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Abstract

Multi-object video motion transfer poses significant chal-
lenges for Diffusion Transformer (DiT) architectures due to
inherent motion entanglement and lack of object-level con-
trol. We present MultiMotion, a novel unified framework that
overcomes these limitations. Our core innovation is Mask-
aware Attention Motion Flow (AMF), which utilizes SAM
2 masks to explicitly disentangle and control motion fea-
tures for multiple objects within the DiT pipeline. Further-
more, we introduce RectPC, a high-order predictor-corrector
solver for efficient and accurate sampling, particularly benefi-
cial for multi-entity generation. To facilitate rigorous evalua-
tion, we construct the first benchmark dataset specifically for
DiT-based multi-object motion transfer. MultiMotion demon-
strably achieves precise, semantically aligned, and temporally
coherent motion transfer for multiple distinct objects, main-
taining DiT’s high quality and scalability. The code is in the

supp.

Introduction

Imagine a world where virtual characters don’t just ex-
ist in isolation, but can elegantly dance in perfect syn-
chrony, where Al-driven animated ensembles fluidly inter-
act, and where, in film effects, countless independent ele-
ments evolve with breathtaking realism. This is the grand
vision of multi-object motion transfer — it’s far more than
simply replicating actions. It’s about imbuing life and inter-
action into every single, independent entity within complex
virtual scenes, as demonstrated in Fig. 1. Its applications are
boundless, from precise virtual avatar control to large-scale
multi-character animation. Yet, compared to the relative ma-
turity of single-object motion transfer, the inherent complex-
ities of multi-object scenarios, such as intricate motion dis-
entanglement, precise semantic alignment, and the nuanced
modeling of interactive behaviors, position it as a holy grail
challenge in the pursuit of truly controllable video genera-
tion.

In recent years, diffusion models (Rombach et al. 2022)
have made remarkable strides in generating high-fidelity,

“These authors contributed equally.

Corresponding authors.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

7233

temporally coherent video content. Among these, the Diffu-
sion Transformer (DiT) (Peebles and Xie 2023) has rapidly
emerged as a foundational element for many state-of-the-art
systems, primarily due to its unified spatiotemporal attention
mechanism and impressive scalability. However, it’s pre-
cisely this global attention design that proves to be a funda-
mental limitation for DiT when confronted with multi-object
scenarios. Lacking explicit awareness and separation of in-
dividual instances, DiT frequently succumbs to a pervasive
and frustrating problem: motion entanglement. This means
that in the latent space, the behaviors of different objects in-
evitably interfere with one another, leading to semantic drift,
severely degraded object controllability, and ultimately, vi-
sually chaotic and incoherent outputs.

Moreover, existing mainstream diffusion inversion
solvers, such as DDIM, DPM-Solver, and UniPC, are
primarily designed and evaluated for the high-quality
generation of single images or short, unconstrained video
clips. While highly effective for their intended purposes,
their fundamental design doesn’t explicitly account for the
intricate dynamics and inter-object consistency required
in complex multi-object video editing tasks. As shown in
Fig. 2, when directly applied to such scenarios, their limita-
tions become evident: they often lead to high reconstruction
errors, sluggish convergence, and pronounced instability,
particularly under dynamic conditions involving occlusions
or intricate interactions. Although some exploratory works
attempt to infuse DiT with a degree of instance awareness
through token masks or pose conditioning, these approaches
largely remain confined to low-resolution generation or
single-object animation. Crucially, they lack the necessary
generality and robustness required for scalable, high-fidelity
multi-object motion control.

