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Fig. 1. We encode the motion of a reference video into a novel motion-text embedding using a frozen, pre-trained image-to-video diffusion model. This
optimized motion-text embedding can then be applied to different starting images to generate videos with semantically similar motions. The general nature of
our motion representation allows for successful motion transfer even when objects are not spatially aligned, across various domains, and for multiple objects.
Additionally, our method supports multiple types of motions, including full-body, face, camera, and even hand-crafted motions.
Please refer to https://mkansy.github.io/reenact-anything/ for corresponding videos for all figures of this paper.
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Recent years have seen a tremendous improvement in the quality of video
generation and editing approaches.While several techniques focus on editing
appearance, few address motion. Current approaches using text, trajectories,
or bounding boxes are limited to simple motions, so we specify motions
with a single motion reference video instead. We further propose to use a
pre-trained image-to-video model rather than a text-to-video model. This
approach allows us to preserve the exact appearance and position of a target
object or scene and helps disentangle appearance from motion.

Our method, called motion-textual inversion, leverages our observation
that image-to-video models extract appearance mainly from the (latent)
image input, while the text/image embedding injected via cross-attention
predominantly controls motion. We thus represent motion using text/image
embedding tokens. By operating on an inflated motion-text embedding
containing multiple text/image embedding tokens per frame, we achieve a
high temporal motion granularity. Once optimized on the motion reference
video, this embedding can be applied to various target images to generate
videos with semantically similar motions.
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Our approach does not require spatial alignment between the motion
reference video and target image, generalizes across various domains, and
can be applied to various tasks such as full-body and face reenactment, as
well as controlling the motion of inanimate objects and the camera. We
empirically demonstrate the e�ectiveness of our method in the semantic
video motion transfer task, signi�cantly outperforming existing methods in
this context.

Project website: https://mkansy.github.io/reenact-anything/

CCS Concepts:̂Computing methodologies ! Image processing; Mo-
tion processing; Learning from demonstrations.
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video editing, image-to-video di�usion model
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1 Introduction
The ability to generate and edit videos has rapidly advanced thanks
to di�usion models, enabling applications in �lmmaking, market-
ing, and beyond. However, controllinghow objects move in gen-
erated videos�the semantics of motion�remains challenging and
largely underexplored. Many existing methods excel at editingap-
pearancebut struggle to intuitively controlmotion. For example,
even state-of-the-art image-to-video models like Stable Video Dif-
fusion [Blattmann et al. 2023a] o�er little control over motion, i.e.,
only by modifying the random seed or adjusting micro-conditioning
inputs like frame rate, neither of which is easily interpretable.

To make motion control more intuitive, we propose a new task:
semantic video motion transfer from a reference video to a target
image. Speci�cally, we aim to generate a video that replicates the
semantic motion of a motion reference video while preserving the
appearance and spatial layout of a target image. Crucially, we do
not aim to copy pixel-wise trajectories but rather to transfer the
meaning of the motion, even when objects are misaligned � for
instance, producing a subject performing jumping jacks on the left
side of the frame even if the motion reference was centered.

We identify two key challenges for this task: appearance leakage
from the motion reference video and object misalignment. To tackle
appearance leakage, we employ animage-to-video rather than a
text-to-video model and do not �ne-tune the model. To the best of
our knowledge, we are the �rst to use an image-to-video model for
general motion transfer. To address object misalignments between
the motion reference video and the target image, we introduce a
novel motion representation that eliminates the need for spatial
alignment by not having a spatial dimension in the �rst place.

Our motion representation is based on our observation that image-
to-video models extract the appearance predominantly from the
image (latent) input, whereas the text/image embedding injected via
cross-attention mostly controls the motion. We therefore propose
to represent motion with several text/image embedding tokens,
together referred to asmotion-text embedding, that we optimize

on a given motion reference video. Thereby, our in�ated motion-
text embedding enables us to preserve the timing of the motion
video very precisely, which is crucial for applications such as visual
dubbing. Our approach, namedmotion-textual inversion, is general
in nature and works for various types of motions and objects.1

Perhaps surprising at �rst, it turns out that while words are not
ideal for describing motions, their embeddings can describe motions
exceptionally well. Fig. 1 shows exemplary results of our method,
including motion transfers to multiple (misaligned) objects.

To summarize, our contributions are:

(1) We introduce the semantic video motion transfer task in an
image-to-video setting.

(2) We observe that text/image embeddings of image-to-video
di�usion models store and a�ect motion and leverage them
as a general and compact motion representation.

(3) We proposemotion-textual inversion, a novel method that
optimizes multiple text/image embedding tokens on a motion
reference video and transfers the learned motion to target
images.

