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Figure 1: TokenFlow enables consistent, high-quality semantic edits of real-world videos. Given
an input video (top row), our method edits it according to a target text prompt (middle and bottom
rows), while preserving the semantic layout and motion in the original scene.

ABSTRACT

The generative Al revolution has recently expanded to videos. Nevertheless, cur-
rent state-of-the-art video models are still lagging behind image models in terms
of visual quality and user control over the generated content. In this work, we
present a framework that harnesses the power of a text-to-image diffusion model
for the task of text-driven video editing. Specifically, given a source video and
a target text-prompt, our method generates a high-quality video that adheres to
the target text, while preserving the spatial layout and motion of the input video.
Our method is based on a key observation that consistency in the edited video can
be obtained by enforcing consistency in the diffusion feature space. We achieve
this by explicitly propagating diffusion features based on inter-frame correspon-
dences, readily available in the model. Thus, our framework does not require any
training or fine-tuning, and can work in conjunction with any off-the-shelf text-to-
image editing method. We demonstrate state-of-the-art editing results on a variety
of real-world videos.

1 INTRODUCTION

The evolution of text-to-image models has recently facilitated advances in image editing and con-
tent creation, allowing users to control various proprieties of both generated and real images. Nev-
ertheless, expanding this exciting progress to video is still lagging behind. A surge of large-scale
text-to-video generative models has emerged, demonstrating impressive results in generating clips
solely from textual descriptions. However, despite the progress made in this area, existing video
models are still in their infancy, being limited in resolution, video length, or the complexity of video
dynamics they can represent. In this paper, we harness the power of a state-of-the-art pre-trained
text-to-image model for the task of text-driven editing of natural videos. Specifically, our goal is to
generate high-quality videos that adhere to the target edit expressed by an input text prompt, while
preserving the spatial layout and motion of the original video. The main challenge in leveraging an
image diffusion model for video editing is to ensure that the edited content is consistent across all
video frames — ideally, each physical point in the 3D world undergoes coherent modifications across
time. Existing and concurrent video editing methods that are based on image diffusion models have
demonstrated that global appearance coherency across the edited frames can be achieved by extend-
ing the self-attention module to include multiple frames (Wu et al.}, 2022} [Khachatryan et al.,[2023b}
[Ceylan et all 2023} [Qi et all, 2023). Nevertheless, this approach is insufficient for achieving the
desired level of temporal consistency, as motion in the video is only implicitly preserved through the
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attention module. Consequently, professionals or semi-professionals users often resort to elaborate
video editing pipelines that entail additional manual work. In this work, we propose a framework to
tackle this challenge bgxplicitly enforcing the original inter-frame correspondences on the edit.
Intuitively, natural videos contain redundant information across frames, e.g., depict similar appear-
ance and shared visual elements. Our key observation is that the internal representation of the video
in the diffusion model exhibits similar properties. That is, the level of redundancy and temporal
consistency of the frames in the RGB space and in the diffusion feature space are tightly correlated.
Based on this observation, the pillar of our approach is to achieve consistent edit by ensuring that
the features of the edited video are consistent across frames. Speci cally, we enforce that the edited
features convey the same inter-frame correspondences and redundancy as the original video features.
To do so, we leverage the original inter-frame feature correspondences, which are readily available
by the model. This leads to an effective method that directly propagateslitieeldiffusion features

based on theriginal video dynamics. This approach allows us to harness the generative prior of
state-of-the-art image diffusion model without additional training or ne-tuning, and can work in
conjunction with an off-the-shelf diffusion-based image editing method (e.g., Meng gt al] (2022);
Hertz et al.[(2022); Zhang & Agrawala (2023); Tumanyan éf al. (2023)).

To summarize, we make the following key contributions:

» Atechnique, dubbedlokenFlow that enforces semantic correspondences of diffusion fea-
tures across frames, allowing to signi cantly increase temporal consistency in videos gen-
erated by a text-to-image diffusion model.

» Novel empirical analysis studying the proprieties of diffusion features across a video.
« State-of-the-art editing results on diverse videos, depicting complex motions.

2 RELATED WORK

Text-driven image & video synthesis Seminal works designed GAN architectures to synthesize
images conditioned on text embeddings (Reed &t al.,|2016; Zhang let all, 2016). With the ever-
growing scale of vision-language datasets and pretraining strategies (Radford et all, 2021; Schuh-
mann et all, 2022), there has been a remarkable progress in text-driven image generation capabilities.
Users can sytnesize high-quality visual content using simple text prompts. Much of this progress
is also attributed to diffusion models (Sohl-Dickstein et|al., 2015; Croitoru et al.,| 2022; Dhariwal

& Nichol| [2021;/Ho et al.,; 2020; Nichol & Dhariwal, 2021) which have been established as state-
of-the-art text-to-image generators (Nichol et al., 2021; Saharial ét al.| 2022; Ramesh et al., 2022;
Rombach et dalf, 2022; Sheynin et al., 2022; Bar-Tal et al., 2023). Such models have been extended
for text-to-video generation, by extending 2D architectures to the temporal dimension (e.g., using
temporal attention Ho et al. (2022b)) and performing large-scale training on video datasets (Ho
et al|,| 2022@; Blattmann et dl., 2023; Singer et/al., 2022). Recently, Gen-1 (Essgfr et al., 2023) tai-
lored a diffusion model architecture for the task of video editing, by conditioning the network on
structure/appearance representations. Nevertheless, due to their extensive computation and memory
requirements, existing video diffusion models are still in infancy and are largely restricted to short
clips, or exhibit lower visual quality compared to image models. On the other side of the spectrum,

a promising recent trend of works leverage a pre-trained image diffusion model for video synthesis
tasks, without additional training (Fridman et al., 2023; Wu et al., 2022; Lee et al., 2023a; Qi et al.,
2023). Our work falls into this category, employing a pretrained text-to-image diffusion model for
the task of video editing, without any training or netuning.