To directly and comprehensively address these persistent
challenges plaguing the field of multi-object motion trans-
fer, we proudly introduce MultiMotion — a unified and pio-
neering framework meticulously engineered for multi-object
motion transfer within DiT architectures. MultiMotion, in an
unprecedented manner, achieves precise object-specific mo-
tion representation, controllable attention disentanglement,
and efficient high-order diffusion inversion, all seamlessly
integrated within a single, coherent pipeline. Our method-
ology is built upon two disruptive innovations: first, we en-
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Figure 1: Showcase of our MultiMotion. Given an input video, MultiMotion can reproduce the same motion, capturing the

dynamics of multiple moving objects.
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Figure 2: Analysis of the inversion-reconstruction process.
This figure shows the Mean Squared Error (MSE) between
the intermediate latent representations from the inversion
and reconstruction phases over N timesteps. The curves rep-
resent the performance of different methods: DDIM (red),
DPM-++ (blue), UniPC (purple), and our proposed method,
RectPC (green). The graph demonstrates that our method
maintains significantly lower MSE throughout the process.
The right side of the figure presents visual examples of the
reconstructed images for each method, highlighting the su-
perior fidelity of our RectPC method in comparison to the
baselines.

hance the concept of Attention Motion Flow by introducing
a novel Mask-aware Attention Motion Flow (AMF) mech-
anism, which ingeniously leverages SAM 2’s (Ravi et al.
2024) precise instance-level masks to fundamentally dis-
entangle and inject instance-aware attention, enabling fine-
grained control over multi-object behaviors; second, our ad-
vanced predictor-corrector solver, RectPC. While RectPC is
specifically designed to ensure the stability and exceptional
precision of complex multi-entity generation, its core archi-
tectural principles also confer a strong generalization capa-
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bility, allowing its benefits to extend to a wider range of dif-
fusion modeling tasks.

To comprehensively validate our method’s effectiveness
and address the evaluation gap in this domain, we construct
the first benchmark dataset specifically for multi-object mo-
tion transfer—MultiMotionEval. This dataset comprises 103
high-quality videos, each with 41 frames and a resolution of
832x480. It systematically captures diverse multi-object dy-
namics and complex interactions, featuring 321 distinct ob-
jects. Over 80% of the scenes include two or more objects,
involving challenging interactive modes such as chasing, oc-
clusion, synchronous collaboration, and separation. We pro-
vide detailed instance-level masks and trajectory annotations
for all videos. MultiMotionEval is a high-value and chal-
lenging benchmark that provides an indispensable resource
for the rigorous, quantitative evaluation of a model’s object-
level controllability, temporal consistency, and robustness
under complex interactions.

Through these innovations, our work makes the following
key contributions:

* We propose MultiMotion, the first unified framework for
disentangled multi-object motion transfer in DiT. It intro-
duces Mask-aware Attention Motion Flow (AMF), build-
ing upon prior AMF concepts by incorporating SAM 2
masks for precise object-level motion disentanglement
and control.

* We develop RectPC, a high-order predictor-corrector
solver formulated in the reparameterized A-space.
RectPC combines extrapolation, finite-difference correc-
tion, and midpoint refinement to enable efficient and sta-
ble sampling with significantly fewer steps.

* To comprehensively validate effectiveness and address
the evaluation gap in this domain, we construct the Mul-
tiMotionEval, the first benchmark dataset specifically
for multi-object motion transfer, comprising 103 high-



quality videos. We show extensive evaluations on Multi-
MotionEval to verify the superiority of MultiMotion.

Related Work

Video Motion Transfer Motion transfer focuses on syn-
thesizing new video sequences that preserve motion dynam-
ics from a reference video. Traditional approaches (Guo
et al. 2024; Xing et al. 2024a,b; Zhang et al. 2025b) rely
on explicit control signals like pose, flow, or segmenta-
tion masks, often demanding extensive annotated datasets
and significant computational resources. More recent work
explores implicit motion control, either in a training-free
manner(Hu et al. 2024; Ma et al. 2024a, 2025e,a,b,d,
2024b, 2025¢, 2023, 2022; Pondaven et al. 2025; Yesil-
tepe et al. 2024)—where motion embeddings guide gen-
eration via gradients during inference—or through tuning-
based paradigms (Jeong et al. 2024; Yan et al. 2025; Zhang
et al. 2025a; Zhu et al. 2024; Wang et al. 2024a; Feng et al.
2025a; Chen et al. 2024; Feng et al. 2025b; Yuluo et al.
2025b; Wan et al. 2025; Chen et al. 2025; Yuluo et al. 2025a;
Shen et al. 2025; Zhao et al. 2024)using parameter-efficient
modules such as LoRA to decouple motion and appearance.
However, most of these methods are primarily designed for
UNet-based models, and their applicability to transformer-
based architectures, particularly DiT, remains limited. Cru-
cially, they often struggle with fine-grained multi-object
control, especially in complex scenes involving interactions
and occlusions.

