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Fig. 1. Introducing MoTioN4MoTION, a framework transferring motion from one subject to another. MoTioNn4AMoTION achieves cross-species (e.g.,
human — panda, or human — goose) motion transfer without a uniform skeleton at inference.
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This work explores the motion transfer from one video to another, which is
crucial in animation for diverse characters. Previously, video motion trans-
fer has been largely explored between human and human-like characters,
enabling a lot of applications in digital creation. However, these approaches
encounter a main limitation. Specifically, related technical pipelines heav-
ily rely on a predefined human skeleton structure and accordingly require
skeleton-conditional model training. On the one hand, these methods are
difficult to generalize to diverse characters, such as animals from different
species, while preserving their unique motion styles. On the other hand,
labeled data in diverse skeletons is limited, which additionally restricts the
large-scale training for the task. In this paper, we jump out of the skeleton-
based motion transfer framework and propose a training-free motion transfer
framework, named MoTioN4MoTION. MOTION4MOTION models the motion
flow of the character in a video instead of skeletons, which makes motion
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transfer across species easier. Extensive experimental results and novel
applications show our methods outperform baselines impressively.

CCS Concepts: « Computing methodologies — Computer vision; Ani-
mation.
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1 Introduction

Motion transfer [Guo et al. 2024; Hu 2024; Zhang et al. 2025b] has
a wide application in digital creation and animation workflows,
such as character animation [Chen et al. 2025], virtual reality, and
movie post-production. In recent years, the mainstream research
has primarily focused on human-centric scenarios, where the core
objective is to migrate movements from a source person to a tar-
get person. To achieve this, existing methodologies heavily rely on
skeletal representations to bridge the geometric gap between differ-
ent subjects. By extracting structural poses, these skeleton-based
pipelines have achieved remarkable success in transfer quality.

Despite these progresses, existing frameworks face significant
hurdles in real-world applications, particularly when extending
beyond human-centric domains. Most current paradigms are intrin-
sically “hard-coded” for specific structural priors, which severely
restricts their flexibility across different species. When tasked with
transferring motion between characters with vastly different mor-
phologies, such as among various animal species, the lack of a shared
skeletal template makes spatial alignment ill-defined. This rigidity
prevents current methodologies from generalizing to “in-the-wild”
scenarios where characters may possess arbitrary shapes and mo-
tion styles that deviate significantly from standard human propor-
tions. Notably, even the most relevant attempt, FlexiAct [Zhang et al.
2025b], remains unsatisfactory, as it relies on per-case optimization
that leads to overfitting and consequent information leakage.

Two fundamental challenges impede the realization of robust,
cross-species motion transfer in a more general space. The first
challenge is the critical scarcity of high-quality, paired motion data
across diverse topologies. Unlike human-centric research, which
benefits from massive video datasets and mature pose estimation
tools, obtaining synchronized motion sequences for diverse char-
acters is both labor-intensive and often impractical. This data bot-
tleneck forces data-driven models to rely on narrow distributions,
leading to severe artifacts when encountering unseen species. The
second challenge involves the ambiguity of defining semantic corre-
spondences between source and target subjects without skeletons,
such as ambiguity between the legs of a chair and a quadrupedal
animal. Establishing consistent mappings becomes exceptionally
difficult when the target character possesses completely different
physical semantics, making it hard to maintain motion fidelity while
ensuring the visual plausibility of the transferred results.

To overcome the inherent constraints of predefined skeletal tem-
plates in driving novel character animations, we depart from the con-
ventional motion transfer pipeline and propose MOTION4MOTION,
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a novel framework designed for video-based motion synthesis. Un-
like previous kinematics-based methods that rely on skeletal priors,
MoTIoN4MOTION operates on dense pixel-level motion flows, treat-
ing them as the fundamental primitives for motion representation.
By capturing the temporal dynamics of source pixels and mapping
them onto the target subject via our proposed TRANSPE module, our
method achieves high-fidelity transfer without structural limitations.
Notably, MOTION4MOTION is a training-free approach implemented
entirely during inference, which enables the good interpretability.
Before delving into details, our core contributions are as,

e We present MOTION4MOTION, the first training-free frame-
work capable of transferring motion across general subjects
without relying on predefined skeletal priors.

e We propose a simple yet effective module, namely TRANSPE,
for injecting motion flows to the target subject.

o Extensive evaluations demonstrate that MoTION4MOTION not
only delivers high-fidelity motion transfer results but also
exhibits potential applications in novel concept composition
and cross-morphology motion transfer (Sec. 5).

