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Source Prompt: A man hikes through the dolomitesSource Prompt: A black swan is swimming in a pond

Editing Prompt: A horse walks through the dolomites

Editing Prompt: A man rides a horse walks through the dolomites

Editing Prompt: A gray bus is driving in a pond

Editing Prompt: A gray car is driving in a pond

Figure 1. Transferring motion from the source video to the edited video. Our proposed DRA-MTransfer is able to edit the subjects with
significant shape difference (left, swan to bus and car), and the subjects with distinct intrinsic motion patterns (right, two legs to four legs).

Abstract

Video motion transfer is a challenging video editing task
that requires preserving the source motion while generating
an edited subject faithful to the target instruction. Recent
leading methods adapt video diffusion models (VDM) to a
single source video via lightweight fine-tuning, e.g., LoRA,
but often overlook an important issue. The edited subject
is usually trajectory-consistent, yet physically unrealistic,
especially when the subjects exhibit substantially different
shapes. For example, when editing a car into a horse,
the model tends to preserve the rotational tires, resulting
in stiff legs and unrealistic postures. The intrinsic motion
pattern of the edited subject is limited by the source video.
To this end, we propose DRA-MTransfer, a dual-grained
re-adaptation framework that reactivates motion priors al-
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†Corresponding author.

ready encoded in the pre-trained VDM. Specifically, we in-
troduce Spatial Consistency Guided Re-Weighting (SCR) to
alleviate overly strong source constraints, which improves
global posture realism. Further, we design Synergistic Tem-
poral Re-Attention (STR) to inject subject compatible mo-
tion cues into temporal attention for fine-grained motion
refinement. Extensive experiments on V2VBench and MT-
Bench show that DRA-MTransfer consistently improves in-
trinsic motion realism and physical plausibility, while main-
taining strong motion transfer fidelity, text alignment, and
temporal coherence.

1. Introduction

With the rapid development of video diffusion models
(VDM) [21, 54, 66], video editing [12, 13, 44] has achieved
impressive progress in subject replacement, background
manipulation, and style transformation. Among these tasks,
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Figure 2. (a) Evaluating the IMP of motion transfer method (MotionDirector) under three training settings. All source videos are captured
from the same position and exhibit the same trajectories. Local consistency (LC) is measured by computing the cosine similarity of
the attention maps between the source and target videos within the foreground region. In the left and middle cases, the leg indices
are unchanged, showing almost no movement of horse’s legs. (b) Analyzing the masks from VDM-A and VDM in three stages of the
denoising process, total of 50 steps. For clearer visualization, the masks are extracted from UpBlock.2, and refined using DenseCRF [31].

motion transfer is particularly challenging [19, 32, 93], as
the edited video should simultaneously preserve the motion
trajectory of the source video [39, 80], remain temporally
coherent [91], and satisfy the target editing instruction. Re-
cent methods achieve this goal by adapting a pre-trained
VDM to a single source video (VDM-A), typically through
lightweight fine-tuning modules such as LoRA [45, 86, 88].
This paradigm significantly improves robustness over zero-
shot transfer, especially when the edited subject undergoes
large appearance or shape changes.

However, we observe that current motion transfer meth-
ods still suffer from an crucial limitation [46, 98]. Al-
though the generated motion often follows the source trajec-
tory [86, 88], it may become physically unrealistic for the
edited subject itself. As shown in Fig. 2, when transferring
the motion of a driving car to a horse, the model tends to in-
herit the rotational motion patterns of the tires in the source
video, causing the horse’s legs to become stiff and the over-
all posture to remain unnatural. Similar failures also appear
when editing between subjects with distinct structures, such
as two-legged humans and four-legged animals. These re-
sults indicate that current methods are often insensitive to
the intrinsic motion pattern (IMP) of the edited subject.

