. Nevertheless,
these approaches still suffer from two critical limi-
tations:

* Spurious Reward Signals: Models strug-
gle to generate distinguishable reward sig-
nals, especially when tackling hard reason-
ing tasks; the answers derived from majority
vote may themselves suffer from systematic
biases (Zhao et al., 2025b). In the later stages
of training, spurious majority outcomes can
come to dominate, yet the correct solutions
may instead lie within the minority rollouts.

* Lack Exploration Capability: By contin-
uously rewarding consensus across diverse
trajectories, the model’s output distribution
becomes increasingly rigid and concentrated,
resulting in a severe deficiency in exploration
capability or even entropy collapse (Cui et al.,
2025). Consequently, the model tends to con-
verge to a narrow set of suboptimal responses
and exhibits degraded performance when con-
fronted with out-of-domain (OOD) tasks.

In this paper, we propose Dual Consensus—a
novel framework for Unsupervised Reinforcement
Learning with Verifiable Rewards (URLVR) driven
by a multi-stage vote mechanism. Our core insight
stems from the following intuition: valid reasoning
trajectories should not only converge to the dom-
inant mode but also exhibit enhanced robustness
when the distribution of the model is artificially
flattened.

Instead of naively adopting the fragile majority
vote as the pseudo-label, we decompose the rollout
process into two stages: anchor and explorer. The
anchor stage involves normal rollouts where the
model generates responses under its current policy,
capturing the dominant reasoning mode. Subse-
quently, in the explorer stage, we introduce a tem-
porary unlearning process to flatten the distribution
and enhance exploration, thereby encouraging the
generation of diverse auxiliary responses that devi-
ate from the dominant mode. After obtaining the
two signal sets, we compute the harmonic mean of
their consensus scores to determine the final reward
signal. This harmonic mean balances the reliability
of the dominant mode (from the anchor stage) and
the diversity of potential valid trajectories (from
the explorer stage), effectively mitigating the ad-
verse impact of majority vote when it converges to
spurious answers.

To validate our approach, we demonstrate the
effectiveness of Dual Consensus through extensive
experiments. We first train models on the large-
scale DAPO-14K-Math dataset and evaluate them
on multiple established benchmarks. Addition-
ally, we apply test-time adaptation on five distinct
datasets to further assess our method. In summary,
our key contributions are as follows:

¢ A novel URLVR method, Dual Consensus,
which utilizes the intrinsic robustness of the
model to guide the model to evolve with pol-
icy optimization methods such as GRPO. No-
tably, the framework is entirely free of ex-
ternal models and enables continuous self-
improvement without supervision.

* A pseudo-label selection mechanism and re-
ward design that exploits the intrinsic robust-
ness of the model itself to generate more reli-
able reward signals, mitigating the toxicity of
majority vote when it fails.

* We empirically verify the general effective-
ness of Dual Consensus in boosting LLMs’
reasoning performance via comprehensive ex-
periments, and additionally present systematic
ablation studies and in-depth further analyses.

2 Methodology

In this section, we present the details of Dual Con-
sensus. It mitigates spurious majority bias by gen-
erating diverse signals via Unlearn Then Explore,
identifying more accurate labels through Harmonic
Election, and stabilizing updates with Adaptive
Sampling.

Our framework employs Grouped Relative Pol-
icy Optimization (GRPO) (Shao et al., 2024) as its
foundational RL algorithm—it stabilizes training
by normalizing advantage estimates across multiple
rollouts of the same prompt.

For a given input prompt x (paired with its
ground-truth label y), GRPO first samples n roll-
outs {y; }1_; from the current policy. For each roll-
out y;, GRPO computes areward r; = R(y;, y | x),
then derives the group-normalized advantage A;:

A= (1)

where 7 = 131" | 7 denotes the mean reward
of the rollout group, and o, is the standard devi-
ation of the group rewards. The GRPO objective



optimizes the target policy my by maximizing the
clipped normalized advantage:

Lcreo(z,y;0) =
% Z min(pi(e)fli, clip(pi(6),1 — ¢, 1+ e)fll)
i=1

— Bk [mo(- | 2) || meet(- | 2)]  (2)

where p;(0) = mg(yi | ©)/7oa(yi | x) is the im-
portance sampling ratio.

