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Main Contribution

New Scenario: Label-free RL for LLM reasoning:
• We focus on self-supervised RL without requiring GT labels in LLM

reasoning, compared to traditional RLVR with requiring GT labels as
supervision.

New Framework: Stable self-supervised RL framework:
• We propose Co-rewarding, a stable self-supervised RL framework that

avoid training collapse issue that is frequently encountered in existing
self-rewarding methods.

Multiple Instantiations of Co-rewarding framework:
• We instantiate Co-rewarding in two ways from different perspectives
• Co-rewarding-I: a data-side instantiation that seeks reward signal from

contrastive agreement across semantically analogous questions.
• Co-rewarding-II: a model-side instantiation that maintains a slowly-

update teacher with pseudo labels to realize self-distillation.
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Background: Large Language Model (LLM) Reasoning
LLM Reasoning aims to endow language models with the capacity to think, infer, and 
solve complex problems step-by-step in a manner resembling human reasoning.

Sun et al. Reasoning with Language Model Prompting: A Survey

Figure refers to Sun et al.

Wei et al. Chain-of-Thought Prompting Elicits Reasoning in Large Language Models

Figure refers to Wei et al.



Background: RLVR | GRPO
Reinforcement Learning with Verifiable Rewards (RLVR)
• RLVR is a paradigm that trains LLMs using rewards derived from objectively verifiable signals, such as 

correctness of math problems, execution of code.
Group Relative Policy Optimization (GRPO)
• GRPO is a variant RL algorithm of PPO, which foregoes the critic model, instead estimating the 

baseline from group scores.

DeepSeekMath: Pushing the Limits of Mathematical Reasoning in Open Language Models
Tulu 3: Pushing Frontiers in Open Language Model Post-Training
DeepSeek-R1: Incentivizing Reasoning Capability in LLMs via Reinforcement Learning

Figure refers to DeepSeekMath.

Figure refers to Tulu 3.



Related Work: Self-supervised RL Methods
From RLVR to Self-supervised RL
• RLVR depends on human-annotated labels (GT) to verify the correctness of the answers of LLMs, which is a major 

bottleneck in the spirit of the scaling law.
• This motivates us to explore the self-supervised RL methods without reliance on GT labels.

Existing Self-supervised RL Methods:
• Entropy-based: Self-Certainty Maximization [1], Entropy Minimization [2,3], to enhance the confidence of the LLM.
• Consensus-based: Majority-Voting [4,5] to improve the consensus across multiple rollouts of the LLM for the same 

question.

[1] Zhao et al. Learning to Reason without External Rewards
[2] Prabhudesai et al. Maximizing Confidence Alone Improves Reasoning
[3] Zhang et al. Right Question is Already Half the Answer: Fully Unsupervised LLM Reasoning Incentivization
[4] Zuo et al. TTRL: Test-Time Reinforcement Learning
[5] Shafayat et al. Can Large Reasoning Models Self-Train?



Motivation: Training Collapse | Reward Hacking
• Existing self-rewarding methods frequently encounter training collapse issue due to reward hacking. 
• Existing single-view self-supervision signal easily forms the self-consistent illusion, yielding reward hacking.  

Training Collapse Reward HackingResult in



Methodology: Co-rewarding Framework

• Co-rewarding is a novel self-supervised RL framework that mitigates training collapse by seeking 
complementary supervision from another view.

• Two types of instantiations:
• Co-rewarding-I: a data-side instantiation that derives reward signals from contrastive agreement across 

semantically analogous questions.
• Co-rewarding-II: a model-side instantiation that maintains a slowly-updated teacher with pseudo labels to 

realize self-distillation to self-supervised quickly-learned student policy.



Co-rewarding-I: Data-side Instantiation

• Questions that share the same mathematical essence but differ in 
surface form (e.g., via paraphrasing, or reformatting) should elicit the 
comparably valid and similar reasoning results.

• Co-rewarding-I defines contrastive agreement as a principle that 
aligns model reasoning outputs, treating consistent inter-view 
agreement as a signal for valid inference.



Co-rewarding-I: Data-side Instantiation

• Rephrasing does not alter the mathematical essence of the questions.
• We assume that both original question and rephrased question should have similar reasoning results.
• We use pseudo-labels generated from each to supervise the other.



