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Abstract—Diffusion models have recently demonstrated im-
pressive results in image compression, where the strong spatial
prior enables the synthesis of fine details rather than allocating
bits to transmit them. In this work, we propose to extend
this paradigm to video compression by utilizing a generative
spatiotemporal prior and present the first codec based on a
video diffusion model. Our method operates by performing long-
context interpolation guided by sparse inter-frame predictions,
thus requiring minimal motion information. To this end, we
develop a sparse, bidirectional optical flow which serves as a
bitrate-efficient motion conditioning in the diffusion decoding
process. The resulting codec can compress videos to extremely
low rates (as low as 0.01 bits per pixel) while maintaining realistic
textures and motion, and outperforms both neural and traditional
baselines on several benchmark datasets. Our method shows
state-of-the-art performance in perceptually-oriented distortion
metrics, and, when considering rate-realism, we achieve an
improvement in FID score of up to 73.3 at the same bitrate
compared to the leading traditional video codec, VITM. Overall,
we present an important first work examining spatiotemporal
diffusion priors for video compression.

Index Terms—video compression, generative modeling, diffu-
sion models.

I. INTRODUCTION

Traditional image and video codecs, particularly at ex-
tremely low bitrates, typically suffer from pronounced visual
artifacts such as blurring, blocking, and banding (Fig. [I] center
and right). To address these issues, recent research in the image
domain has shifted its focus toward prioritizing perceptual
quality and realism [1f], [2]. This is achieved by leveraging
powerful generative spatial priors, such as diffusion models,
to synthesize high-frequency details and textures which are
otherwise expensive to transmit [/1f], [2].

Recent neural video compression (NVC) methods have
adopted a similar approach to utilize generative priors [3]-
[S). However, notably, those methods only apply such a
prior spatially within a single frame. Indeed, existing video
compression methods, both traditional [6]], [7] and learned [3]],
[50, 8], [9] ones, process content on a frame-by-frame basis
and extract motion vectors from the previous few frames as
context when encoding the current frame [8|]-[10]. H.265 [6]]
and VTM [7] use this context to generate frame predictions
for residual coding, while NVC methods, such as the DCVC
family [8]-[10], use it to update probability tables used for
entropy coding. DiffVC [5] adopts the same paradigm, but uses
a diffusion decoder to produce finer details. I?VC [4] employs
a unique approach, implementing motion compensation by

2DisneyResearch|Studios, Ziirich, Switzerland

Fig. 1.
detail and appear more realistic than those from state-of-the-art neural (cen-
ter, DCVC-FM [9]) or traditional (right, VTM [7]) video compression
codecs while using substantially fewer bits. Frames are annotated with
“Method @BPP”, where BPP is the rate in which the video was encoded
in bits per pixel (rate is also shown as a percentage of our method).

Reconstructions from our method (left) contain significantly more

performing a masked DDIM inversion strategy on previous
features. However, due to their sequential operation, all these
methods can suffer from temporal inconsistencies between
frames and errors in motion estimation can propagate to the
output reconstruction, affecting final output quality. Further-
more, these approaches critically lack the ability to incorporate
a global prior over motion dynamics.

Unlike previous work, in this paper, we propose using a
video diffusion model as a spatial and temporal prior, capable
of synthesizing plausible motion and thus reducing the need to
transmit such information. Video diffusion models [[11]] emerge
as a top choice in this context, providing a strong prior that
has been proven effective for a variety of tasks, such as motion
retargeting [[12]-[14] or frame interpolation [11]]. To the best
of our knowledge, our method is the first to explore a video
diffusion model for video compression.

Our novel video codec leverages a video diffusion model
to reconstruct the source video at the receiver by operating on
an entire group of pictures (GOP) at once, ensuring temporal
consistency and allowing it to infer motion dynamics from the
entire sequence, rather than a small frame buffer. As a result,
our method operates with minimal motion information, which
we achieve by developing a sparse, bidirectional optical flow
to guide the reconstruction process. Using only two keyframes
and this sparse flow, our codec can compress videos to
extremely low bitrates (as low as 0.01 bits per pixel). The pro-
posed approach achieves state-of-the-art performance in both
rate-realism and rate-distortion (as measured by perceptually
oriented metrics), demonstrating the potential of generative
spatiotemporal priors for next-generation video compression.



Fig. 2. Architecture and coding process of our proposed methasl.our bidirectional optical ow mapm is the corresponding ow maskK,: ; is optical
ow from frame i to j, and®"W is our warped inter-frame prediction. Variables denoted Néhg. ~) are compressed reconstructioasands are analysis
and synthesis transforms, respectively, of a compressive autoencodéraaad are the encoder and decoder, respectively, of a latent video diffusion model.

[l. METHOD produce inter-frame prediction8" (visualized in Fig. 3).

At a high level, our proposed codec employs a conditiond] @€as with no ow information 2" is set to zero. The
video diffusion model to perform long-context interpolatior€Yframes and inter-frame predictions are then encoded to a
between keyframes, further guided by spatially aligned pr@_tent space_and given as input to the denoising network (see
dictions of intermediate frames produced from sparse, bi€¢- I-C). Finally, the video latents are reconstructed by the
rectional optical ow maps. The sparse ow can be ef cientlydiffusion model and decoded back to the image space to
compressed to low rates and ensures accurate object positifiRduce the nal frame reconstructions.
from the source video, while the diffusion model leveraggs gigirectional Optical Flow
its spatiotemporal prior to synthesize a detailed video with
realistic motion and natural textures.

A. Encoding and Decoding

Our ow extraction process aims to compute an ef cient
representation of inter-frame motion to act as additional guid-
ance to the diffusion process. Dense optical ow has been
Fig. 2 shows the encoding and decoding process of gumoven to be effective as motion control for video generation
method. tasks [12], [13]; however, this dense ow is too costly to
At the encoder, the video is rst split into GOPs & compress, especially when targeting very low bitrates. We
frames each. The rst and last frames of each GOP apeopose to address this issue Hy): constructing a merged,
selected as keyframes and transmitted to the receiver vididirectional optical ow for each predicted frame, combining
diffusion-based image codec [2]. Simultaneously, all framasotion information from multiple keyframes in a unied
of the GOP are processed with an optical ow model [15kepresentation, an@) sparsifying this bidirectional ow in
which produces ow maps from each intermediate frame @reas where it is not accurate, allowing for better compression
the rst and last keyframes. Both ow maps are then passedtes without introducing errors.
to a ow merging and masking module, which produces our To build our bidirectional ow, we start by computing both
proposed bidirectional optical ow maps and correspondinfprward and backward ow between each intermediate frame
trinary masks for each predicted frame (see Sec. II-B). Tlamd both keyframes of the GOP:
ow maps and masks are then encoded with a temporally- Forward ow: fi; oxg fromi! 0 ork, respectively
aware hyperprior compression network, and transmitted to theBackward ow: bxgxg ; fromOork! i, respectively
receiver. Only the forward ows are transmitted and used in the
At the decoder, the compressed keyframes are backwadggoding process. The backward ows, available only at
warped according to the bidirectional ow and masks tthe encoder side, are used to perform a forward-backwards
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