2.1 Unlearn Then Explore

Following the GRPO framework, we first initialize
an anchor model (parameterized by 6”) by cloning
the current policy model (parameterized by 6), i.e.,
0’ + 6. We then strategically apply an unlearn-
ing strategy (Liu et al., 2024) to transform this
anchor into an explorer. Unlike EEPO (Chen et al.,
2025), which simply employs unlearning as a sup-
plementary technique to enhance exploration, our
approach leverages unlearning as a core methodol-
ogy to actively search for correct answers.

To implement this unlearning strategy, we firstly
introduce the standard negative log-likelihood
(NLL) loss that is defined as:

LNl = — log 7ranchor(yi,t ‘ Z, yi,<t) 3)

This loss function imposes heavier penalties on
predictions with low probability. Conversely, we
take a complementary loss function that inverts the
penalty pattern of the NLL loss.

To ensure numerical stability when Tanchor(¥i ¢ |
x,Y; <) — 1 (which would make 1 — Tanchor (¥t |
x, Vi <t) approach zero and cause numerical over-
flow), we first perform a clipping operation on the
prediction probability from the anchor model:

Dclip = Chp(ﬂ-anchor(yi,t | x, yi,<t)7 61— 6) 4)

where € is a small positive constant for numerical
stability. This clipping operation both avoids the
term 1 — Tanchor (Yi ¢ |, Yi,<¢) from becoming ex-
cessively small and eliminates unnecessary penal-
ties for tokens with extremely low probabilities that
are irrelevant to meaningful exploration.

Based on the clipped probability pei;p, we define
the stabilized unlearning loss as follows:

Luntearn = — 1Og(1 - pclip) (5

This loss function achieves the targeted penalty
characteristic: high pjip tokens lead to a large nega-
tive log(1 —peiip), and minimizing the loss enforces
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Figure 2: Output distributions of the Anchor and Ex-
plorer models. The Explorer model, after the unlearning
process, generates a more diverse distribution.

a sharp reduction in their probabilities with strong
penalties.

To implement this unlearning process in practice,
we apply a single gradient descent step to the an-
chor model using the unlearn loss Lypjearn, Which
transforms it into an explorer model:

9/ — 9/ — HVQlﬁunleam (0/) (6)

where 1 denotes the learning rate for this unlearn-
ing step. Critically, this update is temporary—it is
confined exclusively to the anchor model within
the current iteration, and the parameters of the orig-
inal policy model # remain unchanged.

The gradient update direction —nV g Lynlearn
suppresses high-confidence tokens from the anchor
model. The derivative of Lunicarn = — log(1—peiip)
assigns larger gradient magnitudes to tokens with
higher pcj;p, values, and gradient descent directly
drives the reduction of their probabilities to achieve
the unlearning effect.

As illustrated in Fig. 2, the explorer model mod-
ulates the anchor’s probability distribution, expand-
ing the coverage of generated responses to include
trajectories that deviate from the dominant mode,
which provides the necessary diverse reasoning sig-
nals for subsequent consensus aggregation.

2.2 Harmonic Election

Instead of relying on majority vote, we employ
the harmonic mean to establish consensus between
the anchor and explorer models, which effectively
balances exploration and exploitation (shown in
Fig 3). This consensus process proceeds in three
sequential steps.

First, we perform anchor rollout: drawing G
trajectories from the anchor policy manchor, denoted
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Figure 3: Comparison between Majority vote and Dual Consensus: Majority vote tends to fall into spurious
consensus by over-relying on dominant but potentially incorrect response modes, while Dual Consensus mitigates
this issue by converting the anchor model (which captures dominant reasoning patterns) into an explorer model via
temporary unlearning. This transformation enables the framework to explore diverse alternative response modes,
thereby balancing the reliability of current dominant patterns and the diversity of potential valid alternatives, and

ultimately achieving more accurate answer selection.

as:
;0G} (N

Then we apply temporary unlearning to Tanchor DY
minimizing the unlearning loss (Eq. 5), thereby
suppressing its dominant generation patterns and
converting it into the explorer model mexplorer-

We subsequently conduct explorer rollout: gener-
ating another G trajectories from explorer, forming
the set:

O() = {01,02,...

O1 = {0},04,...,05}. 8)

Let A be the set of all candidate answers. For
each a € A, we compute its empirical occurrence
probabilities in Og and Ox:

©))

Q \

(10)
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where I(-) is the indicator function.
The consensus pseudo-label y* is then selected
as the answer that maximizes the harmonic mean

of po(a) and p1(a):
. 2po(a)p1(a)

Yy~ = arg max

. 11
B @ +m@ OV

We note Self-Harmony (Wang et al., 2025) also
uses the harmonic mean, yet our method only pro-
cesses the model’s distribution for the same input,
thus avoiding Self-Harmony’s semantic inconsis-
tency in question rephrasing—an frequently recur-
ring issue with catastrophic consequences.

