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TL;DR: OFQL transforms diffusion policy into one-step action generation policy via a learned average velocity field—simpler, faster, and state-of-the-art on D4RL.
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We learn an average velocity field within the Flow Matching framework to address the limitations of OFQL achieves state-of-the-art performance across diverse D4RL domains—including locomotion,
diffusion paths, which are typically stochastic, noisy, and highly curved—making accurate one-step navigation, and robot manipulation—consistently outperforming diffusion-based and one-step
denoising difficult. In contrast, Flow Matching maps noise to data through smoother, more direct baselines while maintaining high efficiency via single-step action generation.
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