This issue is closely related to a broader goal in world
modeling [60, 76], the edited subject should not only fol-
low the intended motion pattern, but also move in a man-
ner compatible with its own physical structure and dy-
namics. Although our goal is not to build an explicit
world model, our insight that preserving subject-consistent
dynamics is a basic requirement for realistic video edit-
ing [27, 73]. The challenge, therefore, is how to preserve
source motion while allowing the edited subject to recover
its own plausible IMP. Our key observation is that the pre-
trained VDM already contains rich motion priors [20, 68]

learned from large-scale videos [3, 51], including subject
dependent IMP. The single video adaptation, i.e., VDM-
A, excessively amplifies source specific motion, suppress-
ing these general priors. This is supported by the mask vi-
sualizations during denoising in Fig. 2. As the trajectory
gradually converges, the frozen VDM exhibits clearer leg-
swinging patterns, whereas the VDM-A still tends to gener-
ate stiff legs.

Based on the insight, we propose DRA-MTransfer, a
Dual-Grained Re-Adaptation framework that reactivates
useful motion priors in the pre-trained model to improve
intrinsic-motion realism. Specifically, we design Spatial
Consistency Guided Re-Weighting (SCR) to generate plau-
sible motion at a coarse-grained level. During training, SCR
employs Gaussian re-weighting on spatial consistency to re-
lax the source video constraint in foreground regions. Dur-
ing inference, it further adaptively adjusts the LoRA weight
according to spatial consistency, enabling the model to bet-
ter accommodate subjects with realistic motion patterns. To
refine fine-grained motion, we further propose Synergistic
Temporal Re-Attention (STR), which injects motion related
features from the frozen pre-trained VDM into the temporal
attention of the adapted model within foreground regions.
In addition, a sharpening strategy is utilized to suppress ar-
tifacts caused by redundant or inaccurate motion cues. Our
main contributions are summarized as follows:
• We explore the intrinsic motion pattern in video editing,

which severely impacts the physical realism of video mo-
tion transfer.

• We propose a new insight to utilize the potential motion
prior within the pre-trained VDM to tackle this issue, and
meticulously design DRA-MTransfer, which consists of
SCR and STR built upon this insight.

• Extensive qualitative and quantitative experiments con-



sistently demonstrate the advantages (at least + 4%) of
our method in physical plausible video motion transfer.

2. Related Work

2.1. Video Editing
Benefiting from superior controllability, video editing has
attracted increasing attention [28, 37, 49]. Video editing
faces three main challenges [41, 77]: (1) Generating high
quality videos, e.g., spatial resolution and temporal coher-
ence, (2) Ensuring high consistency with editing instruc-
tions, (3) Preserving high fidelity with the source videos.
Previous methods usually use adversarial objective [87], de-
coupling [1], and discrete representation [17, 72] to cope
with these challenges. Recently, with the rising of diffu-
sion models [16, 47], notable improvements have been wit-
nessed in video editing [18, 18, 52].

In terms of high quality, key-frame attention [8, 57, 65,
77] and neural layered atlas (NLA) [9, 15, 23, 33] are uti-
lized to improve temporal coherence [8, 9, 33, 97]. In terms
of high consistency, subject [34, 35], motion [70, 71, 100],
and grounding [24] information are injected into the denois-
ing network, providing additional reference information be-
yond prompt. In terms of high fidelity, optimizing inversion
latent [41, 42, 61, 79] and score-based guidance [25, 71]
are effective strategies. Currently, appearance editing, such
as color and texture, has demonstrated excellent perfor-
mance [36, 43, 81]. As a challenging task in video editing,
motion transfer [6, 78] has attracted increasing attention.

2.2. Motion Transfer
Motion transfer is a typical research topic in computer vi-
sion, which has been investigated in tasks such as video pre-
diction [63], generation [22], and editing [93]. There are
four typical approaches for motion transfer [69].