Inversion Inversion in diffusion models aims to recover
the latent noise representation from real visual data by re-
versing the generation trajectory. A foundational technique,
DDIM inversion(Song, Meng, and Ermon 2021; Song et al.
2020), recursively adds predicted noise across forward steps
to approximate this trajectory. However, discretization er-
rors in this process can degrade reconstruction fidelity, par-
ticularly for long sequences or intricate motion content. To
mitigate this, several methods(Elarabawy, Kamath, and Den-
ton 2022; Song et al. 2025, 2024; Hui et al. 2025; Ci et al.
2024; Lu et al. 2025; Miyake et al. 2025; Mokady et al.
2023; Rout et al. 2024a; Wallace, Gokul, and Naik 2023)
have introduced high-order solvers or prediction-correction
mechanisms to improve stability and and accuracy. More re-
cent approaches, like (Rout et al. 2024b; Wang et al. 2024b)
and UniPC-Solver (Zhao et al. 2023), offer stronger con-
sistency and adaptive control. RF-Solver improves preci-
sion through high-order modeling and history reuse, while
UniPC-Solver focuses on efficient inference via linear path
prediction and direct sampling. Nevertheless, a persistent
challenge remains in balancing accuracy and speed across
diverse diffusion tasks, particularly in complex video scenar-
ios involving multiple dynamic entities or subtle temporal
dependencies. Overcoming these limitations in the context
of high-fidelity, controllable multi-object video generation
represents a critical unmet need.

Method

Given a reference video, video motion transfer aims to syn-
thesize the video with same object motions and camera pose.
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The pipeline of our MultiMotion is shown in Fig. 3. In the
following section, we first introduce the Multi-Object Mo-
tion Decomposition in Sec. 3.1. The Mask-aware Attention
Motion Flow is present in Sec. 3.2. Then the Multi-Object
Motion Recomposition is following in Sec. 3.3. Finally, we
demonstrate the RectPC Solver in Sec. 3.4.

Multi-Object Motion Decomposition

Instance-Level Semantic Segmentation To robustly han-
dle multi-object motion transfer, our framework first per-
forms instance-level semantic segmentation and then de-
couples motion regions. Given a reference video V,.y =
{z1,xa,...,zr}, we utilize the powerful SAM 2 model to
obtain precise trajectory masks for each object. For the k-
th object s, SAM 2 generates its mask sequence across
all frames M, = {M} M2, ... ,MEI}, where M{ €
{0,1}H>W represents the binary mask of object s, in the
i-th frame.

Motion Region Decoupling To prevent motion confusion
and ensure true independence in multi-object scenarios, we
propose a refined motion region decoupling strategy. For ob-
ject si’s motion between frames ¢ and j, its independent mo-
tion region is defined as:

MY =M\ (M2 M)
m#k

(1)

where \ denotes the set difference operation. This operation
ensures that object s;’s motion features are not interfered
with by other objects’ motions, which is critical for accurate
motion decoupling.

Mask-aware Attention Motion Flow

Building upon the DiT architecture, we introduce Mask-
aware Attention Motion Flow (AMF) to enable fine-grained,
object-specific motion guidance, directly addressing the lim-
itations of global attention in multi-object settings.

DiT Attention Mechanism Analysis For the n-th layer
of the DiT model, we analyze its self-attention features at
denoising step ¢ = 0. Given the latent representation zy..s =
E(Vrey), the DiT block computes query and key matrices as
part of its denoising process:

{QaK}n — 69(ZT'ef7®7Oap) (2)

where p is the positional embedding and €4 is the DiT de-
noising network.

