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Abstract

Recent advances in motion generation show remarkable
progress. However, several limitations remain: (1) Existing
pose-guided character motion transfer methods merely repli-
cate motion without learning its style characteristics, result-
ing in inexpressive characters. (2) Motion style transfer meth-
ods rely heavily on motion capture data, which is difficult
to obtain. (3) Generated motions sometimes violate physical
laws. To address these challenges, this paper pioneers a new
task: Video-to-Video Motion Personalization. We propose a
novel framework, PersonaAnimator, which learns personal-
ized motion patterns directly from unconstrained videos. This
enables personalized motion transfer. To support this task, we
introduce PersonaVid, the first video-based personalized mo-
tion dataset. It contains 20 motion content categories and 120
motion style categories. We further propose a Physics-aware
Motion Style Regularization mechanism to enforce physi-
cal plausibility in the generated motions. Extensive experi-
ments show that PersonaAnimator outperforms state-of-the-
art motion transfer methods and sets a new benchmark for
the Video-to-Video Motion Personalization task.

Introduction

With the rapid rise of the metaverse and digital content cre-
ation, building digital avatars with a strong sense of iden-
tity has become a central requirement for interactive expe-
riences. Motion style, as a highly distinctive representation
of individual behavior, not only captures subtle kinematic
variations but also conveys high-level semantic cues such
as identity and emotion—for instance, their gait or signa-
ture gestures can often recognize a person. (Ribet, Wannous,
and Vandeborre 2019; Abdul-Massih, Yoo, and Benes 2017;
Shen et al. 2024) In computer vision, prior works (Zhao, Li,
and Tang 2024; Wang et al. 2025a) have achieved basic mo-
tion generation, but key limitations remain: (1) Pose-guided
character motion transfer methods (Tu et al. 2024a; Li et al.
2024a; Wang et al. 2025b) merely mechanically replicate
motion without capturing personalized traits, severely lim-
iting the expressiveness of digital characters in real-world
applications. (2) Motion style transfer techniques (Aberman
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et al. 2020; Kim et al. 2024, 2025) can learn style repre-
sentations. However, they rely wholly or partially on motion
capture data, which is costly, labor-intensive, and often un-
available for historical figures or virtual characters. (3) Ex-
isting methods generally lack explicit physical constraints
on the full-body skeleton, leading to distorted or implausi-
ble motion.

To address the above challenges, we propose the novel
task of Video-to-Video Motion Personalization, which firstly
enables personalized motion transfer from unconstrained
videos, as illustrated in Fig. 1. Our PersonaAnimator frame-
work makes two key breakthroughs: First, it is the first to
learn personalized motion features entirely from ordinary
video data, without relying on any motion capture data, mak-
ing it feasible to model historical figures or virtual charac-
ters for whom such data is unavailable. Second, our frame-
work preserves the structural integrity of the content motion
while learning personalized style characteristics, generating
personalized motions. Rather than performing simple, me-
chanical motion transfer, it establishes a new paradigm that
shifts from “postural approximation” to “personalized dy-
namic essence” in motion generation. These innovations en-
able wide applications in digital content creation—for ex-
ample, allowing stunt doubles to replicate iconic celebrity
movements (e.g., Michael Jackson’s “Moonwalk”) or letting
users embed signature gestures (e.g., a chin rest) into virtual
avatars, offering critical support for building digital humans
with authentic identities.

To train the video-to-video motion personalization model,
we introduce PersonaVid, the first video-based personalized
motion dataset, comprising 20 motion content categories
and 120 motion style categories. We adopt a “one person,
one style” paradigm, treating each individual as a unique
style class to better capture personalized motion traits. Ad-
ditionally, we propose the Physics-aware Motion Style Reg-
ularization (PMSR) mechanism, which enforces physically
plausible motion through dynamic bone stability and body
connectivity constraints. Extensive experiments demonstrate
that PersonaAnimator achieves state-of-the-art (SOTA) re-
sults on both PersonaVid and mainstream human animation
datasets (Jafarian and Park 2021; Zablotskaia et al. 2019).
The main contributions are summarized as follows:

* We pioneer a novel task, Video-to-Video Motion Person-
alization, and propose a new framework, PersonaAnima-
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Figure 1: Video-to-Video Motion Personalization. Our method preserves the basic motion content while learning personalized
motion characteristics from the style motion video, achieving personalized transfer. Learned personalized features are marked

with green bounding boxes.

tor, which incorporates the SA-PMT module to enable
personalized motion transfer from unconstrained videos.