2 Related Work
2.1 Video Generation

While early diffusion models predicated on U-Net backbones [Guo
et al. 2024; Ho et al. 2020; Rombach et al. 2022] significantly outper-
formed GAN-based systems [Reed et al. 2016; Wang et al. 2023; Yu
et al. 2023] in image fidelity, their scalability constraints have precip-
itated a paradigm shift toward Diffusion Transformers (DiTs) [Esser
et al. 2024; Peebles and Xie 2023; Wang et al. 2025d]. DiTs have since
emerged as the foundational backbone for state-of-the-art video
diffusion models, exemplified by CogVideo-X [Yang et al. 2025] and
WAN [Wan et al. 2025]. In this work, we propose a novel attention
control method designed to integrate with the WAN.

2.2 Attention Control

Parallel to these architectural advancements, the field of controllable
generation has expanded significantly. Originating with Prompt-
to-Prompt [Hertz et al. 2023], attention control methods have been
extensively deployed to modulate pre-trained U-Nets for image and
video editing tasks [Cao et al. 2023; Liu et al. 2024b; Tumanyan et al.
2023; Yin et al. 2025a,b,c]. In particular, key-value (KV) injection and
concatenation in attention layers have been explored for various
purposes, including style-consistent generation [Hertz et al. 2024],
zero-shot style transfer [Deng et al. 2024], subject-driven consistent
generation [Tewel et al. 2024], and appearance transfer [Alaluf et al.
2024]. Although recent endeavors have begun extending these con-
trols to DiTs [Cali et al. 2025; Wang et al. 2025c¢; Yin et al. 2025a,c],
they predominantly target MM-DiT architectures [Esser et al. 2024],
which rely on a unified self-attention mechanism for fusing visual
and textual modalities. Consequently, the efficacy of attention con-
trol within DiT architectures employing decoupled self-attention
and cross-attention layers, such as WAN, remains underexplored.
Furthermore, while existing literature addresses general editing and
long-video synthesis, the potential of DiT-based attention control
specifically for motion transfer has yet to be investigated.


https://doi.org/10.1145/3799902.3811062
https://doi.org/10.1145/3799902.3811062

2.3 Motion Transfer

3D-based motion transfer. The problem of motion transfer be-
tween different characters was first established and extensively
explored in the 3D animation community as motion retargeting [Gle-
icher 1998]. Traditional methods relied on kinematic optimization
to satisfy spatial constraints [Feng et al. 2012; Lee and Shin 1999],
while modern neural-based approaches [Aberman et al. 2020; Lim
et al. 2019] leverage deep architectures to decouple pose and struc-
ture. Although some recent iterations [Chen et al. 2025; Li et al.
2022] attempt to improve generalization across disparate morpholo-
gies, they remain bound to 3D skeletal topologies [Chen et al. 2024,
2023; Dai et al. 2024; Lu et al. 2023] and often require manual joint
correspondences. Transitioning these concepts to the video domain
presents unique challenges, as explicit structural information is
often absent or noisy in raw pixels.

Video-based motion transfer. Specialized human animation frame-
works [Cheng et al. 2025; Hu 2024; Zhang et al. 2025a] built upon
pre-trained video diffusion models rely heavily on large-scale pre-
training and explicit skeletal guidance, which limits their appli-
cability to fixed topologies and demands massive computational
resources. Conversely, general motion editing approaches like Flex-
iAct [Zhang et al. 2025b], and others [Burgert et al. 2025a; Gokmen
etal. 2025; Ling et al. 2025; Zhao et al. 2024] avoid skeletal constraints
but typically necessitate time-consuming per-video fine-tuning.
Motion Prompting [Geng et al. 2025] proposed ControlNet-based
training for general trajectory-guided motion control. Go-with-
the-Flow [Burgert et al. 2025b] introduces warped noise for real-
time motion-controllable generation. Diffusion-As-Shader [Gu et al.
2025] and WAN-Move [Chu et al. 2025] train dedicated trajectory-
conditioned modules for video control. ATI [Wang et al. 2025b]
further unifies trajectory instructions for controllable generation,
while MotionStream [Shin et al. 2026] achieves real-time interactive
motion control. Despite the impressive performance, these training-
based methods are inherently limited by the coverage of their train-
ing data and may not generalize to unseen motion patterns. In
contrast, our approach establishes a fully training-free method that
eliminates the need for both large-scale model training and auxiliary
driving signals, enabling cross-species motion transfer seamlessly.