During reward computation, a full reward is
assigned to trajectories generating the consensus

pseudo-label y*. Trajectories consistent with the
majority result of the anchor are assigned a mod-
est reserved reward to avoid negative advantages
in subsequent estimation, since such trajectories
are still deemed promising relative to other coun-
terparts. Formally, the reward for trajectory ¢ is
defined as:

1 ify(o) = y*,
r; =405 if yz(O) = Yanchors
0 otherwise,

(12)

where Janchor = arg max,¢ 4 ZoieOo ]1(02- — a)
denotes the majority answer from the anchor tra-
jectories.

2.3 Adaptive Sampling

Unlike the static sampling strategy in majority
vote (Zuo et al., 2025), we introduce the consensus
rate as a signal to adaptively regulate the contribu-
tion of anchor and explorer rollouts during policy
updates.

We formally define the consensus rate p; at step
t as the proportion of anchor-sampled trajectories
whose generated answers are consistent with the
majority-voted result ¢anchor Of the anchor stage,
which is formulated as:

Z Z)anchor)

0600

(13)

where y(0) denotes the answer extracted from tra-
jectory o, and I(+) is the indicator function.

To capture long-term consistency and mitigate
step-wise noise, we maintain a sliding window of
the consensus rate over the most recent K steps



and compute its mean:

| X
ot = T ; Pt—k+1-

A high p; indicates that the policy model consis-
tently converges to the same answer, reflecting
strong model certainty and deterministic behavior;
conversely, a low p; suggests ongoing exploration.

Based on p;, we design a dynamic sampling
selection rule with threshold 1/2:

(14)

* When p; < %, only anchor trajectories O are
used for policy updates. Explorer trajectories
O still participate in consensus formation via
harmonic vote but are excluded from gradient
computation. This prevents premature incor-
poration of noisy exploratory signals while
preserving rare answers that align with the
pseudo-label.

¢ When p; > %, both Oy and O are included
in training. This enables the policy to lever-
age reliable anchor behaviors while actively
integrating diverse, high-quality explorations.

The effective rollout set for policy update is defined

as:
O
Otrain == 0 o 1
OpU O if py > 3.

oo o1
it py < 3, (15)
Only trajectories in Oy, contribute to the pol-
icy gradient, ensuring a smooth transition from
exploitation-dominant to balanced exploration-
exploitation learning.

The overall workflow of the proposed Dual Con-
sensus algorithm is summarized in Algorithm 1.

3 Experiments

In this section, we first introduce the experimen-
tal setup, then discuss the overall effectiveness of
our method, and finally present the results of our
ablation studies.

3.1 Setups

To comprehensively evaluate the effectiveness of
DCRL, our experiments are conducted under two
distinct training paradigms:
» Large-Scale Unsupervised Learning: Directly
applying DCRL to train models from scratch on
a large, unlabeled dataset.

¢ Test-Time Adaptation (TTA): Using DCRL to
adapt a pre-trained model to new, unseen bench-
marks via constant unsupervised training.

Algorithm 1 Dual Consensus: An Unsupervised
RLVR Algorithm

1: Initialize: policy 0°; learning rates 7)Grpo, 7u;
group size G iterations T'

2: fort =0to7 — 1do

3: Sample query x ~ D

4: Sample G trajectories Oanchor ~ 7ot (- | ),
compute consensus rate p; and p;

5: e < 0" — nuvei £u(0anchor)

: Sample G trajectories Oexplorer ~ 74, (- |

x)
7: S(a) = % for each answer a in
Oanchor U Oexplorer

8: Pseudo-label y* = arg max, S(a)

9: if p+ > 1/2 then

10: O+ Oanchor U Oexplorer

11: else

12: O < Oanchor

13: end if

14: Compute rewards and advantages for O

15: 011 < 0! + ngrro Ve Jorro (6% O)
16: end for

Models: Our target models include Llama3.2-3B-
Instruct (Grattafiori et al., 2024), Qwen3-4B-Base,
and Qwen3-8B-Base (Yang et al., 2025). Addi-
tionally, for the TTA paradigm, we also conduct
experiments on Qwen2.5-Math-1.5B (Yang et al.,
2024).