As a leading approach, optical flow [64, 89] is uti-
lized [14, 63] to guide the motion transfer in pixel level.
Moreover, trajectory is another commonly used approach
for video generation [50, 80, 95], which is usually ex-
tracted by pre-trained point tracking models [59, 99]. Re-
cently, attention mechanism is improved for motion trans-
fer [32, 86, 93]. Motion-related information in temporal
attention maps [55, 93, 94] is extracted to guide the tar-
get video generation. The advantage of these three ap-
proaches is the zero-shot motion transfer capability. How-
ever, the lack of tailored training on source video leads to
overly dense or sparse motion information [39, 86, 93], re-
ducing robustness of motion transfer when editing subjects
with significant shape variations, as discussed in Sec. 4.
Therefore, current mainstream methods fine-tune a small
scale of parameters to memorize the motion in the source
video [7, 40, 62, 90], which exhibits remarkable robust-
ness [11, 83, 96]. To enhance the upper limit of current

methods, we contribute along the line of the fine-tuning ap-
proach. In this paper, we focus on the IMP stiffness issue,
allowing for physically realistic motion transfer.

2.3. Physically Plausible and World-Consistent
Video Generation

Recent video generation research has increasingly empha-
sized realism beyond appearance quality [73], including
consistency of subject appearance [38], temporal evolu-
tion [48], and physically plausible motion [73]. This trend
is also closely related to the broader theme of world mod-
eling [48], which concerns whether a model can represent
and generate temporally coherent, causally plausible, and
structurally consistent visual worlds [67, 74].

In video editing, the physical plausibility of motion
transfer remains underexplored. Most methods are evalu-
ated based on text alignment, source fidelity, and tempo-
ral coherence, while the realism of the edited subject’s own
motion is rarely considered explicitly [46, 69]. Our work fo-
cuses on a concrete but important aspect of world-modeling,
i.e., world-consistent video editing. When the edited sub-
ject changes, how to control the generated motion remains
compatible with the target subject’s IMP. We address this
challenge by reactivating the subject’s IMP from VDM’s
pre-trained motion priors.

3. Methodology

3.1. Preliminary and Problem Formulation

Given a source video V S and an editing prompt PT , mo-
tion transfer aims to generate a target video V T that pre-
serves the motion of V S while satisfying PT . Recent
methods adapt a pre-trained VDM to the source video
V S via lightweight modules such as LoRA, using an ap-
pearance loss LS for random-frame denoising, a tempo-
ral loss LT , and a debiased temporal loss LD for learn-
ing appearance-disentangled temporal representations from
frame differences. However, such adaptation may overem-
phasize source motion and suppress the general motion pri-
ors of the pre-trained VDM. As a result, the generated sub-
ject may remain trajectory-consistent yet fail to exhibit sub-
ject compatible IMP, we term intrinsic motion insensitivity.

To tackle this issue, we propose DRA-MTransfer, which
reactivates motion priors in the pre-trained VDM at two
complementary granularities. The pipeline is shown in
Fig. 3, which consists of Spatial Consistency Guided Re-
Weighting (SCR) and Synergistic Temporal Re-Attention
(STR). At the coarse-grained level, SCR aims to improve
the global posture and motion pattern of the edited sub-
ject by reducing excessive source constraints. At the fine-
grained level, STR aims to recover realistic motion details
for local body parts or moving components.
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Figure 3. Framework of DRA-MTransfer. (1) Spatial Consistency Guided Re-Weighting (SCR): During training, LG uses Gaussian
distribution to re-weight the loss on SC. During inference, temporal LoRA weight (ωt) is adaptively adjusted guided by SC, and spatial
LoRA weight (ωs) is determined by a classifier model based on the prompt pair and weighting dictionary. (2) Synergistic Temporal Re-
Attention (STR): During inference, foreground enhanced attention (FEA) integrates the IMP knowledge of edited subject within VDM into
VDM-A by concatenating their keys and values.
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3.2. Spatial Consistency Guided Re-Weighting

SCR aims to alleviate the overly strong motion constraint
of VDM-A imposed by the source-adapted LoRA, and re-
activate the coarse-grained motion prior in the pre-trained
model. We use spatial consistency (SC) between source and
generated foreground regions as the key cue, since SC nat-
urally reflects whether the transferred motion is overly con-
strained by the source. During training, SCR employs the
Gaussian distribution to re-weight the temporal loss based
on SC. Further, to support adaptation to varying edited sub-
jects during inference, SCR adaptively decreases the weight
of the LoRA based on SC. Through coarse-grained re-
weighting during both training and inference stages, SCR
enables the model to generate physically realistic global
postures for diverse edited subjects.
Gaussian distribution re-weighted loss LG aims to
smooth the strict motion constraint on subject. We first cal-
culate subject’s mask M ∈ RF×H×W from cross-attention
maps following standard strategy [57, 84], where high atten-
tion values are regarded as foreground regions. The masks
from VDM and VDM-A are defined as MV and MA.

