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Figure 1. We propose ConMo to achieve various motion transfer applications: (a) multi-subjects motion transfer, (b) subject seman-
tic/category change, (c) subject size editing, (d) subject position editing, (e) object remove and (f) camera motion simulation.(Green text

indicates major changes.)

Abstract

The development of Text-to-Video (T2V) generation has
made motion transfer possible, enabling the control of video
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motion based on existing footage. However, current meth-
ods have two limitations: 1) struggle to handle multi-
subjects videos, failing to transfer specific subject motion;
2) struggle to preserve the diversity and accuracy of mo-
tion as transferring to subjects with varying shapes. To
overcome these, we introduce ConMo, a zero-shot frame-
work that disentangle and recompose the motions of sub-
jects and camera movements. ConMo isolates individual



subject and background motion cues from complex trajec-
tories in source videos using only subject masks, and re-
assembles them for target video generation. This approach
enables more accurate motion control across diverse sub-
Jects and improves performance in multi-subject scenarios.
Additionally, we propose soft guidance in the recomposi-
tion stage which controls the retention of original motion
to adjust shape constraints, aiding subject shape adapta-
tion and semantic transformation. Unlike previous meth-
ods, ConMo unlocks a wide range of applications, includ-
ing subject size and position editing, subject removal, se-
mantic modifications, and camera motion simulation. Ex-
tensive experiments demonstrate that ConMo significantly
outperforms state-of-the-art methods in motion fidelity and
semantic consistency. The code is available at https :
//github.com/Andyplusl/ConMo.

1. Introduction

Text-to-Video (T2V) generation [14, 15, 32] has advanced
significantly with the evolution of video diffusion models
[1, 7]. However, due to the inherent complexity of mo-
tion, current models struggle to control object dynamics and
movement effectively. Thus, zero-shot motion transfer is
proposed. Given a video description and a reference video,
it aims to generate a video matching the description while
preserving the reference video’s motion patterns.

Previous methods [13, 16, 19, 27, 30] often employ
dense depth maps or sketches from reference videos to
replicate specific motions. However, these motion cues
are highly entangled to structural elements such as object
shapes and scene layouts. To overcome this, recent ap-
proaches capture unstructured motion cues by aligning tem-
poral attention maps [12, 16] or modeling per-frame differ-
ences [34] to guide the denoising process of target videos.
Despite substantial progress, they still face two issues: (1)
They produce suboptimal results in complex videos with
multiple subjects motions. (2) When the generated subject
differs from the original subject shape (especially with dras-
tic difference), adapting the motion is challenging. This is
due to their use of a holistic motion representation from the
reference video, which entangles compound motions from
different subjects and the camera. In addition, the intensity
of the original subject’s motion in coupled motion guidance
is uncontrollable in current approaches, leaving little flexi-
bility for pretrained diffusion models to synthesize smooth
transitions, particularly when the shape needs to change in
accordance with the semantic content.

To tackle this issue, we introduce ConMo, a novel zero-
shot framework to controllably transfer motions. Our key
idea is to first disentangle compound motions in the ref-
erence video into individual subject and background mo-
tions, and then controllably recompose them during tar-
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get video generation. Specifically, subject masks are first
applied to calculate local space-time intermediate feature
differences during inversion of the reference video. These
differences serve as distinct motion cues specific to each
subject. In addition, experiments proved that solely em-
ploying features derived using background mask can ap-
proximate camera movement trajectories [3, 10], as shown
in Figure 1(f), enabling more flexible and boarder applica-
tions. Enlightened by this, we propose a soft guidance strat-
egy that allows greater flexibility to alter subject category
and shape. Specifically, by leveraging background motion
to weight subject motion, we find that the resulting diluted
subject motion offers greater flexibility for shape changes(
as shown in Figure | (b), to maintain the same “right-to-
left” motion, a “dog” would require an additional action
like “run” compared to a “car”). Its effectiveness may stem
from the introduced background motion that initially exits
in the subject motion, which can reduce the shape-related
constraint in the original object motion while maintaining
overall motion harmony.