Mask-Guided Cross-Frame Attention Traditional AMF
methods compute global cross-frame attention, which, as
discussed, easily leads to motion confusion in multi-object
scenarios. To mitigate this, we propose mask-guided cross-
frame attention computation:

y (KT y
A =0 (7@&5)) O Mgioss 3
k

Here:
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Figure 3: The overview of the MultiMotion. The source video is encoded by a 3D VAE and processed by SAM2 to obtain
instance-level masks. Based on these masks, we extract object-specific motion fields via Mask-aware Attention Motion Flow
(AMF). During generation, RectPC Solver iteratively refines the trajectory via high-order diffusion inversion in A-space. This
enables accurate and controllable multi-object motion transfer in the edited video.

* Q7% and K;’“ represent the query and key features de-
rived from object si’s region in frames ¢ and j, respec-
tively.

e MU is a cross-frame mask constraint matrix, metic-
ulously constructed to ensure attention calculation only
occurs within valid and decoupled object regions, pre-
venting inter-object interference.

* © denotes element-wise multiplication.

Object-Specific Motion Flow Construction Based on
this mask-guided attention, we construct independent mo-
tion flows for each object. For object s, we first obtain the
strongest attention correspondences by applying an argmax
operation:

/Al?:’j = argmax(Agj’j ) )
Then, we construct the object-specific displacement matrix
Ai’g, where each element represents a patch’s motion vec-
tor from frame ¢ to frame j. Finally, object s;’s attention
motion flow (AMF) is defined as the collection of these dis-
placement matrices:

AMF,, (zref) = {AL Y jen,m)

Multi-Object Motion Recomposition

With the object-specific AMF extracted, we guide the target
video generation process to ensure accurate and disentan-
gled motion transfer for all entities.

(&)

Object-Specific Motion Guidance During target video
generation, we use the extracted object-specific AMF as pre-
cise guidance signals. For each object s, we compute the
current soft motion flow at denoising step ¢:

Aw Z A®w

) - pos(p) (6)
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Multi-Object Motion Loss Function To enforce adher-
ence to the desired object-specific motions and maintain
background consistency, we define a comprehensive multi-
object motion loss:

K
Loy =D Ak l[AMFy, (zref) — AMFy, (203 (7)
k=1
Lby = A [[AMFyg (2,c5) — AMFyy (21| (8)
The total multi-object loss is then:
‘Cmulti = Eobj + Ebg (9)

Adaptive Weight Adjustment To robustly handle com-
plex interactions and occlusions between objects, we intro-
duce an adaptive weight adjustment mechanism for each ob-
ject’s loss contribution:

)\Zdaptwe = A\ - exp M

Sk?

IoU

Uz,

m#k

— -

(10
This adaptive weighting dynamically reduces an object’s
motion loss influence when it’s heavily occluded by other
objects, preventing erroneous guidance signals in ambigu-
ous regions.

RectPC Solver

To further enhance the sampling accuracy and efficiency of
diffusion models, especially crucial for multi-object video
generation, we propose RectPC, a high-order predictor-
corrector (PC) solver formulated in the reparameterized -
space. This solver provides stable and accurate trajectory up-
dates without modifying the underlying model architecture,
directly addressing the limitations of traditional solvers in
complex tasks.



Algorithm 1: RectPC Inference Procedure

Algorithm 2: MultiMotion Multi-Object Motion Transfer

Input: Initial Gaussian noise Xy, timestep list {\;}7,,
model vy
Output: Reconstructed sample x

1: fort =T downto 1 do

2:  Predict: é5, = vg(xy,,1)

3:  Retrieve past estimates {€s,,...,€s,_, } Gf K > 1)
4

Compute extrapolated prediction: xg’ff

order estimator

, using high-

5:  if midpoint correction enabled then
S d
6: Compute midpoint: Xpig = 3 (Xx, + x5, )
7: Compute corrected state: X" |
8:  else .
. corr pre
9: XN, Xy,
10:  end if
11:  Update: x, , < X"
12: end for

13: return x,,

Reparameterization in A-Space We adopt the A-space
reparameterization, where A\; = log a; — log 0. This trans-
formation provides a more stable and linear path for numer-
ical integration, facilitating high-order predictions.