Next, uniformly decreasing the foreground weight in-

evitably impacts motion trajectory learning. Therefore,
we apply Gaussian re-weighting, assigning larger weights
to the central region for trajectory learning, and smaller
weights to marginal regions to alleviate the constraints im-
posed by the source video. This design is motivated by
the fact that the subject’s motion can be decomposed [2]
into translation (trajectory) and rotation (intrinsic motion),
where rotation causes larger relative displacement (intrin-
sic motion) for pixels farther from the center. The proce-
dure is depicted in Fig. 4. After calculating the union mask
MU =

⋃F
i=1 MV

i ∪MA
i , where MU ∈ RH×W , the LG is

formulated as:

LG =

H∑
i=1

W∑
j=1

F×F∑
k=1

G(i, j)||Ai,j,k − Âi,j,k||2

H ×W × F × F
,

where A ∈ RN×F×F is the predicted temporal attention
map, N = H × W , MU is broadcast along the temporal
dimension to all frames. Â is the attention map from the
source video. The weight G(i, j) of location i, j is calcu-
lated as:

G(i, j) =

e−
σ̂2
i,j

2σ2 , if (i, j) ∈ MU ,

1, else,
(1)

where σ̂i,j indicates the distance between (i, j) and (ic, jc),
(ic, jc) is the center of bounding box enclosing the fore-
ground region. The radius σ uses the half of diagonal
length. Note that we find the maximum contours to filter
the noisy pixels. Finally, the total temporal loss Ltotal is
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Figure 5. Synergistic Temporal Re-Attention (STR) processes
masks in three parts: (1) For the common region in the foreground
(Mcom), the keys and values from both VDM and VDM-A are
merged for attention. (2) For the differential region in the fore-
ground (Mdif ), on this basis, sharpen strategy is applied to the
attention map. (3) For the background (Mbg), using vanilla atten-
tion, which is not shown here. Details can be found in Sec. 3.3.

formalized as:

Ltotal = (LT + LG)/2 + LD. (2)

Temporal LoRA weight ωt re-weighting aims to support
DRA-MTransfer to handle video motion transfer across di-
verse edited subjects during the inference stage. First, the
SC is computed as the IoU of masks between VDM and
VDM-A:

SC =
1

F

F∑
i=1

|MV
i ∩MA

i |
|MV

i ∪MA
i |

. (3)

If SC is small, the motion trajectory is inconsistent with VS ,
while an excessively large SC indicates high consistency of
the IMP with the source video, leading to motion stiffness.
To keep SC near a desirable range, we introduce a hyperpa-
rameter τ as its target value and design the following func-
tion:

ωt =

{
1, if SC < τ,
e−SC+e−(T−t)

2 , else.
(4)

where t is the current denoising step. When SC < τ , wt is
set to 1 to speed up SC convergence. Otherwise, SC is uti-
lized for negative feedback adjustment. Besides, SC tends
to increase as t decreases (T → 0), hence we incorporate t
as an additional empirical term to jointly adjust wt.

In addition, existing methods [57, 98] rely on manually
tuning the weights of spatial modules to handle diverse edit-
ing tasks, e.g., subject, background. To address this issue,
we develop a simple yet effective strategy to automatically
adjust the spatial LoRA weight ωs.