3 Methodology

In this section, we will introduce the whole pipeline of our pro-
posed system, MoTioN4MoTION. MOTION4MOTION is a training-
free framework via manipulating the attention calculation of the
denoising process. To introduce our method, we begin with the intro-
duction of foundational concepts of our base generative framework
in Sec. 3.1. As our method is not based on the skeleton correspon-
dence, we track the motion flow of subjects in the video playback
and build correspondence between the source and target subjects
in images (Sec. 3.2). To achieve the motion transfer from the source
video to the subject, we introduce a novel module, TRANSPE, for
attention manipulation in Sec. 3.3.
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Fig. 2. Position awareness in self-attention. We sample two frames from
a video. The source point in (A) is marked by a point *. We found the
attention weight (overlaid on (C)) of this point % is more aware of the
spatial-temporal neighbors %, but not semantically similar ones

3.1 Video Generation Framework

Diffusion transformer. Our framework is built upon WAN-
T2V [Wan et al. 2025], which utilizes a DiT architecture inte-
grated with Flow Matching [Lipman et al. [n.d.]]. For efficient
processing, an input video is first compressed into a latent space

zZ € R(”L%J)X%X%XC via a 3D causal VAE, where F, H, and W
denote the number of frames, height, and width of the video, re-
spectively, and C represents the latent channel dimension. Unlike
traditional Gaussian diffusion, this paradigm models the generative
process as a continuous-time probability path where the DiT model
predicts a velocity v; that transforms initial noise z¢ into the target
latent z; through linear interpolation z; = tz1 + (1 — t)zp. Our Mo-
TION4MOTION operates within this latent space, intervening in the
denoising process by manipulating the spatial-temporal attention
maps of the DiT blocks to achieve training-free motion transfer
for general subjects. For convenience, we take the simplification of
Fe—1+ L%J, H « %, and W « % to denote the temporal and
spatial dimensions of the latent space in the following sections.

Self-attention and positional encoding. The denoising backbone of
WAN consists of L successive transformer blocks, each integrating
multi-head self-attention (SA), cross-attention for text condition-
ing, and a feed-forward network (FFN). Within each SA layer, the
input latent X is first projected into query Q, key K, and value V
tensors, through linear transformations. To capture the complex
spatio-temporal dependencies of video data, WAN employs 3D Ro-
tary Positional Embedding (RoPE) [Su et al. 2024]. Unlike absolute
positional encodings, RoPE injects relative position information
by rotating pairs of dimensions in the Q and K tensors according
to their temporal and spatial coordinates (f, h, w). The attention
mechanism then computes the weighted sum of values based on
the similarity between queries and keys embedded with positions,
which can be formulated as,

RoPE(Q) RoPE(K) T
Vd

where Q, K,V € RLXd [ = Fx Hx W, and d is the latent dimen-
sion of query, key, and value. The resulting attention output X is
subsequently processed by the FFN and fed into the next block.
Particularly, by injecting positional priors into each latent token,
RoPE enables the model to perceive the relative distance between
pixels effectively. This mechanism ensures a heightened sensitivity
to local structures [Wang et al. 2025a; Yin et al. 2025¢], as tokens in

X « Softmax vV, (1)
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(A) (B)

Fig. 3. Building correspondences across images and video. (A) Cross-
image correspondence: Anchor points
are semantically matched to the target subject via point matching. (B)
Motion flow extraction: The motion flow is constructed by tracking
the trajectories of these points across the temporal axis of the source video.

sampled within the source mask

close proximity exhibit stronger positional correlations during the
attention calculation, shown in Fig. 2. Particularly, points with simi-
lar semantics might not have a higher attention weight, as shown
in Fig. 2. This phenomenon reveals the crucial role that positional
encoding plays in video generation. Such a relative distance-aware
property is crucial for maintaining structural integrity and capturing
the nuanced motion dynamics within the spatial-temporal grid.