Our ConMo can better handle complex motions patterns
from multiple subjects by disentanglement and recompo-
sition. By simply controlling the intensity of subject and
background motion guidance through soft guidance, we
achieve more adaptable subject alterations. Moreover, the
recomposition strategy enables significant changes in the
shape, position, and semantics of the subjects, as shown
in Figure 1(a-d). And we can also replace subject-specific
motion cues with background one to remove subjects and
simulate camera movement, as shown in Figure 1(e-f). Our
contributions are as follows:

* We propose ConMo, a zero-shot framework for control-
lable motion transfer. Our method begins by disentan-
gling compound motion into distinct subject and camera
motions, which are then recomposed during target video
generation.

‘We propose a soft guidance strategy to help recomposing
more flexible motion dynamics. We first achieved fine-
grained control over subject presence, size, position, and
motion intensity.

Extensive experiments demonstrate that ConMo achieves
effective motion disentanglement and compositionality,
outperforming previous methods in complex videos.

2. Related Works

Video Motion Control. Extensive efforts have been made
to customize generated video motions to align with user-
provided text and other inputs [2, 4, 6, 8, 9, 16, 24, 28,
29, 35, 36, 38]. DragNUWA [36] presents a video genera-
tion technique that leverages text prompts, an initial image,
and designated point trajectories. MotionCtrl [29] facili-
tates precise control over camera poses and object motion,
allowing for fine-grained motion manipulation. These ap-


https://github.com/Andyplus1/ConMo
https://github.com/Andyplus1/ConMo

proaches generally rely on training-based frameworks, de-
manding substantial training resources and often requiring
additional modules to ensure that the generated videos con-
form to the specified conditions. Our method requires no
additional training and utilizes easily obtainable masks as
guidance. By disentangling video motion into subject and
camera motions, it enables more precise motion control.
Zero-Shot Text-Driven Motion Transfer. Text-driven mo-
tion transfer aim to generate a video that replicates the
motion patterns from a reference video while enabling
the generation of the target subject and scene through a
text prompt. With the advancements of Video Diffusion
Models[5, 17, 18, 25, 37] in video generation, current meth-
ods are capable of customizing these models to generate
videos with tailored motions. Diffusion-Motion-Transfer
(DMT) [34] extracts global feature differences to model
motion cues, VMC [12] applies motion distillation in tem-
poral attentions within a cascaded video diffusion. How-
ever, these methods are designed to model overall motion,
cannot handle motion transfer for videos with multiple sub-
jects exhibiting individual motions. MotionClone [16] em-
ploys sparse temporal attention weights as motion repre-
sentations for motion guidance, Control-A-Video (CAV) [2]
uses control signals and a conditioning method based on the
first frame. It extracts condition signals like sketches based
on the input video and the structure of the generated video
strictly follows the condition. They both remain restricted
to motion transfer scenarios with limited shape transforma-
tion and struggle to handle complex movements. In con-
trast, our method is the first to extend motion transfer to the
domain of multi-subject motion and introduces a strategy to
decouple the motions of multiple subjects, while also sup-
porting a broader range of shape transformations

3. Method

3.1. Preliminary

Video Diffusion Sampling. Video Diffusion Models ex-
tend Latent Diffusion Models [23] by introducing temporal
convolutions and cross-frame attention layers to model spa-
tiotemporal dependencies, followed by video dataset fine-
tuning for temporal consistency. Given an input sequence
V = {x},2%,... 28}, each frame x} is first encoded into a
latent representation 2. During the diffusion process, gaus-
sian noise is progressively injected into 2} over timestep t,
yielding noised latents z;. The model then iteratively de-
noises 2} by predicting the noise component conditioned on
temporal context, thereby reconstructing coherent video se-
quences through joint spatial-temporal learning.