3.3. Synergistic Temporal Re-Attention
STR aims to enhance fine-grained, physically plausible mo-
tion details for local body or moving components that may
not be fully captured by coarse-grained adaptation. Al-
though SCR reduces source over-constraint and improves
global posture, local motions such as legs, and limbs may
still appear temporally inconsistent. To address this, STR
injects motion knowledge from the frozen pre-trained VDM
into the temporal attention of the adapted model VDM-A,
enhancing foreground dynamics and suppressing noisy or
conflicting signals through a sharpening mechanism.
Foreground Enhanced Attention (FEA), shown in Fig. 5,
integrates motion prior within VDM to improve the local
motion details of the edited subject. First, we split the atten-
tion map into three parts: common region in the foreground
(Mcom), differential region in the foreground (Mdif ), and
background (Mbg). The regions are calculated as:

Mcom = MU −Mdif ,

Mdif =
⋃F

i=1(MV
i −MA

i ) ∪ (MA
i −MV

i ),

Mbg = Mall −MU , Mall = 1H×W .

(5)

We calculate query, key, value of corresponding regions:

QU = MU ·QA ∈ RNU×F×d,

KU = MU · [KA,KV ] ∈ RNU×2F×d,

VU = MU · [V A, V V ] ∈ RNU×2F×d,

Qbg = Mbg ·QA ∈ RNbg×F×d,

Kbg = Mbg ·KA ∈ RNbg×F×d,

Vbg = Mbg · V A ∈ RNbg×F×d,

(6)

where NU and Nbg are the number of pixels selected by
masks MU and Mbg , NU + Nbg = N . QA,KA, V A ∈
RN×F×d are the query, key and value from VDM-A.
KV , V V ∈ RN×F×d are the key and value from VDM.
d is the dimension. In foreground MU , key and value from
VDM are concatenated with those from VDM-A. In back-
ground Mbg , we use vanilla temporal attention.

Next, to mitigate the artifacts caused by inaccurate IMP
in the VDM-A, we sharpen the differential attention maps
Adif = QdifK

T
dif ∈ RNdif×F×2F in Mdif as follows:

A′
dif,i = exp(Adif,i/α)

/ 2F∑
j=1

exp(Adif,j/α), (7)

where i ∈ {1, 2, . . . , 2F} and α is temperature.

4. Experiments
4.1. Implementation Details
Following [98], we utilize Adam [30] as optimizer with 400
iterations to train LoRAs. Betas and epsilon are set to 0.9,
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0.999, and 1e-8. The learning rate is set to 1e-4 with a
weight decay of 5e-4. For videos in V2VBench, 16 frames
are sampled with 240 × 384 resolution. For videos in MT-
Bench, following [62], the generated videos are 49 × 480
× 720.

4.2. Evaluation Settings
Benchmark. To evaluate the motion transfer ability of
DRA-Transfer, we conduct experiments on the commonly
used V2VBench [69] and MTBench [62]. V2VBench con-
sists of 50 videos, each paired with three editing instruc-
tions, extending the videos from DAVIS [56] dataset. MT-
Bench consists of 100 videos, paired with 500 editing in-
structions. However, most existing editing instructions con-
tain the same IMP as their source videos, which makes them
unsuitable for IMP evaluation. Therefore, we use GPT-4o
to construct 50 and 100 new editing instructions to evaluate
the IMP metrics on V2VBench and MTBench, respectively.
Metrics. Following [46, 62], we utilize text alignment [58],
temporal coherence [58], and motion fidelity [93] to mea-
sure the motion transfer capability of video editing. In
terms of IMP, typical metrics in motion transfer mainly
focus on motion consistency between source and target
videos [69, 93], while the physical realism of the subject’s

IMP is not effectively evaluated. Fortunately, we find that
VideoPhy [4, 5] focuses on the physical commonsense of
motion, the proposed metric is abbreviated as PC. More-
over, inspired by [10, 48], we utilize Qwen2.5-VL-72B
(IMP-Q) and GPT-4o (IMP-G) to evaluate the IMP. There-
fore, we employ PC [4, 5], IMP-Q, and IMP-G to evaluate
IMP.