High-Order Extrapolation Estimator Given historical
noise predictions {€s,, ..., €s,_, | from previous steps, our
high-order extrapolation estimator predicts the next state:

X3 = Axy,_, — B-¢1(h eso—BZpH (11)

where D; = €,,—€,, , represents the difference in historical
noise estimates, and p; are weights meticulously solved via
a Vandermonde system to ensure high-order accuracy.

Midpoint Correction Optionally, we refine the predicted
state with a midpoint correction step, which significantly im-
proves trajectory accuracy and stability:

B2 vp(Xmid, t) — vo (x5 ¢
s = xcbed o I (9( e )h i VLL2A RS

2

This correction term dynamically adjusts the trajectory
based on the model’s prediction at the midpoint, effectively
reducing cumulative errors.

Inference Procedure The overall RectPC inference pro-
cedure is detailed in Algorithm 1. It leverages the high-order
estimator and optional midpoint correction to iteratively re-
fine the latent representation from noise to data.

Overall Workflow

The complete MultiMotion generation process, integrating
Mask-aware AMF guidance with the RectPC solver, is out-
lined in Algorithm 2.

Initially, for a given reference video V.., we encode
it into latent space z,.y using a 3D VAE. Concurrently,

Input: Reference video V. s, Target condition Cyqrget
Output: Target video Vigrget
1: Encode V,.cf t0 2. using 3D VAE
2: Use SAM 2 to obtain multi-object masks {M;, } from
ere f

3: Compute refined motion regions { M, i ,[J } for each object

4: Extract object-specific AMF from Zref:
{AMF;, (zref)}

5: Initialize: zp ~ N(0,1)

6. fort =T down to 1 do

7. Compute current AMF from z;: {AMFq, (z:)}

8:  Compute multi-object loss: L,,,; (With adaptive

weights)

9: Update latent wusing RectPC: 2z, =
RectPC_update(z¢, current_timestep, £, )

10: end for

11: return Vi, ge¢ = D(20) (decode using 3D VAE)

SAM 2 processes V,.y to provide precise instance-level
masks for all objects. These masks are then used to com-
pute refined, decoupled motion regions. Utilizing these de-
coupled regions, we extract object-specific AMF features,
AMF,, (2yc5), which capture the desired motion dynamics
for each individual object.

During the iterative denoising process, starting from pure
Gaussian noise zr, at each step t:

1. The DiT model produces a denoised latent z;.

2. The current AMF for each object, AMF;, (z;), is com-
puted from z;.

3. A comprehensive multi-object loss £,,s; is calculated
by comparing the current AMF with the reference AMF,
incorporating adaptive weighting for robustness against
occlusions.

4. The RectPC solver then updates the latent representation
z¢—1, leveraging its high-order prediction and correction
mechanisms, guided by the combined L,,,,,4; to precisely
steer the multi-object motion.

This iterative process continues until the final denoised la-
tent zg is obtained, which is then decoded by the 3D VAE to
yield the target video V;qrge¢ With accurate and controllable
multi-object motion.

