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Generating temporally-consistent high-fidelity videos can be computationally expensive, especially
over longer temporal spans. More-recent Diffusion Transformers (DiTs)— despite making significant
headway in this context— have only heightened such challenges as they rely on larger models and
heavier attention mechanisms, resulting in slower inference speeds. In this paper, we introduce a
training-free method to accelerate video DiTs, termed Adaptive Caching (AdaCache), which is motivated
by the fact that “not all videos are created equal”: meaning, some videos require fewer denoising steps to
attain a reasonable quality than others. Building on this, we not only cache computations through the
diffusion process, but also devise a caching schedule tailored to each video generation, maximizing
the quality-latency trade-off. We further introduce a Motion Regularization (MoReg) scheme to utilize
video information within AdaCache, essentially controlling the compute allocation based on motion
content. Altogether, our plug-and-play contributions grant significant inference speedups (e.g. up
to 4.7 x on Open-Sora 720p - 2s video generation) without sacrificing the generation quality, across
multiple video DiT baselines.
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1 Introduction

Diffusion models (Ho et al., 2020; Song et al., 2020) have become the standard for generative modeling in
recent years, arguably surpassing the quality of VAEs (Kingma, 2013; Rolfe, 2016), GANs (Karras et al., 2019;
Goodfellow et al., 2020) and Auto-Regressive models (Chang et al., 2022, 2023). This observation holds
in a wide-range of applications including image (Rombach et al., 2022; Saharia et al., 2022), video (Singer
et al., 2022; Blattmann et al., 2023a), 3D (Poole et al., 2022; Liu et al., 2023a), and audio (Kong et al., 2020;
Huang et al.,, 2023) generation, as well as image (Hertz et al., 2022; Avrahami et al., 2023) and video (Qi
etal., 2023; Wu et al., 2023) editing. More recent Diffusion Transformers (DiTs) (Peebles and Xie, 2023; Ma
et al., 2024a) show better promise in terms of scalability and generalization compared to prior UNet-based
diffusion models (Rombach et al., 2022), revealing intriguing horizons in GenAl for the years to come.

Despite the state-of-the-art performance, DiTs can also be computationally expensive both in terms of memory
and computational requirements. This becomes especially critical when applied with a large number of
input tokens (e.g. high-resolution long video generation). For instance, the reason for models such as Sora
(OpenAl, 2024) not being publicly-served is speculated to be the high resource demands and slower inference
speeds (Liu et al., 2024b). To tackle these challenges and reduce the footprint of diffusion models, various
research directions have emerged such as latent diffusion (Rombach et al., 2022), step-distillation (Sauer et al.,
2023; Yin et al., 2024), caching (Wimbauer et al., 2024; Ma et al., 2024c; Habibian et al., 2024), architecture-
search (Zhao et al., 2023b; Li et al., 2024b), token reduction (Bolya and Hoffman, 2023; Li et al., 2024a) and
region-based methods (Nitzan et al., 2024; Kahatapitiya et al., 2024). Fewer techniques transfer readily from
UNet-based pipelines to DiTs, whereas others often require novel formulations. Hence, DiT acceleration has
been under-explored as of yet.

Moreover, we note that not all videos are created equal. Some videos contain high-frequency textures and
significant motion content, whereas others are much simpler (e.g. with homogeneous textures or static
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