4.3. Comparison with SOTA Methods
We conduct both qualitative and quantitative evaluations to
comprehensively probe the effectiveness of our method.
Baselines. First, we compare DRA-MTransfer with seven
fine-tuning methods, i.e., Tune-A-Video [82], VMC [26],
SMA [53], MotionInversion [75], MotionDirector [98],
MotionMatcher [85], and DeT [62]. Besides, we perform
qualitative comparison with six typical zero-shot methods,
i.e., FLATTEN [14], FateZero [57], MOFT [86], Motion-
Clone [39], DMT [93], and DiTFlow [55].
Qualitative comparison. According to the results shown
in Fig 6, it can be observed that: 1) Most fine-tuning meth-
ods are capable of editing subjects with shape variation.
As shown in the left case, all the methods are capable to
edit the bear to the eagle. Moreover, even though DeT em-
ploys a more powerful VDM, i.e., CogVideoX [92], the lim-



Methods Objective Evaluations Subjective Evaluations

Text Align. Temporal Coh. Motion Fid. PC IMP-Q IMP-G Temporal Coh. Motion Fid. IMP Real.

Tune-A-Video 0.269 0.90 0.83 0.47 0.78 0.77 0.86 0.90 0.84
VMC 0.265 0.95 0.81 0.34 0.75 0.74 0.92 0.85 0.82
SMA 0.266 0.95 0.82 0.36 0.76 0.74 0.92 0.84 0.82
MotionInversion 0.271 0.91 0.84 0.53 0.81 0.78 0.89 0.84 0.84
MotionDirector 0.274 0.93 0.89 0.53 0.80 0.79 0.89 0.92 0.85
MotionMatcher 0.278 0.93 0.86 0.61 0.83 0.81 0.87 0.90 0.88
DeT* 0.281 0.95 0.90 0.55 0.79 0.79 0.90 0.94 0.84

DeT* + ours ωt 0.282 0.95 0.89 0.58 0.82 0.81 0.91 0.91 0.86
DRA-MTransfer 0.278 0.94 0.91 0.68 0.88 0.87 0.90 0.94 0.95

Table 1. Quantitative comparison with sota fine-tuning methods on V2VBench. Align., Coh. Fid. and Real. denote alignment, coherence,
fidelity, and realism. PC is normalized to 0-1. * means the VDM using CogVideoX [92], others using ZeroScope [68]. For subjective
evaluation, we employ 26 workers for rating, and report the average score. For DeT, the trajectory of videos in V2VBench is obtained
follows its original strategy [29, 62]. Note that most original editing instructions contain the same IMP as the source instructions,
making them unsuitable for evaluating IMP. Therefore, PC, IMP-Q, IMP-G, and IMP-R are evaluated using newly constructed editing
instructions, other metrics are evaluated using the original instructions. Bold and underline denote best, 2nd, respectively.
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Figure 7. Qualitative comparisons with six state-of-the-art zero-
shot motion transfer methods.

itation of containing only a single source video still leads
to IMP stiffness (eagle’s wings). 2) DRA-MTransfer ex-
hibits a remarkable advantage in motion transfer. As
shown in the middle and right cases, the trajectories gener-
ated by MotionInversion and MotionMatcher are not fully
consistent with the source video, since they enhance mo-
tion consistency only at the feature level. MotionDirector
and DeT retain the trajectory, but the shapes of the sub-
jects are distorted. DRA-MTransfer adaptively balances tra-
jectory transfer and IMP realism in SCR, thereby demon-
strating remarkable trajectory transfer capability. 3) DRA-
MTransfer shows significant improvements in the physical
realism of IMP. As shown in the left and right cases, the
wings and legs in target videos generated by most methods
are stiff. DRA-MTransfer utilizes motion priors within pre-
trained VDM in a dual grained manner, enabling the model
to generate physically realistic global IMP posture (obvious
wings, shape of man/cat) and local motion details (wings
flipping, legs swinging).