Experiments
Implementation details

We adopt a uniform denoising process of 70 steps across all
baseline methods. During the first 20 denoising timesteps,
we perform 5 steps of fine-tuning using the Adam optimizer
(Kingma 2014), with a linearly decaying learning rate from
0.008 to 0.002, following the optimization strategy outlined
in (Yatim et al. 2024). For the computation of the AMF loss,
we select the 15th Transformer block of the WAN2.1-1.3B
model as the evaluation layer for feature alignment. More
details can be found in supplementary.
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Figure 4: Qualitative comparison with baselines. We conduct visual comparisons with six baseline methods across a variety of
motion types, especially those involving multiple objects. More comparisions can be found in supplementary
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Figure 5: Ablation study about proposed modules. We systematically evaluate the effectiveness of our proposed modules.
The prompt used for generation is ”Two cars are driving on the road.” The figure displays two consecutive frames (top and
bottom rows) for each model variant: (A) The Dit-Flow baseline with its original solver and AMF exhibits motion blur and
entanglement. (B) The variant with our RectPC solver improves motion fidelity and temporal consistency. (C) The variant with
Mask-aware AMF shows better disentanglement of the two cars’ movements and improved adherence to object masks. (D)
Our full model, which combines the RectPC solver and the Mask-aware AMF, achieves superior performance by correctly
reconstructing all subjects with precise, disentangled motion.The prompt is " Two jeeps are driving on the road”.

MultiMotionEval

To address the lack of standardized benchmarks in the
field of multi-object motion transfer, we introduce Multi-
MotionEval, a dedicated evaluation suite designed to assess
the capabilities of motion transfer methods involving multi-
ple entities. The dataset comprises 103 video clips featuring
diverse multi-object motion scenarios. Specifically, single-
object motion sequences focus on a variety of movement
patterns performed by a single subject, while multi-object
motion emphasizes the spatial relationship consistency and
coordinated behavior among multiple instances.

All videos are sourced from publicly licensed video plat-
forms, and caption annotations are automatically generated
using GPT40. Each video lasts approximately 2 seconds,
consisting of 41 frames—making it suitable for short-range
motion transfer evaluation. MultiMotionEval offers a stan-
dardized evaluation protocol that spans various motion cat-
egories, enabling systematic and fair comparison of motion
transfer methods from multiple perspectives, including se-
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mantic consistency, temporal coherence, and spatial align-
ment. This benchmark fills an important gap in the current
landscape of multi-object motion transfer evaluation.

Comparison with Existing Methods

We conducted a systematic comparison with current
state-of-the-art video motion transfer methods, including
MOFT(Xiao et al. 2024), Motionlnversion (Wang et al.
2025), MotionClone (Ling et al. 2024), SMM, MotionDi-
rector, and DiTFlow. Motionshop and MotionCrafter (Zhang
et al. 2023) were excluded from the comparison due to the
lack of public releases. Experimental results demonstrate
that our proposed method, MultiMotion, achieves superior
generation quality and greater robustness across various mo-
tion types. In single-object motion transfer tasks, existing
methods often fail to accurately replicate the motion trajec-
tory of the reference video, resulting in broken or misaligned
action rhythms. In contrast, our method precisely extracts
motion patterns from the reference and ensures smooth, nat-



Method Text Sim.T Motion Fid.T Temp. Cons.T
MOFT 0.290 0.795 0.935
MotionClone 0.305 0.835 0.912
SMM 0.280 0.920 0.930
DiTFlow 0.368 0.820 0.940
MotionInversion 0.308 0.845 0.775
MotionDirector 0.292 0.910 0.950
Ours 0.385 0.985 0.978

Table 1: Comparison with state-of-the-art video motion
transfer methods.

ural motion in the generated video. In multi-object motion
scenarios, models such as MotionDirector and SMM strug-
gle to preserve spatial relationships and synchronized move-
ment among multiple objects. Our model successfully main-
tains inter-object spatial consistency and coordinated motion
dynamics. For camera motion transfer, our method also de-
livers better continuity and stability in viewpoint transitions,
outperforming other methods in overall visual quality.

For quantitative evaluation, we tested all models on
our self-constructed MultiMotionEval benchmark under the
same settings, using videos with forty-one frames and a res-
olution of eight hundred thirty-two by four hundred eighty
pixels. Evaluation metrics include motion fidelity, which
measures the similarity of object trajectories between ref-
erence and generated videos; temporal consistency, which
uses CLIP feature similarity between consecutive frames to
assess coherence; and text alignment, which evaluates se-
mantic consistency through the average cosine similarity be-
tween extracted video features and the input text prompt.
Fig. 4 provides qualitative comparisons demonstrating the
superior visual quality of our method across various mo-
tion scenarios. The quantitative results in Table 1 further
validate our method’s effectiveness, showing significant im-
provements across all evaluation metrics.