3.2 Motion Flows in-and-cross Video Playback

An essential component in MOTION4MOTION is establishing the
motion flow in the video and then transferring to the target. As
shown in Fig. 3, we take an example of transferring the running
motion of a dog in a video to a lion. In this stage, we target two
essential correspondences, (1) cross-image correspondence between
the source and target subjects, and (2) motion flow of the source
subjects in the source video.

Cross-image correspondence. To enable motion transfer between
subjects with potentially disparate topologies, we first establish a
semantic bridge between the source and target subjects in a skeleton-
free manner. As shown in Fig. 3-(A), given the first frame of the
source video I}, and a target subject image I;g¢, we employ a subject
mask to sample a set of N representative anchor points

on the source character using Grounded SAM-2 [Liu et al.
2024a; Ravi et al. 2024; Ren et al. 2024]. Technically, the target subject
image I;g4; is the first frame of the video generated by unedited
prompt. For real target image transfer, we generate its video by an
12V model and then use the inversion technique to obtain the noise.
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We then leverage a semantic matching algorithm (e.g., diffusion

features [Tang et al. 2023]) to find their corresponding coordinates

on the target subject. This point-to-point mapping

C: - serves as the foundation for cross-image transfer,

ensuring that the movement of specific semantic parts (e.g., the

“legs” of a dog vs. the “legs” of a lion) is accurately migrated despite
differences in their categories.

Initialization for real image transfer. When the target subject is
provided as a real image ;4 rather than generated by the T2V
model, we first synthesize a video Vge, from Iy using a WAN-12V
model. We then apply inversion [Jiao et al. 2025] on Vg, to obtain
the initial noise latent, which serves as the starting point for the
subsequent attention manipulation.

Motion flow in source video. While cross-image correspondence
handles semantic alignment across subjects, the temporal dynamics
must be extracted from the source video playback to drive the ani-
mation. As illustrated in Fig. 3-(B), for the sampled anchor points

, we track their trajectories across the subsequent F — 1 frames
using a point tracking framework implemented with DIFT features.
This mapping yields a sequence of coordinates for each point, de-

noted as the motion flow , where pf represents

the positions of all anchor points at frame f. We mark this mapping
as /] : - Specifically, the motion flow (aka. trajectory)
of the i-th point is defined as a set of spatio-temporal coordinates
P{ = {(h{ , Wlf ) }]Iizl, illustrated as the motion flow lines in Fig. 3-(B).
By decoupling the motion from the source subject into these flow
lines, provides a topology-agnostic representation of the dy-
namics, which is subsequently injected into the generative process
of the target subject through our attention manipulation in Sec. 3.3.
Note that the point matching and tracking are conducted within
the downsampled coordinate system, downsampled by factors of 4,
8, and 8 along the temporal, height, and width axes, respectively.

3.3 Video Motion Transfer with TRANSPE

Here, we detail how the extracted motion flows are utilized to drive
the target subject’s generation process. Our strategy consists of two
primary steps: mapping the source dynamics to the target subject
coordinates and performing a training-free attention manipulation.

Target motion flow construction. In Sec. 3.2, we introduce the
point correspondence across images and the video motion flow.
These two mappings are presented as C : - and 7 :

- , respectively. The core objective of motion transfer is
to reproject the points of the target subject onto the spatio-temporal
coordinates of the extracted source motion flow, such that =

. Consequently, the trajectory mapping for the target subject
points can be formulated as a composite function: M = 7 oC~1.
By leveraging this derived mapping M : - , we establish
arelationship between the target subject’s semantic points and their
intended spatio-temporal destinations in the synthesized video, for
inheriting the dynamics of the source.