Besides, we compare DRA-MTransfer with zero-shot
methods. As shown in Fig. 7, FLATTEN and FateZero
are not robust to edit objects with significant shape differ-
ences. More importantly, most methods struggle to trans-
fer the motion trajectory to the target video. Therefore, we

Method FLATTEN FateZero MotionClone DMT MOFT Ours

Inference time (m) ↓ 3.3 9.2 5.1 7.2 6.1 0.7
Inference storage (GB) ↓ 10.8 13.8 14.2 16.1 13.4 8.1

Table 2. Inference time (in minutes) and GPU memory consumption (in GB) for
training-free methods. To ensure fairness, we report the results of all methods us-
ing ZeroScope as the VDM, except for DiTFlow, which uses DiT. The setting is the
same as the evaluation on V2VBench. All the experiments are conducted on a single
NVIDIA A6000 GPU.

Method Tune VMC SMA M-D MM MI Ours

Training time (m) ↓ 16.4 5.5 5.5 15.1 21.1 15.5 16.7
Inference time (m) ↓ 0.7 16.8 18.2 0.4 1.1 0.6 0.7
Training storage (GB) ↓ 7.7 27.5 27.5 11.3 11.4 9.9 11.9
Inference storage (GB) ↓ 6.9 26.7 26.8 5.6 5.8 9.0 8.1

Table 3. Training / inference time (in minutes) and GPU memory consumption (in
GB) for fine-tuning methods. Tune, M-D, MM, MI denote Tune-A-Video, Motion-
Director, MotionMatcher, and MotionInversion respectively.

improve physical realism based on the current mainstream
fine-tuning approaches to push the boundaries of video mo-
tion transfer capability.
Quantitative comparison. For comprehensive evaluation,
we conduct both objective and subjective analysis to quan-
titatively evaluate DRA-MTransfer, the results are shown in
Tab. 1 and Tab. 4. The subjective evaluation is annotated by
26 workers. For DeT, we transfer our adaptive weighting
strategy of ωt to its temporal kernel, denoted as DeT* +
ours ωt.

According to the results shown in Tab. 1, we can observe
that: 1) DRA-MTransfer exhibits noticeable advantages in
IMP. On both V2VBench and MTBench, DRA-MTransfer
achieves the best performance across all IMP metrics, in-
cluding PC, IMP-Q, and IMP-G, IMP Real., and outper-
forms other methods by at least 4%. Note that, unlike typ-
ical motion-fidelity metric [93] that decouple trajectory and
shape, motion-fidelity score in MTBench is influenced by
subject’s shape, and DiT-based methods exhibit a signifi-
cant advantage. With the same VDM to ensure fairness, our
method achieves superior motion fidelity. 2) Our insight
of utilizing motion priors within pre-trained VDM can be
generalized to more VDMs to enhance the physical real-
ism of IMP. Incorporating our ωt adaptive adjustment from



Methods Objective Evaluations Subjective Evaluations

Text Align. Temporal Coh. Motion Fid. PC IMP-Q IMP-G Temporal Coh. Motion Fid. IMP Real.

MotionDirector 0.319 0.92 0.68 0.50 0.80 0.78 0.88 0.91 0.84
MotionMatcher 0.311 0.89 0.64 0.56 0.83 0.82 0.88 0.88 0.87
MotionInversion* 0.266 0.85 0.85 0.47 0.82 0.81 0.86 0.85 0.84
DeT* 0.312 0.90 0.86 0.55 0.80 0.79 0.91 0.92 0.83

DeT* + ours ωt 0.313 0.91 0.85 0.57 0.83 0.83 0.91 0.93 0.85
DRA-MTransfer 0.317 0.91 0.71 0.63 0.89 0.87 0.89 0.90 0.93

Table 4. Quantitative comparison with sota fine-tuning methods on MTBench. On this benchmark, we calculate temporal coherence and
motion fidelity following its original evaluation methods [62], which differ from those on V2VBench.

