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Background and Motivation
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• MLLMs struggle on complex visual-text reasoning.
• Outputs often verbose or incorrect.
• Missing piece: explicit self-reflection.
• We propose SRPO to inject reflection in SFT + RL.



Problem
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[1] Does Reinforcement Learning Really Incentivize Reasoning Capacity in LLMs Beyond the Base Model?

• Local token dependency → drift, verbosity.
• Pretraining constrains behaviors; vanilla RL can’t teach reflection well.
• Need a unified way to learn reflect–revise.



State of the Arts & Limitations
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• Large-scale RL (R1, GRPO variants) boosts CoT but seldom rewards reflection.
• Multimodal RL (Vision-R1, MM-Eureka, VL-Rethinker) lacks reflection utility checks.
• Vulnerable to length redundancy and reward gaming. 

[2] DeepSeekMath: Pushing the Limits of Mathematical Reasoning in Open Language Models



Overview of SRPO
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• Two stages: reflection-SFT → reflection-aware RL.
• Pattern: first solution → reflection → refined solution.
• Reward = task + reflection.



Key Technique (1/3): Reflection-Oriented SFT
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• Build ~10k high-quality reflective samples.
• Two types: refine correct CoT; revise incorrect CoT.
• Distill reflective skills from stronger MLLMs.



Key Technique (2/3): GRPO Recap & Group Advantage
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• Grouped sampling; intra-group advantage.
• Clipped ratio + KL to reference.
• No critic network needed. 



Key Technique (3/3): Reflection-Aware Rewards
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• Structure: think → reflect → rethink.



Experimental Settings
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• SFT: ~10k reflective samples from LLaVA-CoT, Mulberry, MathV360K.
• RL: ~30k diverse multimodal reasoning tasks.
• Models: Qwen-2.5-VL-7B/32B; OpenRLHF; 3 epochs; α=0.1; T=1.0; Adam 1e-6. 



Results (1/3): Main Benchmarks
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• SRPO-7B tops open-source peers 
across many tasks.

• SRPO-32B competitive with 
strong closed models.

• Strong on 
MathVista/MathVerse/MMMU-
Pro/EMMA.



Results (2/3): Cross-Disciplinary & RL Variants
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Results (3/3): Ablations & Dynamics
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• More RL data → steady gains; even 5k > GRPO.
• Removing SFT or reflection-RL hurts; I_eff is crucial.
• SRPO converges faster; length well-controlled.



Samples Analysis
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Conclusion & Future Work

• SRPO unifies reflection in SFT + RL.
• Rewards: structure, brevity, effectiveness.
• Next: scale (MoE/larger), harder multimodal tasks, better reflection data generation, 

dynamic self-reflection.