Attention manipulation with TRANSPE.. In practical applications,
the target image used for cross-image matching is the first frame
of a target subject video. Our goal, therefore, is to reposition the



(A) MoTioN4MorTioN framewok

unedit branch
self-attention

edit branch
self-attention
w/ TRANSPE

.
&

Motion4Motion: Motion Transfer Across Subjects at Inference

(B) self-attention w/ TRANSPE

motion flow for

position embedding

Fig. 4. System overview of MoTioN4MoTioN. (A) Overall Framework. Our system adds standard self-attention with the TRANSPE module within DiT
blocks to achieve training-free motion transfer. (B) Mechanism of TRANSPE. The original Query Q (®) keeps unchanged. Key K (#) is padded with the

appearance key features of the target subject, marked as light blue key tokens

. Additionally, padded keys are also applied to positional encoding using the

motion flow trajectories M9 from the source video, as marked in the orange dashed boxes. Value V (A) is augmented by concatenating appearance value
features of the target subject, marked as light blue value tokens . With the proposed pipeline, MoTioNn4MoTION faithfully transfers the motion of a source

video to a new subject in a another video that follows the source motion. All
blue tokens denote the edited tokens after TRANSPE manipulation, in contrast with the

target subject’s features to their corresponding locations within the
transferred video. This editing process is performed in the latent
space of the video via diffusion inversion. To faithfully migrate the
target subject’s appearance along the constructed trajectories, we
intervene in the self-attention calculation of the DiT blocks. As in-
troduced in the previous text, self-attention calculates the similarity
between points with positional encoding. Motivated by this, we
introduce a TRANsferring Positonal Encoding method (TRANSPE) to
rearrange points of the target subject in editing the attention.
During the denoising inference, let Q, K, V be the query, key, and
value tensors projected from the original noisy latent, i.e., unedited
video branch. We introduce the TRANSPE module to inject the target
subject’s anchor features into the attention mechanism. Given the
latent K feature of the target subject’s first frame K} gt (cached by dif-

fusion inversion), we extract the matched point as K;‘gt = K} gt [Pror]

via the slice operation, which provides the appearance of the target
subject. We replicate it F times to initialize the sequence of these
;‘gt, .. .,K;‘gt] € REFXH*xWxd Similarly,
we can slice the feature of the subject from the original V and re-
peat F times, as V, with the same dimension of K. After that, we

appearance features K = [K

re-embed K with positional information using RoPE based on the
target motion flow . This allows the model to “look for” the
target subject’s features at the newly transferred coordinates. We
then augment the original key and value tensors via concatenation,

Knew = [ROPE(K), ROPE(K, M'7)],  Vyer = [V, V], (2)

while keeping the query Q unchanged. The updated self-attention
operation is then performed as,
ROPE(Q) Kyieny

Vd

By padding position-aware features into the attention space, Mo-
TION4MoTION effectively forces the denoising process to synthesize

X « Softmax ( ) Vaiew- 3)

notations means tokens or features of the “lion” in this example. The darker

tokens representing the original (unedited) target features.

the target subject at the specific coordinates dictated by the motion
flow, achieving high-fidelity motion transfer without tuning.

The complete pipeline of MoTioN4MoOTION is summarized in
Alg. 1. Given a source video and target subject, we first extract the
motion flow and cross-image correspondence, then perform the
denoising process with TRANSPE attention manipulation within
specified step and layer ranges.

4  Experiments
4.1 Setting

4.1.1 Implementation details. Our method is implemented on top
of the WAN-14B-T2V [Wan et al. 2025] (480p resolution) model. By
default, attention manipulation is applied across layers [0, 40] until
step 35 out of 50 denoising steps. TRANSPE is applied in all self-
attention layers within this range. Point matching is performed via
diffusion feature matching, while subject segmentation is obtained
using SAM-2 [Ravi et al. 2024]. To align the segmentation masks
and point coordinates with the latent space resolution, both are
downsampled by a factor of 1/8. All experiments are conducted on
one NVIDIA H-800 GPU.

4.1.2 Baselines. Most existing methods in this field focus on hu-
man or human-like motion transfer and typically rely on prede-
fined global motion signals or explicit pose representations. For
example, approaches such as WAN-animate [Cheng et al. 2025]
heavily depend on human pose detectors, whose performance may
be unstable in non-human-like character scenarios. In this paper,
to evaluate general fine-grained character motion control, we first
adopt two state-of-the-art methods, FlexAct [Zhang et al. 2025b] and
MotionClone [Ling et al. 2025], as primary baselines. We further
compare our approach with global motion transfer methods, in-
cluding MotionDirector [Zhao et al. 2024] and RoPECraft [Gokmen
et al. 2025]. Additionally, we compare with recent training-required
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Algorithm 1: Motion Transfer with TRANSPE

Input: Source video V., target subject Ir4¢, text prompt c, total
steps T, total layers L, begin/end step sp/se, begin/end layer
Ip/le
Output: Transferred video Vg¢
// Stage 1: Motion Flow Extraction
1 « SampleAnchors(Vs;c[0]) ;
source first frame

// anchor points on

2 «— SemanticMatch( ige) s // cross-image
correspondence C

3 «— PointTrack( ,Vsre); // motion flow in source
video I

4 — ; // target flow via M=ToC™!