* We introduce PersonaVid, the first video-based personal-
ized motion dataset.

* We propose the PMSR mechanism to enforce physical
plausibility in generated motions.

» Extensive experiments show that PersonaAnimator out-
performs SOTA methods.

Related Work
Diffusion Models for Video Generation

Diffusion models are central to video generation, focusing
on two directions: Text-to-Video (T2V) (Xing et al. 2024;
Ho et al. 2022b,a; Lin et al. 2023; Fei et al. 2023) and un-
conditional generation (Mei and Patel 2023; Lu et al. 2023;
Fei et al. 2024). VDM (Ho et al. 2022b) pioneered diffusion-
based T2V by extending 2D U-Net to 3D. Imagen Video
(Ho et al. 2022a) uses seven submodels in a cascade sys-
tem. Recent work integrates LLMs: VideoDirectorGPT (Lin
et al. 2023) for multiscene planning and Dysen-VDM (Fei
et al. 2023) for scene graphs. In an unconditional genera-
tion, VIDM (Mei and Patel 2023) established a two-stream
architecture. VDT (Lu et al. 2023) introduced Transformers
for spatio-temporal modeling, and VITRON (Fei et al. 2024)
combines LLMs with diffusion models.

Pose-guided Character Motion Transfer

Pose-Guided Character Motion Transfer synthesizes target
character videos from pose signals, with research evolv-
ing from traditional explicit methods to modern diffusion-
based approaches (Tu et al. 2025b; Tan et al. 2025; Li
et al. 2024a; Tu et al. 2024a; Wang et al. 2025a; Tu et al.

2023, 2024b, 2025c,a). Early techniques relying on opti-
cal flow estimation and Thin-Plate Spline transformations
with GAN inpainting frequently exhibited artifacts, includ-
ing texture tearing and temporal flickering (Chan et al.
2019; Zhu et al. 2023). Contemporary diffusion models have
demonstrated superior performance in motion accuracy and
detail preservation. Recent innovations include MagicAni-
mate’s (Xu et al. 2024) integration of DensePose with tem-
poral attention modules for effective motion-identity decou-
pling and Animate Anyone’s (Hu 2024) ReferenceNet com-
bined with pose guidance for stable generation from single
images. Champ (Zhu et al. 2024) advances the field by incor-
porating SMPL models with multimodal 3D signals (depth,
normal, and semantic maps) to enhance alignment preci-
sion, while StableAnimator (Tu et al. 2025b) tackles identity
drift through specialized facial preservation techniques. De-
spite these advancements, current methods remain limited to
mechanical motion transfer without capturing personalized
characteristics. This fundamental constraint results in rigid,
expressionless animations that significantly hinder applica-
tions in film production and immersive digital environments,
where nuanced character expressiveness is crucial.

Motion Style Transfer

Motion Style Transfer methods (Zhong et al. 2024; Li et al.
2024b; Xie et al. 2024) transfer stylistic features while pre-
serving target motion content integrity. Recent advances
show diversified approaches and improved results. Aerman
et al. (Aberman et al. 2020) pioneer unpaired motion style
transfer, extracting styles directly from videos for 3D anima-
tion. Finestyle (Song et al. 2023) enhances control through
semantic-aware DIFF modules, while MCM-LDM (Song
et al. 2024) achieves Arbitrary Motion Style Transfer via



trajectory-content-style decoupling. Most (Kim et al. 2024)
enables cross-content transfer using part-aware modulators,
and PersonaBooth (Kim et al. 2025) introduces text-guided
personalized generation. However, current methods rely on
motion capture or SMPL data (Loper et al. 2023), which
limits applications for special subjects, creating demand for
more flexible solutions.