Consistent video stylization A common approach for video stylization involves applying image
editing techniques (e.g., style transfer) on a frame-by-frame basis, followed by a post-processing
stage to address temporal inconsistencies in the edited video (Lai et al. (2018b); Lei et al. (2020;
2023)). Although these methods effectively reduce high-frequency temporal ickering, they are not
designed to handle frames that exhibit substantial variations in content, which often occur when
applying text-based image editing techniques (Qi et al., 2023). Kasten et al. (2021) propose to de-
compose a video into a set of 2D atlases, each provides a uni ed representation of the background
or of a foreground object throughout the video. Edits applied to the 2D atlases are automatically
mapped back to the video, thus achieving temporal consistency with minimal effort. Bar-Tal et al.
(2022); Lee et al. (2023b) leverage this representation to perform text-driven editing. However, the
atlas representation is limited to videos with simple motion and requires long training, limiting the
applicability of this technique and of the methods built upon it. Our work is also related to classi-
cal works that demonstrated that small patches in a natural video extensively repeat across frames
(Shahar et al., 2011; Cheung et al., 2005), and thus consistent editing can by simpli ed by editing
a subset of keyframes and propagating the edit across the video by establishing patch correspon-
dences using handcrafted features and optical ow (Ruder et al., 2016;skanetial., 2019) or by
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Figure 3: Diffusion features across time.Left: Given an input video (top row), we apply DDIM inversion

on each frame and extract features from the highest resolution decoder layer We apply PCA on the
features (i.e., output tokens from the self-attention module) extracted from all frames and visualize the rst
three components (second row). We further visualize-aslice (marked in red on the original frame) for both

RGB and features (bottom row). The feature representation is consistent across time — corresponding regions
are encoded with similar features across the viddiddle: Frames and feature visualization for an edited video
obtained by applying an image editing method (Tumanyan et al. (2023)) on each frame; inconsistent patterns
in RGB are also evident in the feature space (e.g., on the dog's bBilyt: Our method enforces the edited

video to convey the same level of feature consistency as the original video, which translates into a coherent and
high-quality edit in RGB space.

training a patch-based GAN (Texler et al., 2020). Nevertheless, such propagation methods strug-
gle to handle videos with illumination changes, or with complex dynamics. Importantly, they rely
on a user provided consistent edit of the keyframes, which remains a labor-intensive task yet to be
automated. Yang et al. (2023) combines keyframe editing with a propagation method bgkdamri

et al. (2019). They edit keyframes using a text-to-image diffusion model while enforcing optical
ow constraints on the edited keyframes. However, since optical ow estimation between distant
frames is not reliable, their method fails to consistently edit keyframes that are far apart (as seen in
our Supplementary Material - SM), and as a result, fails to consistently edit most videos.

Our work shares a similar motivation as this ap-

proach that bene ts from the temporal redundan-

cies in natural videos. We show that such redun-

dancies are also present in the feature space of a

text-to-image diffusion model, and leverage this

property to achieve consistency.

Controlled generation via diffusion features

manipulation Recently, a surge of works

demonstrated how text-to-image diffusion mod-

els can be readily adapted to various editing and

generation tasks, by performing simple opera-

tions on the intermediate feature representation

of the diffusion network (Chefer et al., 2023:_. ) )

Hong et al., 2022; Ma et al., 2023; Tumanyaf!gure 2: Fine-grained feature correspondences.
et al., 2023: Hertz et al., 2022: Patashnik et a -eatures (i.e., output tokens from the self-attention

: fodules) extracted from of a source frame are used
2023; Cao et al, 2023). Luo et al. (2023)t’0 reconstruct nearby frames. This is done by: (a)

Zhang et al. (2023) demonstrated semantic 8Ranning each feature in the target by its nearest fea-
pearance swapping using diffusion feature corrgpe in the source, in all layers and all generation time
spondences. Hertz et al. (2022) observed that &¥ps, and (b) simple warping in RGB space, using
manipulating the cross-attention layers, it iS pog-nearest neighbour eld (c), computed between the
sible to control the relation between the spatiaburce and target features extracted from the highest
layout of the image to each word in the text. Plugesolution decoder layer. The target is faithfully re-
and-Play Diffusion (PnP, Tumanyan et al. (2023§pnstructed, demonstrating the high level of spatial
analyzed the spatial features and the self-attentigfgnularity and shared content between the features.
maps and found that they capture semantic information at high spatial granularity. Tune-A-Video
(Wu et al., 2022) observed that by extending the self-attention module to operate on more than a sin-
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