3.2. Overall framework

As shown in Figure 2, ConMo operates in two stages: Refer-
ence Video’s Motion Disentanglement and Motion Recom-

7193

position for Target Video Generation. In the first stage,
we disentangle subject-specific motions and camera motion
from the reference video by extracting inverted latent fea-
tures in pair-frame-wise dynamic regions associated with
each subject via their corresponding masks. Then, it com-
putes the difference of Local Spatial Marginal Means based
on these features to represent independent motions for dif-
ferent subjects. In the second stage, the target videos are
generated by recomposing the motions using the Motion
Guidance function. It ensures target subjects’ motion con-
sistent with the reference subjects and adaptively handles
different shape variations with Soft Guidance.

3.3. Motion Disentanglement

To achieve individual motion controls, we first disentan-
gle the global motion cues of frame sequences into back-
ground motion and individual subject motions during ref-
erence video inversion process, as shown in Figure 2 (a).
Unlike existing work [34] that only captures holistic mo-
tion cues by calculating mean differences of global fea-
tures between frames, we identify locations of each subjects
within video frames and compute local space-time features
to model individual motion cues of separate subjects.
Concretely, given the reference video V, we obtain the
trajectory for a certain k' subject s;, with mask M, using
SAM2 [22]. To acquire the local feature to model motion
cue of sg, for any two frames 7 and j, such feature can be
coarsely represented according to its changing region M j LU
M} with Local Spatial Marginal Mean (LSMM):
M UM )

! S 1)
(1)

S (M, UM,)
where f(-) refers to extracting space-time features of 2
from intermediate layers.

However, we find when multiple subjects move, espe-
cially when their trajectories overlap, the aforementioned
process will result in the motion of the subject s; to con-
tain information from other subjects, making independent
extraction impossible. To overcome this issue, we propose
to exclude the intersectional area between the current sub-
ject sg and other subjects s,,, in addition to s;. Hence, the
unique local motion region of sj across frames ¢ and j is:

M = M \M] @)
where \ indicates the Set Difference function and the re-
fined local feature for s can thus be represented as:

¢(Skai7j7 ) =

¢(8k>i7j7 t) =

Mz\j UMjll) (3)

_— f( zt
The refined local feature ¢(sg,?,7,t) in Eq.3 prevents
interference from other subjects on the current motion cues,
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Figure 2. Overview of ConMo. The method mainly consists of two stages: (a) Reference Video’s Motion Disentanglement Stage: We first
acquire the masks for each subject in the reference video using SAM2[22] and video latent features acquire during DDIM inversion[26].
Then, based on the mask, we identify the motion regions of each subject across different frames in the reference video. By calculating
the difference of local spatial marginal means of latent features in these regions, we disentangle each subject’s motion. (b) Motion
Recomposition for Target Video Generation Stage: The extracted motion is integrated into the initial noise via the Motion Guidance
function and Soft Guidance strategy. This allows generating target videos with consistent motion and adaptive shape handling. The method
supports various video editing effects like semantic changes, object removal, position editing, and camera simulation.

thereby providing more accurate space-time features for in-
dividual subjects compared to that in Eq.1. Furthermore,
to obtain the isolated motion representation of s; between
frames 7 and j, we compute the difference of local features
of the same corresponding regions of the two frames:

ACD) = @(sp,i,5,t) — G5k, 7,4, 1) 4)

We also focus on the motions of background. Similar
to previous procedures, the motion representations of back-
ground c is denoted as ¢(c, i, j, t). Empirically, we find that
solely using background motions to generate video, the re-
sult mainly involves camera-changes, as shown in Figure 9.

In summary, we disentangle the independent motion of
subjects and camera from the reference video and acquire
their motion representation in this stage, which serves as the
foundation for subsequent motion recomposition for target
video generation and other applications.