METHODOLOGY
Pose Representation

We categorize the input motion videos of the PersonaAn-
imator framework into two types based on function: con-
tent motion video V, € RIF>X3XHXW “which provides ba-
sic motion content (e.g., dancing, walking), and style mo-
tion video V, € RE>*3XHXW “\which offers personalized
motion characteristics (e.g., gait, wave amplitude). Here, ¢
denotes motion content, s denotes motion style, F' is the
frame count, and H and W are the height and width of
the video frames, respectively. Using DWpose (Yang et al.
2023), we perform pose estimation to obtain the content
skeleton pose sequence P € RF*7*2 and the style skele-
ton pose sequence P" € R¥*7*2 where m and n denote
the pose content of the content and style poses, J = 20 indi-
cates the number of joints, and 2 represents the z, y coordi-
nates of each joint. PersonaAnimator aims to learn personal-
ized features while preserving the basic motion structure of
the pose content m, thereby generating a personalized pose
Pm ¢ RFXJ*2 that combines both characteristics.

PersonaAnimator Framework Overview

Prior work in computer vision has achieved basic mo-
tion generation, but key limitations remain: (1) Pose-guided
character motion transfer methods (Tan et al. 2025; Tu et al.
2025b; Li et al. 2024a) replicate motion mechanically with-
out capturing personalized traits, severely limiting the ex-
pressiveness of digital characters. (2) Motion style trans-
fer techniques (Kim et al. 2024, 2025). However, capable
of modeling style, relies fully or partially on motion cap-
ture data, which is costly, labor-intensive, and often un-
available for historical figures or virtual characters. To ad-
dress these issues, we propose a new task, Video-to-Video
Motion Personalization, and introduce the PersonaAnima-
tor framework, which requires no motion capture data and
enables personalized motion transfer from unconstrained
videos. This is critical for enhancing the realism of digital
characters, as illustrated in Fig. 2.

We first use DWPose (Yang et al. 2023) to extract skele-
ton poses P!" and P]' from content video V. and style
video Vi, respectively. These poses are encoded into con-
tent features Z7* and style features Z7' via dedicated en-
coders. Meanwhile, semantic content labels are tokenized
into Zgem , which performs Hadamard product with Z7' to
produce Zg . This semantic-guided weighting enhances
motion-relevant style features while suppressing those that
are irrelevant. The appendix provides a detailed description
of the semantic tokenizer.

In Section SA-PMT Module, we propose the Semantic-
Aware Personalized Motion Transfer (SA-PMT) Module,

extracting basic motion content and personalized character-
istics under semantic guidance and then fuses theminto Z,,,,,
features to generate personalized poses P.".

In the personalized motion generation process, we first
extract a content reference frame I" from V_ and encode
it using pre-trained CLIP (Radford et al. 2021) and VAE
(Kingma, Welling et al. 2013) encoders to obtain appear-
ance feature f) and latent feature f. respectively. These
features are concatenated with personalized motion charac-
teristics Z,,, and noise latent Z; as input to the video dif-
fusion model €y. The model’s spatial, motion, and temporal
attention layers jointly capture human joint topology, motion
dynamics, and inter-frame dependencies. The final personal-
ized motion video V™ is generated through a VAE decoder
(Kingma, Welling et al. 2013). In addition, we introduce the
PMSR mechanism to enforce physically plausible personal-
ized motion generation.

PersonaAnimator redefines motion generation by learning
personalized motion features directly from videos, eliminat-
ing reliance on motion capture. Its decoupled architecture
precisely preserves content motion structure while transfer-
ring personalized characteristics, establishing a novel “pos-
tural approximation-to-personalized dynamic essence” gen-
eration standard that sets a new benchmark for digital char-
acter animation.