// Stage 2: Latent Initialization
// T2V/I2V generation
// deterministic inversion

5 Vgen < Generate(I;gs,c) ;
6 zo < Inversion(Vgen) ;

7 Cache K}gt,
// Stage 3: Denoising with TransPE
fort=0toT — 1do

1 : ; .
v, gt from inversion at each layer;

o

9 forl=0toL - 1do
10 Compute Q, K,V from z; at layer [;
11 if t <seandlp <1< I, then
// Apply TransPE manipulation
12 K« Repeat(K}gl[ 1,F);
13 V— Repeat(V}gt[ 1,F);
1 Knew < [ROPE(K), ROPE(K, )1
15 View < [V, V]’
xT
16 X « Softmax (%) Vnew;
17 else
18 L X « standard self-attention;
19 | 2z41 < update with velocity prediction;

20 Vg < Decode(zr);

trajectory-based methods, Diffusion-As-Shader [Gu et al. 2025] and
WAN-Move [Chu et al. 2025], which train dedicated motion control
modules on large-scale trajectory data. Since the implementation of
the recent method MotionV2V [Burgert et al. 2025a] and Motion-
Shot [Liu et al. 2025] was not publicly available before submission,
we discuss them in related work.

4.1.3 Benchmark and evaluation protocol. We evaluate Mo-
TION4MOTION on the established animal (33 pairs) and human mo-
tion (123 pairs) transfer benchmarks introduced by Zhang et al.
[2025b]. Since our framework is built upon the WAN-T2V-14B foun-
dation model, we adapt the evaluation protocol by first performing
a deterministic inversion [Jiao et al. 2025] of the source video to
obtain the base latent path, followed by our attention manipula-
tion to synthesize the transferred results. To quantify the quality of
the transferred results, we employ four standard metrics: (1) Tex-
tual Similarity (TS): calculated via CLIP [Radford et al. 2021] to
measure the semantic consistency between the generated frames
and the prompt. (2) Motion Fidelity (MF): which utilizes tracklets
computed by Co-tracker [Karaev et al. 2025] to measure the similar-
ity between motion trajectories in unaligned videos. (3) Temporal
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Consistency (TC): quantified by the average CLIP image feature
similarity between all frame pairs to ensure smoothness and coher-
ence. (4) Appearance Consistency (AC): which reflects the identity
preservation by calculating the average CLIP [Radford et al. 2021]
similarity between the target image and the generated video frames.
Additionally, to evaluate the fine-grained pose alignment between
the source and target motion, we introduce a new benchmark with
50 image-video pairs with different animals. Specifically, the cat-
egory of these examples can be covered by a cross-category pose
detector. Consequently, we evaluate the pose similarity (PS) between
the source and target motions with a precise detector [Yang et al.
2024].

4.2 Evaluation

4.2.1 Quantitative evaluation. We compare our method with sev-
eral state-of-the-art baselines in Tab. 1, where MoTiON4MOTION
consistently achieves the best performance across all metrics. The su-
periority of our approach can be attributed to its fine-grained control
mechanism. Compared to earlier frameworks like MotionDirector
and RoPECraft, which primarily rely on global representations or
model-level tuning, MoTION4MOTION operates at a point-to-pixel
level. This enables our model to capture local motion nuances that
are typically lost in holistic control paradigms, leading to signifi-
cant gains in Motion Fidelity (MF). Furthermore, MoTION4MOTION
outperforms recent mask-based methods such as MotionClone and
FlexiAct. While these approaches improve motion quality by con-
straining attention within the subject’s silhouette, they lack explicit
semantic guidance between the source and target. In contrast, our
point-to-point mapping establishes a direct semantic bridge, en-
suring that each part of the target subject follows the intended
trajectory with high precision. This is reflected in the substantial
improvement in Pose Similarity (PS), demonstrating our method’s
robustness in handling complex character transfers.

