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Problem and Motivation
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Flow Matching Dominates 
but RL Alignment Is Costly

How to design a reinforcement learning mechanism that dynamically navigates the latent

manifold to locate high-reward regions during inference without modifying network weights?

Problem and Motivation



Flow-TTRL Framework
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Overall Pipeline of Flow-TTRL



Reformulating Denoising as Markov Decision Process
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Action Rectification through Latent Optimization
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Reference Latent

Traditional Global 
Parameter Update

Latent Update
in Flow-TTRL



Rollout and Optimization with the RL Objective

SDE Rollout

One-step ODE



Two-Stage Optimization via PRDP and GRPO
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Rationale for Two-Stage PRDP and GRPO



Stage 1: Warm-up with Proximal Reward Difference Prediction

Final LossDefine Reward

Proof in Appendix A.1.



Stage 2: Trajectory Refinement via Group Relative Policy Optimization

Final LossAdvantage Calculation



Experimental Validation
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Results on GenEval



Results on T2I-CompBench



Results on PartiPrompts、Pick-a-Pic、Drawbench

PartiPrompts

Pick-a-Pic

Drawbench



Results on PartiPrompts、Pick-a-Pic、Drawbench

PartiPrompts Pick-a-Pic

Drawbench



Ablation Results



Complexity



Experiments on Verifiable Rewards



Experiments on Verifiable Rewards



Multi-Reward Combination



Attention Visualization



Main Contributions and Conclusions
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Main Contributions and Conclusions

01 The First Test-Time Reinforcement Learning Framework
Flow-TTRL reinterprets latent trajectories as an implicit policy to enable flexible alignment

without the need for traditional fine-tuning or curated training data.

02
Coarse-to-fine Trajectory Optimization
Flow-TTRL employs a coarse-to-fine strategy (PRDP followed by GRPO) that balances structural

stability with precise aesthetic refinement during the trajectory optimization process.

03
Competitive Training-Free Performance

We demonstrate that Flow-TTRL achieves highly competitive results on GenEval and T2I-CompBench, yielding

performance comparable to established RL-based finetuning methods and proprietary models. Furthermore, it

consistently enhances human preference alignment and image fidelity across all five evaluated datasets.
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