Implementation: Our primary training dataset
is DAPO-Math- 14k, a processed version of DAPO-
Math-17k (Yu et al., 2025a), which is refined by
deduplicating prompts and standardizing the for-
matting of both prompts and reference answers. We
train each model on this dataset for two epochs to
mitigate overfitting. All experiments are based on
the VeRL framework (Sheng et al., 2025). Imple-
mentation details are reported in Appendix A.

Benchmarks: Our benchmark suite comprises
eight challenging datasets, including six math-
specific: (1) MATH-500 (Hendrycks et al., 2021),
(2) GSMB8K (Cobbe et al., 2021), (3) AIME24
(Yang et al., 2025), (4) Minerva-math (Lewkowycz
et al., 2022), (5) AMC (Zuo et al., 2025), (6)
OlympiadBench (He et al., 2024); and two multi-
task benchmarks: (1) MMLU-Pro (Wang et al.,
2024b), (2) GPQA-Diamond (Rein et al., 2024).
For the TTA experiments, we evaluate on subsets of
MATH-500, AIME24, AMC, and GPQA-Diamond.



Math

Multi-Task

Methods Math GSMSK AIME24 Minerva, AMC Olympiad. MMLU. GPQA, | verage
Llama3.2-3B-Instruct
Vanilla 24 761 45 11.7 20.6 14.6 26.4 223 273
GRPO 492 797 13.5 14.9 232 153 32.8 23.8 315
RENT 454 78.5 9.4 11.2 20.9 15.2 30.3 227 29.2
TTRL 44.6 71.8 10.2 12.4 215 14.6 25.9 214 27.8
Co-Rewarding-1 | 45.3 774 11.8 15.1 222 14.8 339 243 30.6
Co-Rewarding-II | 47.6 76.9 11.6 13.7 23.3 15.3 24.9 214 29.3
DCRL(ours) 478  79.1 11.8 15.8 233 15.4 339 247 314
Owen3-4B-Base
Vanilla 474 87.0 9.3 24.5 38.3 34.9 48.6 30.7 40.0
GRPO 76.8 91.8 13.1 32.9 45.2 36.1 522 34.8 47.8
RENT 72.1 85.0 10.2 23.7 443 36.6 48.6 322 44.0
TTRL 74.4 91.3 115 29.0 44.7 37.0 51.2 32.8 46.4
Co-Rewarding-1 | 74.8 91.6 11.8 31.1 43.1 36.9 522 32.9 46.7
Co-Rewarding-1I | 74.5 91.7 11.6 30.8 44.5 37.1 52.6 333 47.0
DCRL(ours) 748 917 12.4 31.2 45.6 37.2 52.6 343 474
Owen3-8B-Base

Vanilla 61.8 88.3 12.5 25.0 48.9 40.1 50.6 323 44.9
GRPO 82.0 93.8 20.4 34.1 57.0 458 575 38.1 535
RENT 75.3 86.5 13.1 254 49.7 40.3 525 34.5 47.1
TTRL 78.3 92.9 14.4 327 512 40.9 55.2 36.5 50.2
Co-Rewarding-I | 78.2 92.7 12.2 32.0 512 40.7 56.7 37.9 50.2
Co-Rewarding-1I | 77.2 92.9 12.2 323 51.8 40.2 56.1 37.6 50.0
DCRL(ours) 792 933 14.7 327 51.9 40.9 56.7 37.9 50.9

Table 1: Main Results (%) of DCRL Trained on DAPO-Math-14k: DCRL Outperforms All Label-Free
Baselines. The best results are highlighted in bold. DCRL exceeds all unsupervised methods and nearly matches

GRPO with gold labels.
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Figure 4: Training Dynamics of Dual Consensus on
Qwen3-8B-Base. DCRL-Anchor in Fig. 4b refers to the
majority vote of the anchor model in DCRL.

Baselines: We compare DCRL against four
unsupervised RLVR methods, including one
determinism-based approach RENT (Prabhude-
sai et al., 2025), and three aggregation-based ap-

proaches TTRL (Zuo et al., 2025), Co-Rewarding-
I, and Co-Rewarding-II (Zhang et al., 2025c).
Specifically, for Co-Rewarding-I, we adopt a
dataset rephrased by Qwen3-32B for all related
experiments.

Metrics: We use the Pass@1 metric. For each
question, we sample 16 predictions using a temper-
ature of 0.6 and a top-p value of 0.95. The final re-
ported score is the average Pass@1 accuracy across
these 16 independent seeds.

