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ABSTRACT

With the introduction of the video diffusion model, audio-conditioned human video
generation has recently achieved significant breakthroughs in both the naturalness
of motion and the synthesis of portrait details. Due to the limited control of
audio signals in driving human motion, existing methods often add auxiliary
spatial signals, such as movement regions, to stabilize movements. However, this
compromises the naturalness and freedom of motion. To address this issue, we
propose an end-to-end audio-only conditioned video diffusion model named Loopy.
Specifically, we designed two key modules: an inter- and intra-clip temporal module
and an audio-to-latents module. These enable the model to better utilize long-term
motion dependencies and establish a stronger audio-portrait movement correlation.
Consequently, the model can generate more natural and stable portrait videos
with subtle facial expressions, without the need for manually setting movement
constraints. Extensive experiments show that Loopy outperforms recent audio-
driven portrait diffusion models, delivering more lifelike and high-quality results
across various scenarios. Video samples are available at this URL.

1 INTRODUCTION

Due to the rapid advancements of GAN and diffusion models in the field of video synthesis (Bar-Tal
et al., 2024; Blattmann et al., 2023a;b; Guo et al., 2023; Zhou et al., 2022; Gupta et al., 2023; Wang
et al., 2023; Ho et al., 2022; Brooks et al., 2022; Wang et al., 2020; Singer et al., 2022; Li et al.,
2018; Villegas et al., 2022), human video synthesis (Siarohin et al., 2019; 2021; Xu et al., 2024b;
Hu, 2024; Corona et al., 2024; Lin et al., 2024) has gradually approached the threshold of practical
usability in terms of quality, attracting significant attention in recent years. Among these, zero-shot
audio-driven portrait synthesis has seen an explosion of research (He et al., 2023; Tian et al., 2024;
Xu et al., 2024a; Wang et al., 2024; Chen et al., 2024; Xu et al., 2024b; Stypulkowski et al., 2024)
since around 2020, due to its ability to generate portrait videos with a low barrier to entry. Recently,
diffusion model techniques have been introduced, with end-to-end audio-driven models (Tian et al.,
2024; Xu et al., 2024a; Chen et al., 2024) demonstrating more vivid synthesis results compared to
existing methods.

However, due to the weak correlation between audio and portrait motion, end-to-end audio-driven
methods typically introduce additional spatial conditions to restrict movement areas and ensure
temporal stability in the synthesized videos. While the introduction of preset motion templates for
spatial conditions may mitigate this issue, it also introduces several problems related to template
selection, audio-template synchronization and repetitive movements. These spatial conditions, or
auxiliary designs, such as face locators and speed layers (Tian et al., 2024; Xu et al., 2024a; Chen et al.,
2024), restrict the range and velocity of portrait movements while also hindering the full potential of
video diffusion models in generating vivid motion. This is because the model tends to follow given
movement information during training rather than learning to generate natural movements from audio.
As shown in Figure 1, the overall richness of portrait motion in existing methods is limited. This
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