Methods Text Sim. Temporal Coh. Motion Fid. PC IMP-Q IMP-G

w/o SCR 0.265 0.92 0.87 0.36 0.77 0.77
w/o STR 0.274 0.90 0.90 0.59 0.84 0.82

w/o LG 0.272 0.91 0.89 0.44 0.79 0.79
w/o G 0.269 0.91 0.85 0.57 0.82 0.81
w/o ωt 0.271 0.92 0.88 0.53 0.81 0.79
w/o ωs 0.263 0.93 0.86 0.66 0.88 0.88

w/o FEA 0.274 0.89 0.89 0.63 0.85 0.83
w/o sharpen 0.275 0.90 0.90 0.61 0.83 0.82

Ours 0.278 0.94 0.91 0.68 0.88 0.87

Table 5. Quantitative ablation of DRA-MTransfer on V2VBench.

SCR into DeT (using CogVideoX as VDM) yields clear im-
provements in IMP metrics, and the full set of modules has
the potential to transfer to recent spatial–temporal decou-
pled DiT architectures [46].
Computation and memory costs. To validate the practi-
cality of DRA-MTransfer, we conduct experiments on com-
putation and memory costs. To ensure fairness, we compare
methods using the same VDM [68]. DiTFlow and DeT
utilize CogVideoX [92] as VDM, which significantly in-
creases computational and storage overhead. According to
the results shown in Tab. 2 and Tab. 3, we observe that: 1)
Although fine-tuning methods introduce an additional one-
shot training process, they generally show lower compu-
tational and memory consumption than training-free meth-
ods in inference stage. 2) DRA-MTransfer shows compara-
ble computation and memory costs to previous fine-tuning
methods, and significantly improves the physical realism of
IMP, demonstrating its practicality.

4.4. Ablation Study
Moreover, we conduct detailed ablation experiments for in-
depth evaluation. The results are shown in Fig. 8 and Tab. 5.
For the module-level ablation, we observe that: 1) SCR en-
ables the model to generate natural global posture, STR
further refines local motion details. As shown in Fig. 8,
when SCR is removed, the horse’s shape is severely dis-
torted. Without STR, although the horse exhibits the correct
IMP (i.e., walking), the number of legs is often incorrect. 2)
With both SCR and STR, our DRA-MTransfer generates
physically realistic edited videos. As shown in Tab. 5, the
dual-grained optimization achieves the best performance on
IMP-related metrics.

For the detailed component-level ablation, we observe
that: 1) LG significantly improves global posture realism,

Source Video

Ours

w/o SCR

w/o STR

w/o ℒ𝒢

w/o FEA

w/o 𝜔𝑡

w/o Sharpen

w/o 𝜔𝑠

w/o  𝒢

Source Prompt: A man hikes ...

Editing Prompt: A horse walks ... Horse’s ShapeShape Failure

IMP Failure Legs Stiffness

Background Consistency

n Legs Lack / Redundancy

3 6 2

2 3

3

Figure 8. Ablation study. Taking four long legs of a horse as an
example to provide a clear visualization.

and together with the adaptive adjustment of ωt during
inference makes the edited subjects more realistic. More-
over, replacing the Gaussian weighting G with a fixed value
of 0.90 (see w/o G) leads to an incorrect number of legs,
and a smaller weight even affects the trajectory consistency
of motion transfer. 2) According to the visualization of w/o
ωs, identifying the type of editing task and simply adjusting
ωs helps to maintain high background consistency with
the source video. 3) Without FEA, the two legs of man in
the source video affect the horse’s IMP, leading to the in-
sufficient leg count. Without synergistic sharpening, inac-
curate IMP knowledge from VDM-A leads to artifacts (ex-
cessive number of legs).

5. Conclusion

This paper explores the physical implausibility of IMP in
current video motion transfer methods. To this end, we
introduce DRA-MTransfer to utilize the potential motion
prior within pre-trained VDM at dual granularity. SCR
adaptively activates the effect of VDM in a coarse grained
manner, and STR utilizes IMP of edited subject in a fine
grained attention manner. With the collaboration of SCR
and STR, DRA-MTransfer achieves intrinsic-aware motion
transfer, showing a remarkable improvement in the physi-
cal realism of IMP compared to previous works. We hope
this work can encourage future research on subject-faithful
dynamics and contribute to world-consistent video editing.
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