Semantic-Aware Personalized Motion Transfer

Existing pose-guided motion transfer methods (Tan et al.
2025; Tu et al. 2025b) lack personalization, as they per-
form only rigid retargeting. Our Semantic-Aware Person-
alized Motion Transfer (SA-PMT) module learns both ba-
sic motion structures and personalized traits under semantic
guidance, generating motions that preserve the advantages
of both sources. Specifically, we use AdaIN (Huang and Be-
longie 2017) to align content and style poses statistically,
enabling effective feature fusion to produce the personalized
feature Z,4,:

Zydo = AdalN (Z]", MLP (Z1.,.. ) . (1)

sem,s

where Z/" is the content skeleton pose feature, while Z,,,

denotes the semantic-conditioned personalized feature, with
AdaIN(+) indicating the AdalIN structure. Subsequently, we
encode Z,4,, projecting it into a stable feature distribution
space and incorporating positional encoding to preserve spa-
tiotemporal information:

Zp = Esa—put (PE(Zuda)) (2)

where Ega_pyr () denotes the encoder of the SA-PMT
Module, primarily composed of fully-connected layers,
while PE(-) represents positional encoding. We employ a
Multi-Head Attention (MHA) mechanism (Vaswani et al.
2017) to concurrently capture content-style relationships
across different dimensions, yielding the final personalized
motion feature vector Z,,,,, computed as:
zl.,=1N(Z;,+MHA (Z,)),

pm pm
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Zym = LN (21, + F (21,))). ©)
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Figure 2: Architecture overview of PersonaAnimator framework. ® denotes the Hadamard product. & denotes the element-wise

sum. C' denotes the concatenation operation.

where LN(-) denotes Layer Normalization, F(-). is the
Feed-Forward Network, and Z7 , Z J  are the module’s
personalized motion latent codes The SA-PMT Module
fuses features under semantic guidance, preserving mo-
tion content while learning subject-specific characteristics
to generate personalized motions, thereby overcoming the
limitations of current methods in rigid retargeting.

Physics-aware Motion Style Regularization

Current motion style transfer methods often struggle to si-
multaneously preserve physical plausibility and structural
topology, leading to motion distortion. Prior works (Kim
et al. 2024; Song et al. 2024) mitigate this issue to some
extent by introducing velocity and foot contact constraints.
However, they lack explicit physical constraints on the full-
body skeleton and ignore repulsive supervision between
non-connected joints, resulting in physically implausible
motions. To address this, we propose the Physics-aware Mo-
tion Style Regularization (PMSR) mechanism, which en-
forces physically plausible motion generation through dy-
namic bone stability and body connectivity constraints.
Dynamic Bone Stability Constraints. We penalize the
second-order derivative (acceleration) of bone length vari-
ations to prevent unnatural stretching and maintain dynamic
stability. Here, ps; € R? denotes the 2D coordinates of
joint j in personalized pose P/ € R¥*7*2 at frame f. Let
B= {(ik,jk)}szl represent the bone set, where (i, jx) in-
dicates the indices of two connected joints for the k-th bone,
and N is the total bone count. For any given bone (4, j) € B,
its length at frame f is defined as:

Ui ig) = IPri — Prjlly - )

Here, || - ||2 is the Euclidean norm. We penalize the tempo-
ral second-order difference of bone length sequence Ly (; ;),

representing length variation acceleration. For frame f €
[2, F —1], the second-order difference of bone (i, j)’s length
is approxnnated as:

Ay gy =) = 2p g+l O

Finally, we implement the dynamic bone stability con-
straint using the L2 norm, formulated as:

Lot — Fi:lHA?z P (©6)
stability F_9 fi(@9) 112 -
f=2

Body Connectivity Constraints. To preserve correct joint
connectivity, we propose body connectivity constraints
based on the adjacency matrix, which enhances the cohe-
sion of connected joints while suppressing false proximity
between unconnected joints. We define an adjacency matrix
A € {0,1}7*7 where A;; = 1 indicates whether joint
i and j should be connected. For frame f, we construct
a Euclidean distance matrix D) ¢ R7*7 D) (i, j) «
lf (i,5)- To strengthen joint aggregation, we minimize dis-
tances between connected joints as follows:

+ O
‘Cconn - ” A”O % FZZ AIJ D l J) (7)

Meanwhile, to prevent unconnected joints from being too
close to each other, we enforce a minimum distance con-
straint between them:

_ 1
Leconn :sz (1 — Ajj) max (0 5 — DY, ]))

f=1 iy
(®)
The complete body connectivity constraints, with § = 0.1
as the minimum distance threshold, are formulated as:

LCO]‘m L(;nn + ‘C;)Tm : (9)



Optimization Objectives. In addition, we adopt the L,
proposed by Aberman et al. (Aberman et al. 2020) to enforce
style consistency, and the mean squared error (MSE) loss L
used in prior works (Tan et al. 2025) for appearance align-
ment and motion modeling. Further details are provided in
the appendix. The final training loss is defined as:

Etotal = Estability + Econn + Esc + Ed- (10)

PersonaVid Dataset

Existing datasets for the Video-to-Video Motion Personal-
ization task exhibit notable limitations. Current motion cap-
ture datasets (Aberman et al. 2020; Mason, Starke, and Ko-
mura 2022; Xia et al. 2015) can train motion style transfer
models but rely on professional equipment and controlled
environments, rendering data collection costly and imprac-
tical for deceased individuals or fictional characters. Pose-
guided character motion transfer datasets (Jafarian and Park
2021; Zablotskaia et al. 2019) contain numerous videos but
often lack precise style and content labels, which limits their
direct applicability. Many videos also present low-quality
issues, such as ambiguous motion styles and severe occlu-
sions, further constraining their utility.

To address this, we propose PersonaVid, the first video
dataset for personalized motion learning. Constructed by
collecting and annotating internet-sourced videos, it com-
prises 20 motion categories (e.g., walking, running) and 120
distinct styles. It covers a diverse range of performers, in-
cluding ordinary individuals, athletes, and animated charac-
ters, thereby enhancing diversity in both individual variation
and style representation. Table 1 compares PersonaVid with
existing datasets, while Figure 3 shows samples.

Current motion style transfer datasets (Xia et al. 2015;
Aberman et al. 2020) use emotion categories (e.g., angry, de-
pressed) as style labels, which misses individual specificity
and lacks person-centric annotations. PersonaVid addresses
this with a novel “one-person-one-style” paradigm, treating
each individual as a unique style category to better capture
subject-specific motion characteristics. Videos are annotated
as “Content_Style_ Number,” where “Content” denotes the
basic motion (e.g., walking, running), and “Number” rep-
resents the video serial number. The “Style” is named in two
ways: (1) If the video features famous figures, “Style” is ab-
breviated as their name (e.g., “Walk_Trump_05" for the fifth
video of Trump walking). (2) For anonymous ordinary in-
dividuals, “Style” is denoted by the motion content abbre-
viation followed by a number (e.g., “Dance_D10.01” where
“D10” indicates the style of the tenth anonymous dancer, or
“Skating_Sk3_01” where “Sk3” represents the style of the
third anonymous skater). The complete dataset taxonomy is
detailed in the supplementary material.

Experiments
Implementation

Implementation Details. We train and evaluate our model
on the PersonaVid dataset. Training is conducted on an
NVIDIA A800 using the RMSprop optimizer (Tieleman
2012) (Ir=le-4).
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Figure 3: Examples of the PersonaVid dataset.

Dataset Styles Contents MP4 Actor Frames Number PM
Xia (Xia et al. 2015) 8 6 X 572 X
BFA (Aberman et al. 2020) 16 9 X 1 32 X
BN-1 (Kobayashi et al. 2023) 15 17 X 2 175 X
BN-2 (Kobayashi et al. 2023) 7 10 X 2 2902 X
100Style (Mason, Starke, and Komura 2022) 100 8 X 1 810 X
PerMo (Kim et al. 2025) 34 10 X 5 6610 X
Tiktok (Jafarian and Park 2021) 0 0 v 92961 X
Fashion (Zablotskaia et al. 2019) 0 0 v 268474 X
PersonaVid (Ours) 120 20 v 120 18867 v

Table 1: Comparison with existing datasets. “PM” denotes
whether the dataset contains personalized motion, while “-”
indicates no information.