3.2 Results

3.21

Table 1 presents the main results of DCRL trained
on DAPO-Math-14k across eight challenging rea-
soning benchmarks. Our method consistently out-
performs all label-free baselines—including RENT,
TTRL, and both variants of Co-Rewarding—across
different model scales and task domains. Notably,
on the Qwen3-8B-Base model, DCRL achieves
79.2% on MATH-500, surpassing the strongest
baseline TTRL at 78.3% by 0.9%, and improves
AIME24 from 14.4% to 14.7%, demonstrating

Main Performance of Dual Consensus



its effectiveness on extremely hard competition-
level problems. On multi-task benchmarks, DCRL
matches or exceeds Co-Rewarding-I on MMLU-
Pro and GPQA-Diamond, confirming its generaliz-
ability beyond pure math reasoning.

Remarkably, despite being fully unsupervised
and using no ground-truth labels, DCRL achieves
performance on par with, and occasionally exceeds,
the supervised GRPO baseline. On Llama3.2-3B-
Instruct, Qwen3-4B-Base, and Qwen3-8B-Base, it
yields average gains of +7.5%, +4.0%, and +6.1%
on MMLU-Pro respectively.

—— Majority Vote
—— Dual Consensus | g5 —— Dual Consensus

—— Majority Vote
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Figure 5: Comparison of reward signal between Major-
ity Vote and Dual Consensus.

Compared with Majority Vote: We adopt
TTRL (Zuo et al., 2025) as a representative baseline
that relies on standard majority vote for pseudo-
label estimation. Fig 4 and Fig 5 depict the training
dynamics on Qwen3-8B-Base: our method can se-
lect low-consistency answers (especially early in
training) and achieves higher ground-truth reward
accuracy. This demonstrates that Dual Consensus
produces more reliable supervision signals than
naive majority vote.

3.2.2 Test-time Adaption

Llama3.2-3B-Instruct

Qwen3-4B-Base

Step

TTRL-AIME24 TTRL-AMC TTRL-MATH
—— DCRLAIME24 —— DCRLAMC —— DCRL-MATH

Figure 6: Label accuracy curves (smoothed) of test-time
adaptation for DCRL and TTRL across different tasks.

Test-time Adaptation (TTA) serves as a critical
validation scenario for unsupervised RLVR meth-
ods, as it directly evaluates the ability to escape
spurious majority bias and generalize to unseen rea-
soning tasks without labeled data. The performance

\ Datasets \

Methods Average
| MATHS00  AIME24 AMC GPQA |
QOwen2.5-Math-1.5B
Vanilla | 306 5.6 234 154 | 187
TTRL ‘ 72.9 17.0 45.3 222 ‘ 39.3
DCRL(ours) 74.5 17.7 46.6 228 40.4
A(TTRL) | 122% 14.1% 12.8% 127% | 127%
Llama3.2-3B-Instruct
Vanilla | 424 45 20.6 223 | 224
TTRL ‘ 59.6 10.0 26.5 28.9 ‘ 312
DCRL(ours) 59.8 133 323 32.6 34.5
A(-TTRL) | 103% 133.0% 121.8%  1128% | 1105%
Qwen3-4B-Base
Vanilla | 474 93 383 307 | 314
TTRL ‘ 82.6 17.2 56.5 35.3 ‘ 479
DCRL(ours) 83.4 20.6 56.5 35.6 49.0
ACTTRL) | 10.9% +19.7% 10.0% 108% | 122%
QOwen3-8B-Base

Vanilla \ 61.8 12.5 48.9 323 | 388
TTRL ‘ 85.7 19.8 59.8 43.1 ‘ 52.1
DCRL(ours) 86.4 22.8 61.0 44.5 53.6
A(TIRL) | 10.8% 115.1% 12.0% 132% | 128%

Table 2: Results (%) of Test-Time Adaptation
Trained on Different Datasets: DCRL Consistently
Outperforms the TTRL Baseline. All results are eval-
uated under the same experimental settings and reported
as the average pass@ 1 over 16 independent seeds.

of TTA is presented in Table 2. We did not include
methods such as RESTRAIN (Yu et al., 2025b) and
Self-Harmony (Liu et al., 2025) as baselines be-
cause their official code has not been released.
Although TTA still enables generalization to
other unseen scenarios with limited data (Shafayat
et al., 2025; Zuo et al., 2025), a defining character-
istic of TTA is its immunity to overfitting concerns.
In this setting, the model’s ability to a priority avoid
spurious reward signals becomes critically impor-
tant. As demonstrated in Table 2, our DCRL con-
sistently outperforms TTRL across all evaluated
tasks, validating the efficacy of our dual consensus
mechanism in suppressing misleading signals.