3.4. Motion Recomposition with Soft Guidance

To recomposite the individual motions to guide the genera-
tion of the target video. There are two requirements: 1. The
subjects in the target video should follow the motion of the
corresponding ones in the source video. 2. There should be
more flexibility to handle more significant shape changes.
Specifically, to ensure the target subjects preserving its cor-
responding reference motion, a guidance function is used
to optimize latent features during the denoising process, for
individual subject s, the loss in each timestep ¢ is defined

as:

Lo (FG) FE) =3Y ISR E
i g

2

where Z; and z; indicate latent variables from target de-
noising and reference video inversion process at the same
timestep, respectively. (The frame indicator is omitted here
for clarity.) And A and A are pair-frame-wise motion rep-
resentations extracted from the reference video and target
video, respectively, as calculated by Eq. 4. For other sub-
jects and background motion, we perform the same calcu-
lations to achieve recomposition. This motion recompo-
sition facilitates more accurate transition on complex mo-
tion videos with multiple subjects. It also makes it possible
to add or remove a specified motion in reference videos,
by simply adding or removing the corresponding guidance
function. However, due to strong semantic and geomet-
ric priors in extracted motion features [12, 34], full-motion
guidance without intensity control can limit flexibility in
subject alterations, particularly for significant changes in se-
mantics, shape, size or position. To address this, we propose
a soft guidance scheme that blends subject motion with
inherent camera trajectory control weights (as the subject
moves within the camera view). This “dilution” reduces the
semantic / shape constraints of the original motion, enhanc-
ing the flexibility of our method. Concretely, we compute
the weighted arithmetic sum of the camera (background)
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motion and the subject motion as follows:

ALD 4, « ALY
we + 1

AL = ©6)
where w,. is a hyper-parameter to control the intensity of
camera motion guidance. Larger w. values means weaker
subject motion controls. Then we use new Ag}’j ) to calcu-
late energy function Eq.5 to guide motion generations. In
this way, we achieve flexible motion controls to be more
robust to shape and semantic changes.

3.5. Applications

With our proposed two strategies, ConMo enables a broader
range of applications, as shown in Figure 1. Below, we pro-
vide implementation details for each application: (1) Alter
subject semantic and shape: We can vary the degree of
semantic and shape alterations for the subject by soft guid-
ance (Eq.6) with different w,. (2) Control subject position
and size: We can adjust the position or size of the origi-
nal motion in the generated video by resizing or shifting the
mask in the corresponding area of A7
tion: we can replace Agi.’j ) entirely with Agi’j ) to remove a
specific motion. (4) Simulate camera viewpoint change:
By using only background motion cues A in the Eq. 5,
we can simulate overall camera trajectory shifts.

. (3) Remove mo-

4. Experiments

To fairly evaluate our method especially in complex video
motions, we specifically collected a set of videos from
DAVIS [20], TGVE [31] and the Web. Our dataset con-
sists of 26 videos and 56 edited text-video pairs. We ensure
scenes and object categories diversity. More implementa-
tion details are provided in the supplementary material.

4.1. Qualitative Evaluation

We provide visual comparisons of our method against four
comparison approaches in scenarios involving multiple sub-
jects and shape adaptation.

Multiple subjects motion transfer. As shown in Fig-
ure 3, DMT [34] can produce semantically accurate results,
but when multiple motions are present, it fails to restore
them individually (the generated drone has almost no mo-
tion). Moreover, it struggles to distinguish which subject
is performing the action in cases with multiple separate,
leading to mixed outputs (e.g. three teddy bears and three
karts). MotionClone [16] lacks sufficient understanding of
the text descriptions, resulting in outputs that do not align
with the text in the three tested videos and appear disor-
ganized. VMC [12] can coarsely preserve the motion of
the original multi-subject video, such as overall motion tra-
jectories, but there is still room for improvement in under-
standing fine-grained motion, such as the specific rotation
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changes of a drone, the orientation of a teddy bear during
the driving process and the angles of the wheels during mo-
tion. CAV [2] heavily retains the outline of the original
video, as seen in the drone result, which still resembles a
helicopter’s canny outline. Overall, our method generates
videos that better meet the requirements of the text descrip-
tion while preserving the reference motions.