(4) We demonstrate superior performance over existing motion
transfer approaches.

2 Related Work
Our goal is to develop a general reenactment method that requires
no large-scale domain-speci�c training. Given the impressive cross-
domain translation capabilities of di�usion models [Hertz et al. 2023;
Parmar et al. 2023; Tumanyan et al. 2023] and the rise of video gener-
ation models [Bar-Tal et al. 2024; Blattmann et al. 2023a; Brooks et al.
2024; Chefer et al.2025; Kong et al.2024; Yang et al.2025], we employ
a di�usion-based video model for our general task to capitalize on its
broad and general priors. In contrast, the most related non-di�usion
methods, JOKR [Mokady et al. 2022] and AnaMoDi� [Tanveer et al.
2024], operate under more constrained conditions, typically requir-
ing a target video, assuming mostly planar 2D motions, and lacking
support for natural backgrounds.

In the following sections, we focus on video motion editing ap-
proaches based on video di�usion models. In the supplementary
material, we discuss additional related works on domain-speci�c
reenactment [Chan et al. 2019; Drobyshev et al. 2022; Guo et al.
2024b; Hsu et al. 2022; Karras et al. 2023; Li et al. 2023; Ma et al.
2024a; Nirkin et al. 2019; Tu et al. 2024a,b; Wang et al. 2024a, 2021;
Yang et al. 2020; Zhu et al. 2024; Zuo et al. 2024], keypoint-based
motion transfer [Hedlin et al. 2023; Luo et al. 2023; Ni et al. 2023;
Siarohin et al. 2019, 2021; Tang et al. 2023; Zhang et al. 2024a, 2023a;
Zhao and Zhang 2022], image and video generation [Guo et al.2024a;
Ramesh et al. 2022; Saharia et al. 2022; Wang et al. 2023b], and the
inversion-then-generation framework [Ceylan et al. 2023; Garibi
et al. 2024; Geyer et al. 2024; Harsha et al. 2024; Liu et al. 2024; Meral
et al. 2024; Mokady et al. 2023; Pondaven et al. 2024; Wang et al.
2023a; Xiao et al. 2024; Yang et al. 2023; Zhao et al. 2023].

1Independently, a concurrent work, LEAD [Andreou et al. 2024], introduced the term
motion textual inversionto describe their approach of applying textual inversion [Gal
et al. 2023] to a text-to-motion model. While the names are similar, the underlying
methods di�er signi�cantly.
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2.1 Video Motion Editing with Explicit Motions
Existing methods for controlling motion with sparse control signals
like text [Dai et al. 2023; Li et al. 2024b; Molad et al. 2023; Yan et al.
2023], boxes [Chen et al. 2024; Jain et al. 2024; Li et al. 2024b; Ma
et al. 2024b; Wang et al. 2024e], trajectories [Chen et al. 2023a; Geng
et al. 2024; Li et al. 2024c, 2025; Mou et al. 2024; Niu et al. 2024;
Qiu et al. 2024; Wu et al. 2024b; Yin et al. 2023; Zhou et al. 2024],
keypoints [Gu et al. 2024; Niu et al. 2024; Tanveer et al. 2024], or
camera motions [Bahmani et al. 2024; Cheong et al. 2024; He et al.
2024; Hou et al. 2024; Hu et al. 2024; Li et al. 2024c; Wang et al.
2024c; Wu et al. 2024c; Xu et al. 2024; Yang et al. 2024; Zheng et al.
2024] are limited to simple motions in most practical scenarios and
may require manual prompting. On the other hand, dense motion
trajectories [Burgert et al. 2025; Chen et al. 2023b; Gu et al. 2025;
Wang et al. 2024d; Zhang et al. 2024b] may leak the motion reference
video's spatial structure, thus often failing in unaligned scenarios.

2.2 Video Motion Editing with Implicit Motions
In contrast to the methods discussed above, the methods in this sec-
tion use less interpretable motion representations. Speci�cally, �ne-
tuning approaches encode motions in model weights, and inversion-
then-generation approaches extract motions from model features
or attention maps.

2.2.1 Fine-Tuning.Approaches based on �ne-tuning [Bi et al. 2025;
Jeong et al. 2024; Materzy«ska et al. 2024; Ren et al. 2024; Wei et al.
2024; Wu et al. 2023; Zhang et al. 2023b; Zhao et al. 2024] involve
�ne-tuning a model on one or several motion reference videos, sim-
ilar to DreamBooth [Ruiz et al. 2023]. The methods primarily di�er
in the parts of the model they �ne-tune and the techniques they
use, such as LoRA [Hu et al. 2022], to train only the components
responsible for motion. However, in practice, they often inadver-
tently learn the reference video's appearance as well, which can
hinder generalization to new target object appearances. We make a
similar observation to Wu et al. [2024a], namely that conditioning
the di�usion model on the image helps the model concentrate on
learning motion.