3.3 Ablation Studies

To understand the contribution of each component
in our DCRL framework, we conduct a series of
ablation studies on the Qwen3-8B-Base model, and
the results are summarized in Table 3. More de-
tailed results are shown in Appendix A.

Impact of Harmonic Election Replacing har-
monic mean consensus with simple majority voting
from the anchor model alone leads to performance
drops. This confirms that harmonic election effec-
tively mitigates spurious majority bias by fusing



Method ‘ MATH GSMSK AIME24 MMLU. GPQA. ‘ Average
DCRL (Full) 79.2 93.3 14.7 56.7 379 56.3
- w/o Harmonic Election 78.7 93.4 14.3 56.2 37.8 56.0
- w/o Conservative Reward 78.3 93.3 12.2 57.2 36.2 554
- w/o Dynamic Sampling 76.4 90.3 14.3 52.0 344 53.4

Table 3: Ablation Studies to Analyze the Contribution

both dominant and diverse exploratory signals to
produce more reliable pseudo-labels.

Impact of Conservative Reward Simplifying
our reward design to a binary scheme (1 for correct,
0 otherwise) results in performance degradation,
especially in difficult tasks. This demonstrates that
our conservative reward, which reserves a mod-
est reward for anchor majority answers, stabilizes
training by preventing extreme fluctuations in ad-
vantage estimation and avoiding harsh penalties to
high-confidence trajectories.

Impact of Dynamic Sampling Using both an-
chor and explorer samples for training at all times
leads to the worst overall performance. This un-
derscores the importance of dynamic sampling in
balancing exploration and exploitation: it excludes
noisy signals early on to avoid reward hacking and
incorporates high-quality exploration later, ensur-
ing stable training while preserving the ability to
escape suboptimal modes.

4 Related Works

Unsupervised RL for LLMs: LLMs can achieve
self-improvement without labeled data via two typ-
ical unsupervised RL paradigms: determinism-
based methods (Prabhudesai et al., 2025; Zhang
et al., 2025b) encourage low-entropy and high-
confidence predictions for performance sharpen-
ing, while aggregation-based methods (Zhang et al.,
2025¢; Yu et al., 2025b; Wu et al., 2025) assign
rewards by cross-sample agreement, which takes
cross-sample consistency as the proxy of prediction
correctness.

Test-time Adaptation for LLMs: Recent works
(Akyiirek et al., 2025) have demonstrated that
LLMs can leverage reinforcement learning to con-
duct test-time adaptation (Sun et al., 2020), which
effectively enhances model performance on unseen
data and even surpasses the performance of stan-
dard training protocols. This paradigm (Zuo et al.,
2025; Wu et al., 2025; Liu et al., 2025; Zhou et al.,

of DCRL Core Modules with the Qwen3-8B-Base Model.

2025; Zhang et al., 2025a) empowers models to dy-
namically adapt to novel task distributions without
access to extra labeled training data.

5 Conclusion

In this paper, we propose DCRL, an unsupervised
Reinforcement Learning with Verifiable Rewards
(RLVR) framework that transforms intrinsic model
robustness into reliable learning signals, enabling
LLMs to self-improve on reasoning tasks without
annotated data. By (i) adopting an Unlearn-Then-
Explore strategy to break dominant suboptimal
reasoning patterns and enhance exploration capa-
bility, (ii) leveraging a Harmonic Election mech-
anism to balance reliability and diversity for ro-
bust pseudo-label estimation, and (iii) introduc-
ing Adaptive Sampling to dynamically regulate
the exploration-exploitation trade-off during train-
ing, DCRL effectively mitigates the spurious major-
ity bias—a critical limitation of existing label-free
RLVR methods. Empirically, extensive evaluations
across diverse LLMs and challenging reasoning
benchmarks demonstrate that DCRL consistently
outperforms current determinism-based approaches
and aggregation-based approaches, which paves a
scalable path for LLM self-improvement without
external supervision.

Limitations

Although DCRL successfully mitigates spurious
majority issues and boosts reasoning performance
via dual consensus and enhanced exploration, it
still has key limitations when encountering severe
systematic prior bias, where both anchor and ex-
plorer signals converge to consistent spurious con-
sensus. This provides little corrective supervision
and even reinforces misleading reasoning patterns
through policy optimization. Moreover, its perfor-
mance gains diminish for extremely complex out-
of-distribution reasoning tasks that deviate far from
the model’s pretraining distribution, as anchor-
explorer fails to reconstruct novel reasoning paths
and dual consensus signals become unreliable.
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and evaluation of our experiments to promote clear
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\nPlease reason step by step, and put
your final answer within \boxed{}.