Semantic and shape alteration. As shown in Figure
4, we further compare our method with the aforementioned
evaluation methods, focusing on cases where there are sig-
nificant shape changes in subjects before and after editing.
It is evident that DMT [34], MotionClone [16] and CAV
[2], while preserving motion, also retain much of the ap-
pearance information, resulting in an overall outline and
size that remain very close to the original video. Although
VMC [12] successfully achieves shape transformation, it
still suffers from semantic inconsistencies. For example,
the helicopter’s orientation is incorrect, and a person ap-
pear when generating a canoe, possibly due to the structure
of the boat’s bow in the original video. In contrast, our
method overcomes this limitation, successfully achieving
motion replacement with significant shape changes while
preserving the original motion.

4.2. Quantitative Evaluation

Following DMT [34], we evaluate our method using the fol-
lowing metrics: (1) Text Alignment (higher is better): We
use CLIP [21] to assess the similarity between each frame
and the target text, following earlier research (e.g. [11, 33]),
and report the average score. (2) Motion fidelity (higher is
better): We adopt Motion-Fidelity-Score proposed by [34],
which assesses motion fidelity in videos by comparing the
similarity of unaligned long trajectories.

We additionally conducted a user study with 25 partici-
pants to evaluate the effectiveness of ConMo and all com-
parison methods. The study primarily assessed three as-
pects: the motion retention between the input video and the
generated video, the motion quality of the generated video
and the alignment between the target prompt and the gener-
ated video. The survey utilized a rating scale from 1 to 5.
See the supplementary material for more details.

Qualitative results are shown in the Table 1. Our method
achieves better results compared to baseline methods by
maintaining high fidelity to both the target prompt and the
original motion. VMC [12] maintains high text alignment
score but has poor understanding and transfer capabilities
for motion details such as orientation and pose. Motion-
Clone [16] performs excellently in motion fidelity score but
has a low text alignment score. This is because it often tends
to present a structure similar to the original video, leading
to a mistaken evaluation of good motion preservation.



Reference Video

Truck == Wooden Truck

Figure 3. Qualitative Evaluation of multiple subjects motion transfer. Our method achieves better results in term of text alignment and
multi-subject motion fidelity.

Figure 4. Qualitative evaluation of motion transfer with drastic semantic and shape alteration. Our method outperforms other
methods when subject shape changes are notable.
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Figure 5. Controllable Motion Granularity. Comparison of mo-
tion transfer across vehicle types with varying shape alterations.
As background motion weight increases, original shape details di-
minish and alignment with prompts improves.

Figure 6. Reposition. By utilizing decoupled motion features,
our method enhances the control of transferred motion positions,
resulting in video outputs that more accurately align with the
prompt’s semantics (The flying helicopter should be in the sky).

4.3. Ablation Study

To validate the effectiveness of each module, we designed
an experiment (as shown in Table 2). Compared to DMT’s
global guidance approach, our motion extraction method
better preserves the original motion in the video. The appli-
cation of Soft Guidance(SG) enhances the consistency be-
tween the generated video and the prompt, as it allows for
greater shape transformation, making subjects better meet
the prompt requirements. Additionally, we found it neces-
sary to separate the movements of individual subjects with
Eq.3. This approach not only enhances model’s perfor-
mance but also demonstrates through visualization experi-
ments that the extraction method can more independently
isolate specific subjects’ motion features. As shown in
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Figure 7. Resize. Our method precisely controls the size of gener-
ated subjects in videos, ensuring alignment with geometrically re-
lated text semantics and enhancing common sense alignment (e.g.,
a dog transforming into a larger tiger).

Figure 8. Subject Motion Extraction. The method effectively
isolates the target subject’s motion, ensuring independent transfer
while excluding influences from other subjects.

Figure 8, we use the single-subject motion extracted from
multi-subject videos to guide video generation. Compared
to the motion coarse extracted by Eq.l (middle row), this
method leaves residual motion from other subjects (such as
the wheel on the right). The refined motion extraction by
Eq.3 (bottom row) better preserves the independent motion,
which lays the foundation for subsequent applications.