4.2.2  Qualitative evaluation. We present a visual comparison be-
tween our method and several state-of-the-art baselines in Fig. 5, fo-
cusing on challenging cross-species motion transfer tasks (e.g., trans-
ferring a fox’s gait to a giraffe, and a lion’s pounce to a zebra). As
illustrated, existing baselines struggle to maintain a balance between
motion fidelity and visual quality. Specifically, RoOPECraft [Gokmen
et al. 2025] often produces stiff movements and fails to capture the
fluid leg dynamics of the reference. FlexiAct [Zhang et al. 2025b]
suffers from significant identity distortion and texture blurring, par-
ticularly around the limbs (as seen in the giraffe’s shadow and the
zebra’s legs), failing to preserve the structural integrity of the tar-
get animal. While MotionClone [Ling et al. 2025] achieves better
motion magnitude, it introduces noticeable ghosting artifacts and
temporal appearance drifting. A key limitation of these baselines
is their over-reliance on global motion features or their lack of ex-
plicit structural guidance, which makes precise fine-grained pose
alignment extremely difficult. In contrast, our approach achieves
superior semantic pose alignment even across disparate morpholo-
gies. Despite the vast differences in limb proportions between a fox
and a giraffe, our method precisely retargets the reference gait while
maintaining high-fidelity appearance and sharp textures without
the need for skeletal priors or fine-tuning. More results are in Fig. 9.



Table 1. Main quantitative comparison with baselines.
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‘ Human ‘ Animal ‘ Ours
Method | TST MFT TCT ACT | TST MFT TCT ACT | TST MFT TCT ACT PS?
MotionDirector [2024] | 0.255 0312  0.915 0.887 | 0.248 0.298 0902 0.875 | 0.251 0305 0.908 0.881  0.342
RoPECraft [2025] 0.241 0330 0907 0.894 | 0.235 0315 0895 0.882 | 0.238 0322 0901 08838  0.355
MotionClone [2025] 0.258 0381 0937 0.900 | 0.252 0365 00924 0.891 | 0.255 0373 0931 0.896 0.408
FlexiAct [2025b] 0.269 0391 0928 0945 | 0.261 0378 0915 0932 | 0.265 0384 0922 0938  0.415
MoTION4MOTION | 0288 0452 0955 0971 | 0.282 0441 0.948 0.962 | 0.285 0.448 0.952 0.967 0.543

7

Motion
Reference

RoPECraft

MotionClone

FlexiAct

Ours

Fig. 5. Comparison of MoTioN4MoTIoN with baselines. We focus on the preservation of pose details across individual frames. Most baseline methods
exhibit varying degrees of visual artifacts or appearance drifting. In contrast, our method maintains high-fidelity pose alignment and appearance consistency.

4.2.3 Real-image/video evaluation. To further evaluate the robust-
ness and generalization capabilities of MOTION4MOTION, we per-
form motion transfer using “in-the-wild” images and videos sourced
from the Internet. As shown in Fig. 6, we animate static portraits of
diverse subjects, including public figures with distinct stylistic fea-
tures, using a complex dance sequence as the source motion. Despite
our method being without any training, MOTION4MOTION success-
fully retargets the dynamic motion while faithfully preserving the
subjects’ identity, clothing textures, and structural integrity. This
zero-shot performance on diverse real-world data demonstrates that
our approach does not overfit to specific datasets and can handle
diverse in-the-wild scenarios without additional fine-tuning.

4.3 User Study

We conducted a subjective evaluation to assess the perceptual qual-
ity of the generated videos. The study followed a blind pairwise
comparison protocol [Zhang et al. 2025b; Zhao et al. 2024], where
participants were presented with two videos side-by-side: one gener-
ated by the Base Model (WAN-I2V-14B) and the other by a competing
method (or ours). For each of the 50 randomly selected test cases,
all 10 raters were asked to select the preferred result based on two

specific criteria: Motion Consistency (how accurately the transferred
motion matches the source motion) and Appearance Consistency
(how well the visual identity of the subject is preserved). As reported
in Tab. 2, our method demonstrates a significant advantage over the
baseline, on both motion and appearance consistency. These results
confirm that our approach not only ensures faithful motion transfer
but also maintains higher visual fidelity compared to baselines.

