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Background

n DeepSeek-R1

Daya Guo, Dejian Yang, et al. Deepseek-R1: Incentivizing reasoning capability in llms via reinforcement learning. DeepSeek, 2025. 

◉ The RL with verifiable rewards and GRPO is a promising post-training paradigm, enabling pretrained LFMs effectively acquire advanced 
capabilities and generalization without dependence on large-scale, high-quality supervised data



Motivation

Findings: 
① Direct single-task RL fails to achieve the expected improvements for 

ULMs, particularly in the visual generation task, and may even impair 

the other task’s performance

② Compared with alternative strategies, unified RL demonstrates average 

performance advantages over alternative paradigms

n Pilot Exploration 
◉ Comparing 4 distinct RL paradigms using Janus-Pro-1B as the baseline ULMs across both generation and understanding tasks

ü RL-Sep: understanding and generation tasks are independently optimized under their respective rewards
ü RL-Merging: separate RL followed by weight merging strategy to incorporate both abilities
ü RL-Cycle: using a scheduled alternation between the two tasks throughout the training process
ü RL-Unified: both tasks are jointly optimized within a unified framework to promote co-evolution

The synergistic co-evolution of dual capabilities under 

a shared policy optimization paradigm



Methodology

⎘ Verifiable Rewards

⎘ A two-stage (unified-then-refined) RL paradigm

Ø Unified RL (Stage 1): to jointly optimize the dual capabilities of ULMs and build a powerful generalist foundation

Ø Refined RL (Stage 2): to further improve target tasks built upon the established strong foundation

① Bidirectional Cycle Consistency Reward

② Text-Image Matching Reward

③ Accuracy Reward

④ Format Reward

n Co-Reinforcement Learning (CoRL) 



Methodology

n Unified RL (Stage 1) 

⎘ Training Data Format: Triplet <Image, Prompt, Question>

⎘ Reward Function

⎘ Training Objective



Methodology

n Refined RL (Stage 2) 

⎘ Reward Function for Text-to-Image Generation

⎘ Reward Function for Multimodal Understanding

⎘ Training Objective



Experiment Results

n Text-to-Image Generation



Experiment Results

🔗 Text-to-Image Generation: ULM-R1 demonstrates superior text-to-image alignment and object grounding across diverse prompts, with especially 
notable improvements in spatial arrangement of objects and compositional consistency

failure case



Experiment Results

n Multimodal Understanding



Experiment Results

failure case

🔗 Multimodal Understanding: ULM-R1 exhibits significantly enhanced understanding capabilities, particularly in mathematical reasoning



Conclusion

📚 In this work, we proposed a co-reinforcement learning framework (CoRL) to jointly enhance the 

understanding and generation capabilities of ULMs.

📚 Despite the substantial improvements achieved, several limitations remain, such as the capability gap between 

understanding and generation and the primitive rewards for understanding, which warrant further 

investigation.

📚 CoRL implements a two-stage (unified-then-refined) RL paradigm to jointly improve the understanding and 

generation capabilities of  ULMs.


