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TL;DR Our research aims to develop general-purpose self-supervised RL methods that 
scale across diverse tasks while reducing reliance on annotations and noisy synthetic data.

Our central idea is to turn structures already present in tasks and models—including task 
duality and uneven model capabilities—into reward and preference signals. Through DuPO 
and MAPO, we investigate how such structural feedback can support reliable self-
improvement across reasoning and generation.

1. Background: Why Self-Supervision?

Human Feedback 
High annotation costs

Potential annotator bias

How to Prepare Dual Task? Automatic Pipeline 
Unknown-component selection:  
• Answerability of the dual question
• Uniqueness of the correct completion

3. MAPO: Alignment for Strong-to-Weak Transfer

Select  that robustly satisfies the 
properties of duality without 
accessing annotations.
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Where can self-supervision come from?

• Uneven Capabilities: LLMs excel at some tasks but struggle with others.

• Existing Methods: costly annotations, noisy synthetic data, and poor generalization.

LLM-as-Judge 
Rely on stronger teacher
Prone to errors and bias

Verifiable Rewards 
Requires task-specific verifiers

Limited task coverage

2. DuPO: Generalized Task Duality

• Two Roles:  Primal task produces  conditioned on input ;  Dual task uses  to 
reconstruct the input ; and assess its quality. (e.g., Zh → En → Zh)

• Feedback Mechanism: Incorrect or information-losing   → larger mismatch with 
the original input  →  lower reward.

• Scaling Challenge: Most tasks lack primal–dual symmetry. (e.g. 3 + 5 → 8 but 8 → 
10-2 / 9-1… ; Good at Bn→En but Weak at En→Bn)
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Extends to more general tasks without annotations, with automatic, reliable dual-task 
generation and verification.
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Teaching models every task by hand does not scale. 

We need scalable and reliable rewards

• Input Decomposition: split the input x into a known component  and an 
unknown component .
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• Complementary Dual Task: recovers  from the primal output  and , 
serving as a self-supervised reward signal
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• Generalized Duality Reward:  

• Policy Optimization:

• Choose and sample: Identify a stronger task and sample the same model’s 
outputs on both the strong and weak tasks.

• Align and train: Use a cross-task aligner to measure output alignment, then train 
the policy model to favor weak-task responses that align with strong-task outputs.

• No need for reasoning annotations; Better generalization.

4. Evaluation: Performance and Generalization

Want to know more about interesting self-supervised method?
[General] DuPO: Enabling Reliable LLM Self-Verification via Dual Preference Optimization. In ICLR
[LongContext] Improving Long-Context Translation via Self-Supervised Dual Learning. In ACL.
[Reasoning] Advancing Multilingual Reasoning through Multilingual Alignment-as-Preference Optimization. In ACL 
[Factuality] CoP: Factual Inconsistency Detection by Controlling the Preference. In AAAI.
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