Baseline Models. As no prior work addresses the Video-to-
Video Motion Personalization task, we compare our Person-
aAnimator framework with SOTA methods (Hu 2024; Tu
et al. 2025b; Tan et al. 2025) in pose-guided motion transfer
to show its superiority. However, these methods cannot learn
personalized features from video motion. To ensure a fair
comparison, we modify the three baseline frameworks as
follows: We first equip them with the same content encoder,
style encoder, and semantic tokenizer as used in PersonaAn-
imator, enabling them to take content and style videos as in-
put. Next, we incorporate the Dual Interactive Flow Fusion
(DIFF) module from FineStyle (Song et al. 2023) to allow
the baselines to learn personalized features. The DIFF mod-
ule has a similar parameter size to our SA-PMT module.
Finally, the baselines utilize the DIFF-generated personal-
ized motion for transfer, and we compare the results with
those obtained using our method. Detailed descriptions of
the evaluation metrics and baseline models are provided in
the appendix.

Qualitative Evaluation

We qualitatively compare PersonaAnimator with SOTA
pose-guided motion transfer methods on style expressive-
ness and motion realism using the PersonaVid dataset. The
model should preserve the basic motion content while learn-
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Figure 4: Qualitative comparison. Our framework out-
performs SOTA methods, with green/red boxes marking
learned/unlearned motion features, respectively. The results
demonstrate the superior performance of our framework.

ing personalized features to generate personalized motions,
combining both aspects.

Visual comparison results are shown in Figure 4, where
our PersonaAnimator framework achieves superior genera-
tion quality. We use a dancing video of a female as the con-
tent motion and a Taichi video of an anonymous individ-
ual as the style motion, aiming to learn this person’s per-
sonalized Taichi features. Our method captures key style
traits, such as a lunge pose—where the left leg is bent and
the right leg is extended—and both hands sweeping from
left to right, as highlighted in the green box. Importantly,
the motion is not mechanically copied but reflects a per-
sonalized adaptation. In contrast, other methods produce
distorted results: StableAnimator+DIFF (Tu et al. 2025b)
and Animate-X+DIFF (Tan et al. 2025) capture the lunge
pose but fail to reproduce hand movements accurately. An-
imateAnyone+DIFF (Hu 2024) generates a dancer facing
away from the camera, showing only one hand. None of

Figure 5: Generalization evaluation. We test different meth-
ods on an unseen style, with green/red boxes marking
learned/unlearned motion features, respectively. Our method
achieves better results than the SOTA methods.

the SOTA methods successfully learn the man’s personal-
ized Taichi features. These results stem from our SA-PMT
module, which semantically guides the learning of motion
features, and the PMSR mechanism, which enforces physi-
cal plausibility and prevents motion distortion.

Generalizability

Our framework extracts personalized features from arbitrary
motions but may encounter unseen styles in practice. This
generalization capability is crucial for practical applications.
To evaluate this, we select a skating video of Russian figure
skater Trusova from the PersonaVid dataset, exclude it from
training, and attempt to transfer her skating style to a run-
ning female subject. We apply the same procedure to SOTA
methods and compare the generated results.

As shown in Figure 5, even under unseen styles,
our PersonaAnimator framework effectively captures
Trusova’s personalized motion—crossed arms gradually



opening—without mechanically copying the input (green
box).In contrast, StableAnimator+DIFF (Tu et al. 2025b)
and AnimateAnyone+DIFF (Hu 2024) produce unnatural
poses, while Animate-X+DIFF (Tan et al. 2025) fails to
learn any personalized characteristics. The generalizability
comparison demonstrates that PersonaAnimator achieves
superior generalization under unseen styles, enabling more
realistic and vivid digital avatars in real-world scenarios.

Conclusion

This paper introduces the Video-to-Video Motion Person-
alization task, which enables personalized motion trans-
fer from unconstrained videos, a crucial step in build-
ing identity-consistent digital avatars in the metaverse. To
support this task, we introduce the large-scale PersonaVid
dataset, which contains diverse motion content and style
categories, along with the PersonaAnimator framework that
achieves content-style decoupling and fusion through its
SA-PMT module. Additionally, we design the PMSR mech-
anism to ensure physically plausible motion generation. Ex-
perimental results demonstrate that PersonaAnimator signif-
icantly outperforms existing methods, achieving SOTA per-
formance in both qualitative and quantitative comparisons.
The framework shows great potential for various applica-
tions, including virtual idol animation, film production, and
game character animation generation.
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