A.2 Hyperparameters
Hyperparameter settings of our experiment on
Qwen3-8B-Base is shown in Table 4.

Table 4: Hyperparameter Settings for DCRL Frame-
work.

Hyperparameter Value
Batch size 128
Mini batch size 128
Micro batch size 8
Max prompt length 4096
Max response length 3072
Learning rate 1x1076
LR warmup steps ratio 0.1
Learning rate warmup cosine
Optimizer Adam
Temperature 0.6
Top k -1
Top p 0.95
Unlearn LR 3x 1077
Number of anchor 16
samples per example
Number of explorer 16
samples per example
Number of samples per 16
example for policy
update
Number of samples per 16
example for Testing
Use KL loss False

A.3 Baseline Implementation

For all baselines, we use the official code provided
in their public repositories. For TTRL, we set the
learning rate to 1 x 1075 and the warm-up ratio
to 0.1 for large-scale unsupervised learning. For
Co-Rewarding-I, we adopt the DAPO-Math-14k
dataset rephrased by Qwen3-32B as provided in the
original source code. Besides, no external models
are used in all baseline experiments. All other
hyperparameter settings for the baseline are kept
identical to the original configuration.
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B Detailed Results
B.1 Detailed Results of Ablation Studies

Detailed results of ablation studies are shown in fig
7.

Label Accuracy (Smoothed)

0.54 —— DCRL (Full)
w/o Dynamic Sampling
0.52 w/o Harmonic Election
—— wj/o Conservative Reward
® 0.50
EReat I
< 0.48 ‘
0.46
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—— DCRL (Full)
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Figure 7: Detailed Results of Ablation Studies with
Qwen3-8B-Base, including pass@ 16 on training dataset
and label accuracy

C Extra Experiments

C.1 Hyperparameter Sensitivity

A key empirical finding from our experiments is
that differing models necessitate tailored unlearn-
ing learning rates (7,). A value that is too large
risks disrupting the model’s ability to generate
valid reasoning trajectories, while one that is too
small fails to effectively suppress spurious dom-
inant modes. In this section, we present the de-
tailed performance of the Qwen3-8B-Base model
under various unlearning learning rate configu-
rations, thereby validating the robustness of our
Unlearn-Then-Explore strategy and the rationale
behind our specific hyperparameter selection. Re-
sults are shown in Table 5.

C.2 Comparison of Different Consensus
Strategies

To further validate the effectiveness of our pro-
posed Harmonic Election mechanism, we compare



Unlearn LR (.) | MATH GSMSK AIME24 MMLU. GPQA. | Average
1x1077 78.6 92.7 12.6 55.5 37.2 55.3
3x 1077 79.2 93.3 14.7 56.7 37.9 56.3
5x 1077 77.6 92.7 115 54.3 36.4 54.5
1 x 107° (Failed) 67.3 88.1 12.1 50.2 35.1 50.5

Table 5: Sensitivity Analysis of Unlearning Learning Rate (77,) on Qwen3-8B-Base.

it against several alternative consensus strategies.
These strategies differ in how they aggregate the
signals from the anchor and explorer models to
select the final pseudo-label y*. The key insight is
that a valid reasoning path should be robust, i.e.,
supported by both the dominant mode (anchor) and
the exploratory distribution (explorer).

We evaluate the following strategies:

* Majority Vote (Anchor Only): Simply select
the majority answer from the anchor model’s
rollouts.

Majority Vote (Anchor + Explorer): A sim-
ple aggregation strategy that combines all roll-
outs from both the anchor and explorer mod-
els and selects the majority answer.

Harmonic Mean (Ours): Our proposed strat-
egy, which selects the answer that maximizes
the harmonic mean of its probabilities in the
anchor and explorer distributions.

The results are presented in Table 6 and Fig 8. We
observe that simply combining all samples (An-
chor + Explorer) does not improve performance
and can even be detrimental, as it does not effec-
tively filter out spurious signals. In contrast, our
harmonic mean strategy achieves the best overall
performance, demonstrating its superior ability to
balance reliability and diversity in pseudo-label
selection.

D Why Does Dual Consensus Work?

We formally prove that the dual consensus pseudo-
label selection mechanism achieves higher accu-
racy than naive majority vote by mitigating spuri-
ous majority bias, under mild and realistic assump-
tions.