Ablation Study

To thoroughly understand the contributions of each compo-
nent within our proposed MultiMotion framework, we con-
ducted a series of rigorous ablation experiments. Our re-
search focuses on two key innovations: the RectPC solver
and the Mask-aware Attention Motion Flow (Mask-aware
AMEF). To ensure fairness and compelling evidence, we se-
lected Dit-Flow as our baseline model, as it is a represen-
tative state-of-the-art method in this domain. By systemati-
cally removing or replacing key components of the frame-
work, we quantified their impact on the multi-subject video
motion transfer task.

All experiments were conducted under identical configu-
rations and on the same dataset. We used the following key
metrics for evaluation: Text Similarity (Text Sim.), to mea-
sure the alignment between the generated content and the
textual description; Motion Fidelity (Motion Fid.), to assess
the realism and accuracy of the generated motion; and Tem-
poral Consistency (Temp. Cons.), to evaluate the smooth-
ness and coherence of motion between video frames.

By comparing the Dit-Flow baseline model (A) with the
variant that introduces the RectPC solver (B), we observe a
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Model Variant Text Sim.T Motion Fid.T Temp. Cons.1

(A) DiT-Flow (Baseline) 0.368 0.820 0.940
(B) DiT-Flow + RectPC 0.375 0.900 0.965
(C) DiT-Flow + Mask-aware AMF 0.378 0.850 0.945
(D) Full Model (Ours) 0.385 0.985 0.978

Table 2: Ablation study on the core components of the Multi-
Motion framework. This table demonstrates the incremental
contribution of the RectPC solver and Mask-aware AMF to
the overall performance.

significant improvement in both Motion Fidelity and Tem-
poral Consistency while all other components remain un-
changed. This provides strong evidence for the superiority
of the RectPC solver in achieving efficient sampling and
stable video generation, laying a solid foundation for pre-
cise motion control. We further validate the effectiveness of
our attention flow design by comparing the baseline model
(A) with the variant using the Mask-aware AMF (C). The
results show that the introduction of Mask-aware AMF sub-
stantially boosts Text Similarity and enhances Motion Fi-
delity. This indicates that leveraging object masks for ex-
plicit control successfully disentangles the motion of mul-
tiple subjects, effectively mitigating the common issue of
motion entanglement in existing DiT architectures. Our full
model (D), which integrates both the RectPC solver and
Mask-aware AMF into the Dit-Flow baseline, achieves the
best performance across all evaluation metrics. Compared
to variants (B) and (C), this further demonstrates that our
two innovative components do not operate independently
but synergistically, collaboratively achieving high-quality,
high-fidelity, and semantically accurate multi-subject mo-
tion transfer. This result underscores the rationality and ef-
fectiveness of our unified framework design. The results of
our comprehensive ablation study are presented in Table 2
and visualized in Fig. 5.

Discussion and Conclusion

In this work, we propose MultiMotion, a novel multi-object
motion transfer framework tailored for Diffusion Trans-
former (DiT) architectures. To tackle the challenges of mo-
tion ambiguity and semantic entanglement, we introduce the
Mask-aware Attention Motion Flow (AMF) mechanism, en-
abling instance-level motion disentanglement and precise
motion feature extraction. Furthermore, we incorporate the
high-order RectPC sampling strategy with midpoint cor-
rection and extrapolation to improve inversion efficiency
and stability. To comprehensively validate effectiveness and
address the evaluation gap in this domain, we construct
the MultiMotionEval, the first benchmark dataset specifi-
cally for multi-object motion transfer, comprising 103 high-
quality videos. We show extensive evaluations on Multi-
MotionEval to verify the superiority of MultiMotion. We
believe MultiMotion not only advances the frontier of con-
trollable video generation but also provides a generalizable
framework for future research in fine-grained video editing
and diffusion model inversion.
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