Co-rewarding-II: Model-side Instantiation

• Co-rewarding-II sources pseudo-labels from a teacher reference, which 
disentangle the self-supervision reward from the online policy.

• The teacher is dynamically updated as an exponential moving average 
(EMA) of the student policy to ensure pseudo-label quality improving as 
the policy improves.



Experiment Setup
• Multiple LLM Families:

• Qwen2.5 Series: Qwen2.5-3B, Qwen2.5-7B
• Qwen3 Series: Qwen3-1.7B-Base, Qwen3-4B-Base, Qwen3-8B-Base
• Llama Series: Llama-3.2-3B-Instruct

• Multiple Training Sets:
• MATH: 7,500 training samples, DigitalLearningGmbH/MATH-lighteval
• DAPO-14k: 14.1k training samples, open-r1/DAPO-Math-17k-Processed
• OpenRS: 7,000 training samples, knoveleng/open-rs

• Baselines:
• Self-Certainty [1]: Self-Certainty maximization
• Entropy [2]: Entropy minimization
• Majority-Voting [3]: Pursue answer-level consensus via majority-voting from multiple rollouts 

• Evaluation Benchmark:
• Mathematical Reasoning: MATH500, GSM8K, AMC
• Code Generation: LiveCodeBench, CRUX
• General Domain: MMLU-Pro, IFEval

[1] Zhao et al. Learning to Reason without External Rewards
[2] Prabhudesai et al. Maximizing Confidence Alone Improves Reasoning
[3] Shafayat et al. Can Large Reasoning Models Self-Train?

https://huggingface.co/datasets/DigitalLearningGmbH/MATH-lighteval
https://huggingface.co/datasets/open-r1/DAPO-Math-17k-Processed
https://huggingface.co/datasets/knoveleng/open-rs


Overall Performance
MATH Training Set DAPO-14k Training Set

• Superior Performance of Co-rewarding over self-rewarding baselines. Co-rewarding-I achieves an average relative 
performance gain of +3.46% over the best baselines across three mathematical benchmarks and models in Table 1, 
while Co-rewarding-II achieves a larger average relative gain of +7.29% in Table 2. 

• Surpassing GT-Reward in certain benchmarks. Co-rewarding-II achieves a remarkably high Pass@1 of 94.01% with 
Qwen3-8B-Base on GSM8K. 

• Code generalization with preserved general performance.



Stability to Mitigate Training Collapse
Validation Performance Curve

Observation: Co-rewarding alleviates collapse and 
provides stable self-supervised RL.

Observation: Importance of stability for 
further performance gain.

Performance on GSM8K and AMC



Reward | Response Length | Pseudo Label Accuracy

Observation: Co-rewarding avoids 
reward hacking and provides stable 

self-supervised RL process.

Observation: Co-rewarding attempts to 
balance exploration-exploitation.

Observation: EMA is essential in 
Co-rewarding-II for improving 

pseudo-label quality.



Ablation Study

Observation: Each part contributes to Co-rewarding.
• For Co-rewarding-I, the quality of original and rephrased data is similar, while the cross supervision across

views provides the crucial gains.
• For Co-rewarding-II, removing the EMA update of the reference teacher model causes clear degradation,

highlighting the necessity of teacher updates for improving pseudo-label quality.



Case Study

• Majority-Voting exhibits reward hacking by boxing an incorrect answer “0” to pursue consensus.
• Entropy produces repetitive outputs as its decoding probability distribution collapses onto a narrow set of

tokens during entropy minimization.
• Co-rewarding generates coherent step-by-step reasoning and correctly boxes the final answer.



Take-home Message

• We explore the self-supervised RL paradigm, which eliminates the need for 
ground-truth (GT) labels required by RLVR.

• We investigate how existing self-rewarding methods suffer from training collapse 
as a consequence of reward hacking.

• We propose Co-rewarding, a novel self-supervised RL framework that is initiated 
by the data and model sides to construct self-generate rewards to promote stably 
reasoning elicitation .

• We empirically demonstrate the effectiveness of Co-rewarding to achieve superior 
and stable reasoning performance on LLMs.



Thank you!
If you have any question, feel free to contact me.

Zizhuo Zhang
cszzzhang@comp.hkbu.edu.hk
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