D.1 Problem Setup & Definitions

Let A be the set of candidate answers, and e €

A be the ground-truth answer.

* Tanchor(@): Probability of answer a from the an-
chor model.
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Figure 8: Curves of Different Consensus Strategies for
Pseudo-Label Selection on Qwen3-8B-Base.

* Texplorer(@): Probability of answer a from the
explorer model (after unlearning).

* po(a),p1(a): Empirical probabilities of a from
G rollouts of the anchor and explorer models,
respectively.

* Majority Vote: v = arg max, po(a).

* Dual Consensus: yj;~ = argmax, S(a), where

S(a) = 2po(a)p1(a)

is the harmonic mean score.
po(a)+pi(a)

D.2 Key Assumptions

We introduce three realistic assumptions for LLMs
with spurious majority bias.

Assumption 1 (Spurious Majority Bias): There
exists a spurious dominant answer ys, # Yirue sSuch
that:

Tranchor (ysp ) >> Tanchor (ytrue)

This is the core failure mode of majority vote.



Consensus Strategy \ MATH GSMSK AIME24 MMLU. GPQA. ‘ Avg.
Majority Vote (Anchor Only) 78.7 93.4 14.3 56.2 37.8 56.0
Majority Vote (Anchor + Explorer) 64.7 90.3 14.3 52.0 34.4 51.5
Harmonic Mean (Ours) 79.2 93.3 14.7 56.7 37.9 56.3

Table 6: Comparison of Different Consensus Strategies for Pseudo-Label Selection on Qwen3-8B-Base.

Assumption 2 (Effective Unlearning): The ex-
plorer model suppresses the spurious answer but
preserves the true answer:

Wexplorer(ysp) < Wanchor(ysp)a

Texplorer (ysp )

Tl anchor (ysp )

The ratio inequality implies the true answer is more
robust to unlearning.

Assumption 3 (Large-Sample Consistency): For
sufficiently large GG, by the Law of Large Numbers:

Texplorer (ytrue)

Tlanchor (ytrue )

G—oo G—oo
Do (a) — Tanchor ((1) )

D.3 Main Result

Theorem: Under Assumptions 1-3, DCRL selects
the true answer (Y- = Yuue), While majority vote
selects the spurious answer (gmy = ysp). Thus,
Acc(yhe) > Acc(imvy).

D.4 Proof

Part 1: Majority Vote Converges to Spurious
Answer By Assumption 1, Tanchor(Ysp) >
Tanchor (Yirue). By Assumption 3, po(ysp) >
po(a),Va € A. Thus gy = argmax, po(a)
Ysp-

Part 2: Dual Consensus Converges to True An-
swer : We show S(yuue) > S(ysp). For large
G:

2T anchor (a) Tlexplorer (a)
Tranchor (a) + Texplorer (a) .

S(a) = S(a) =
Define robustness ratios (Assumption 2, ryye >
Tsp):

Tlexplorer (ytrue )

T anchor (ytrue ) ’

- 7Texplorer(ysp)
sp =

Tranchor (ysp )

where Tyye > 15y — 0.

y  Ttrue =

Substitute ratios into S(a):

S (ysp) = 2T anchor (ysp) ) rspﬂ'anchor(ysp)

N 71'anchor(ysp) + 7”spﬂ"’amchor(ysp)
B 27“sp : Wanchor(ysp)
Ldrg

D1 (a) — 7Texplorer(a)
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5, (ytrue) _ 2T anchor (ytrue) * T'true Manchor (ytrue)
Tlanchor (ytme ) ~+ Ttrue Tanchor (ytrue)

. 27true * Tanchor (ytrue)

B L+ 7true .

By Assumption 2, 7y, — 0 = S'(ysp) — 0.
Since Tanchor(Yrue) > 0 and rpye > 0, we
have S(Yirue) > 0. Thus S(ywue) > S(ysp), 80
Yhe = arg max, S(a) = Yre-

Dual Consensus enforces a robustness con-
straint—valid answers must be supported by both
anchor and explorer, eliminating spurious answers
fragile to unlearning and outperforming Majority
Vote.

E The Use of Large Language Models

We used large language models (LLMs) only to pol-
ish writing and improve textual clarity. No LLM
was applied to research idea generation, experi-
mental design, data analysis, or result derivation.
All scientific contributions—conceptualization,
methodology, experiments, and conclusions—were
independently developed by the authors in full.
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