5 Application: Teaching a Table Walking

Although a large video generation model shows impressive genera-
tion ability in various scenarios, it still struggles with some novel
concept composition [Shi et al. 2025], such as “A desk coming
to life, running rapidly along a muddy riverside.”. As
the novel concept composition of “running” and “desk” differs
substantially, the T2V model is quite hard to compose a reasonable
result for the model. As shown in Fig. 8(E-F), the model always
synthesizes the static desk motions or generates a sliding motion,
due to the limited imagination ability of the base model.

To address this, we introduce an external source to control the
motion. We explore the boundaries of our algorithm by performing
cross-morphology transfer: driving a static table (Fig. 8B) using a
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Table 2. Human evaluation results compared to others. Our method
outperforms baselines across all dimensions. The “Base Model” refers to
WAN-I2V-14B with TRANSPE (K-V concatenation) applied, which serves as
the anchor for pairwise comparison.

Motion Appearance
v.s. Base Model Consistency Consistency

MotionDirector 44.8 v.s. 55.2 49.7 v.s. 50.3

RoPECraft 67.1 v.s. 32.9 62.6 v.s. 37.4
MotionClone 71.7 v.s. 28.3 68.6 v.s. 31.4
FlexAct 78.4 v.s. 21.6 62.1 v.s. 37.9

MoTioN4MOTION  92.5 vs. 7.5 87.8 v.s. 12.2

video of a walking human (Fig. 8A). This presents a significant chal-
lenge due to the distinct structural differences. To render this prob-
lem tractable, inspired by “bone binding” in 3D animation [Artell
2025; Rokoko 2021], we explicitly bind the human legs to the table’s
legs using SAM2 masks, as shown in Fig. 8(C-D). Consequently,
MortioN4MoTION constrains the diffusion feature matching within
these masked regions, mitigating the structural ambiguity caused by
morphological disparities and successfully transferring the gait to
the table (Fig. 8H), synced with the motion in source video (Fig. 8G).

6 Conclusion and Discussion

In this work, we presented MOTION4MOTION, a novel training-free
framework that achieves high-fidelity motion transfer across diverse
subjects without relying on skeletal priors or specific fine-tuning. By
leveraging the proposed TRANSPE module, our approach effectively
injects motion flows from a source video into the self-attention
mechanism of a pre-trained Diffusion Transformer, enabling precise
semantic alignment even across disparate morphologies. Exten-
sive evaluations demonstrate that MoTioN4MoOTION significantly
outperforms state-of-the-art baselines in both motion fidelity and
appearance preservation. Furthermore, the ability to animate inan-
imate objects (e.g., a walking table) highlights the generalization
capability of our method. We believe this work offers a flexible and
efficient solution for video generation, opening new avenues for
creative animation workflows.
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(A) Step 0

(B) Step 35

., 1

Fig. 6. Real image motion motion transfer Mo- Fig. 7. Ablation on manipulation steps. (A) Without manipulation (Step 0), the model fails to
TIONAMoTION. The image of the driven subject and the  relocate target features along the intended trajectories. (B) Our default strategy (Step 35) achieves
motion driving video are from the Internet. The transfer ~ an optimal balance between motion fidelity and visual realism. (C) Full-step manipulation (Step 50)
results show the good performance of MoTIoNAMoTION.  causes semantic confusion, resulting in texture stretching and artifacts.

w/o control

control motion w/o control

w/ control

Fig. 8. Application of MoTioN4MoTION in Cross-domain Motion Synthesis. We empower a vanilla T2V model with the capability to animate inanimate
objects using biological motion trajectories. Given a reference video of a walking person (A) and a target static image of a table (B), our method extracts the
motion semantics (G) and applies them to the target. While baseline approaches (WAN-12V-14B, WAN-T2V-14B) without our control (E, F) produce either
static motions or simple sliding motions. With the binding legs from a man to two specified legs in (C) and (D), MoTioNn4MoTioN (H) successfully retargets the
walking gait onto the table’s legs while maintaining structural integrity and environmental consistency.
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