4.4. Applications

Alter subject semantic and shape. As shown in Figure 5,
we constructed prompts based on three different target sub-
jects, each varying in morphology from the original subject.
Increasing the weight of background motion enhances the
alignment of the generated subjects with the prompt (e.g.,
Motor bike), while the retention of the original shape de-
creases. We attribute this to the injection of camera motion,
which causes the motion of the original subject’s detailed
structure to be gradually lost. (e.g., changes in the front



Methods

Text Alignment T Motion Fidelity T ‘ Motion Preservation T Motion Quality T Text Alignment T

Control-A-Video [2]. 30.13 0.7661
VMC [12], 32.56 0.7979
MotionClone [16] 31.00 0.8876
DMT [34] 31.46 0.8815
ConMo 31.96 0.8931

343 2,38 1.42
2.45 2.33 4.23
4.20 3.40 3.01
4.20 3.70 4.10
4.40 4.11 4.30

Table 1. Quantitative evaluations results with existing SOTA methods. Evaluation results show ConMo considerably outperforms other
methods in terms of motion fidelity, motion quality and text alignment, as demonstrated by automated metrics (left) and user studies(right).

City nightscape

Figure 9. Camera Motion Extraction. The technique preserves
original camera motion in the generated videos.

Methods  Text Alignment T Motion Fidelity T
DMT [34] 31.46 0.8675
+Eq.1 31.55 0.8813
+SG 31.89 0.8795
+Eq.3 31.96 0.8931

Table 2. Ablation study. Our proposed refined motion disentan-
glement and soft guidance strategy enhance model’s performance.

of the vehicle). Consequently, the generated subjects are
less constrained by this motion, allowing for more effective
alignment with the prompts in the resulting videos.

Edit subject position. The position control method
based on disentangled motion features not only enhances
the flexibility of the motion transfer process but also im-
proves the alignment of the generated video’s motion with
the prompt. As shown in Figure 6, while the DMT method
successfully transfers motion from a car to an airplane, the
generated video shows the airplane taxiing rather than flying
due to position constraints. In contrast, our position control
method generates a video that accurately reflects the “fly”
semantic, and the generated subject seamlessly integrates
with the video context (e.g., the shadow in the video corre-
sponds to the generated helicopter).

Edit subject size. As shown in Figure 7, our method
allows control over the size of specific subjects generated
in videos, enabling better correspondence with geometri-
cally related prompt semantics. More importantly, when
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transferring motion to a subject that differs significantly in
size from the original, this technique can adjust the size
of the generated subject based on the user-specified scal-
ing ratios, ensuring the generated video aligns more closely
with common sense (e.g., a dog becoming a tiger typically
increases in size). This is particularly important in multi-
subject videos, where other subjects serve as reference.

Remove motion and Simulate camera change. Fig-
ures 8 and 9 demonstrate ConMo’s ability to extract vari-
ous types of motion from videos in a relatively independent
manner. In Figure 8, the mask extraction method outlined
in our Eq. 3 allows us to avoid including information from
other subjects in the extracted motion. This enables the
removal of a specific subject’s motion from multi-subject
videos, achieving an object removal effect. In Figure 9 , the
videos generated from the background motion extracted in
single or multi-subject videos effectively preserve the cam-
era viewpoint transformations of the original video, while
maintaining a low structural similarity to it showing that the
background-extracted motion can be approximated as cam-
era motion cues.

More experimental results for the aforementioned appli-
cations are provided in the supplementary material to fur-
ther demonstrate our method’s effectiveness.

5. Conclusion

In this paper, we propose ConMo, a novel approach to over-
come the limitations of current text-to-video motion transfer
methods through innovative motion disentanglement and
recomposition strategies. By decomposing compound mo-
tions into distinct subject and background dynamics, we
offer subject-level motion control capabilities, enhancing
adaptability in scenarios with multiple subjects and com-
plex motion patterns. Our soft guidance strategy enables
flexible adaptation for target subject with different shape
variations. With simple yet effective recomposition strat-
egy to generate target video, we enable broader applica-
tions, including subject removal, editing subject geometry
attributes such as size and position, and simulating camera
changes. Extensive experiments further show that ConMo
outperforms existing methods in maintaining motion con-
sistency and flexibility.
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