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Normalizing flows (NFs) are end-to-end likelihood-based generative models for continuous data, and have recently re-
gained attention with encouraging progress on image generation. Yet in the video generation domain, where spatiotem-
poral complexity and computational cost are substantially higher, state-of-the-art systems almost exclusively rely on
diffusion-based models. In this work, we revisit this design space by presenting STARFlow-V, a normalizing flow-based
video generator with substantial benefits such as end-to-end learning, robust causal prediction, and native likelihood es-
timation. Building upon the recently proposed STARFlow, STARFlow-V operates in the spatiotemporal latent space with
a global-local architecture which restricts causal dependencies to a global latent space while preserving rich local within-
frame interactions. This eases error accumulation over time, a common pitfall of standard autoregressive diffusion model
generation. Additionally, we propose flow-score matching, which equips the model with a light-weight causal denoiser to
improve the video generation consistency in an autoregressive fashion. To improve the sampling efficiency, STARFlow-V
employs a video-aware Jacobi iteration scheme that recasts inner updates as parallelizable iterations without breaking
causality. Thanks to the invertible structure, the same model can natively support text-to-video, image-to-video as well
as video-to-video generation tasks. Empirically, STARFlow-V achieves strong visual fidelity and temporal consistency
with practical sampling throughput relative to diffusion-based baselines. These results present the first evidence, to our
knowledge, that NFs are capable of high-quality autoregressive video generation, establishing them as a promising re-
search direction for building world models.
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1 Introduction

Deep generative modeling has advanced rapidly with breakthroughs across language (Achiam et al., 2023;
OpenAl, 2024a), images (Podell et al., 2023; Batifol et al., 2025; Wu et al., 2025), and videos (OpenAl,
2024b; Wan et al., 2025; DeepMind, 2025) domains. Among these modalities, video generation is uniquely
demanding: beyond high perceptual quality, models must capture rich spatiotemporal structure, remain
robust over long horizons, and often operate under causal constraints for streaming and interactive use. Such
capabilities are central not only to creative media (Ye et al., 2025; Yuan et al., 2025), but also to emerging
world models for gaming, simulation and embodied AI (Ha and Schmidhuber, 2018; Yang et al., 2023; Hu
et al., 2023; Google DeepMind, 2024; Hafner et al., 2025).

Recent scaling of data, model capacity, and compute has pushed video generation to new levels of fi-
delity (Yang et al., 2025; Kong et al., 2024; Kondratyuk et al., 2024; Yu et al., 2024; Wan et al., 2025;
Seawead et al., 2025; Gao et al., 2025). In this space, diffusion-based approaches (Ho et al., 2020; Rombach
et al., 2022; Peebles and Xie, 2023; Lipman et al., 2023; Esser et al., 2024) have emerged as the dominant
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