2.2.2 Inversion-then-Generation.Approaches based on the inversion-
then-generation paradigm [Bai et al. 2024; Ling et al. 2024; Yatim
et al. 2023] extract model features such as attention maps from the
motion reference video (e.g., via DDIM inversion [Song et al. 2020]),
which are then incorporated into the di�usion process of the gen-
erated video. This helps replicate the reference video's structure
in the output. However, these approaches struggle when there are
signi�cant di�erences between the locations and geometries of the
reference and target objects, leading to misaligned semantic features
being injected or enforced.

2.2.3 With Di�erent Spatial Layout.Most of the one-shot reference-
based methods produce videos with motions that are mostly spatially
aligned with the motion reference video, i.e., they follow the layout
as well as the subject scale and position of the reference video. We
thus argue that many of these works [Jeong et al. 2024; Yatim et al.
2023; Zhang et al. 2023b] can be considered as an advanced form of
appearance transfer rather than motion transfer. We focus on the
general case where layouts may not align, a less explored scenario.

Unlike existing methods [Materzy«ska et al. 2024; Wei et al. 2024;
Wu et al. 2024a; Zhao et al. 2024], which use multiple motion videos
to avoid over�tting to a single layout, we transfer motion from a
single reference video with precise temporal alignment. Also, instead
of relying on text to loosely de�ne the subject's appearance [Li et al.
2024a; Materzy«ska et al.2024; Ren et al.2024; Wang et al.2024b], we
aim to generate videos that seamlessly continue from a given target
image. Concurrently, Wang et al. [2024b] propose an approach that
also learns a motion embedding while keeping the model frozen,
but they do not incorporate a target image and appear to over�t to
the reference video's layout.

3 Method
We propose to transfer the semantic motion of a motion reference
video to a given target image bymotion-textual inversion. We thereby
optimize a set of text/image embedding tokens, which we refer to
asmotion-text embedding, for the motion reference video using a
pre-trained image-to-video di�usion model.

3.1 Preliminaries
3.1.1 Di�usion.Di�usion models [Ho et al. 2020; Song et al. 2021]
consist of two processes. In theforward process, Gaussian noise is
iteratively added to a clean data samplex0 until it is approximately
pure noise. In thereverse process, starting with pure noisex) , a
learnable denoiser� ) iteratively removes noise to obtain a sample
that matches the original data distribution?data. We follow the
continuous-time framework [Karras et al. 2022; Song et al. 2021],
where the denoiser is trained viadenoising score matching:

E¹x0•cº� ?data¹x0•cº•¹f• nº� ? ¹f• nº »_f j j� ) ¹x0 ¸ n; f• cº � x0j j22¼• (1)

wherex0 is a clean data sample andc an arbitrary conditioning sig-
nal from the original data distribution?data;?¹f• nº = ?¹f ºN ¹n;0• f 2º,
where?¹f º is a probability distribution over noise levelsf , andn is
noise; and_f : R¸ ! R¸ is a weighting function. The denoiser� )
is parameterized as

� ) ¹x; f º = 2skip¹f ºx ¸ 2out¹f º� ) ¹2in ¹f ºx;2noise¹f ºº• (2)

where� ) is the neural network to be trained;2skip¹f º modulates
the skip connection;2out¹f º and2in ¹f º scale the output and input
magnitudes respectively; and2noise¹f º maps noise levelf into a con-
ditioning input for � ) . For more details, please refer to EDM [Karras
et al. 2022].

3.1.2 Latent Di�usion.Latent di�usion models [Rombach et al.
2022] operate in the latent space rather than in pixel space to reduce
computation and thus enable higher resolutions. First, an encoder
E produces a compressed latentz = E¹xº. Then, we perform the
di�usion process overz. Lastly, a decoderD reconstructs the latent
features back into pixel space.2

3.1.3 Baseline.Stable Video Di�usion (SVD) [Blattmann et al.2023a]
is a video latent di�usion model trained in three stages: 1. A text-
to-image model [Rombach et al. 2022] is trained or �ne-tuned on
(image, text) pairs. 2. The di�usion model is in�ated by inserting
temporal convolution and attention layers following Blattmann

2To maintain consistency in notation, we usex for the diagrams and method description,
even though the di�usion process actually occurs in latent space.
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