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Figure 1. We propose MotionDiff, a training-free zero-shot flow-assisted diffusion method, which performs complex multi-view motion

editing for static scenes. Users can interactively select the object to be edited and add the motion priors of interest. Then, MotionDiff

achieves corresponding multi-view motions, e.g., translation, scaling, rotation, and stretching with satisfactory consistency.

Abstract

1 Generative models have made remarkable advancements
and are capable of producing high-quality content. How-
ever, performing controllable editing with generative mod-
els remains challenging, due to their inherent uncertainty
in outputs. This challenge is particularly pronounced in
motion editing, which involves the processing of spatial in-
formation. While some physics-based generative methods
have attempted to implement motion editing, they typically
operate on single-view images with simple motions, such as
translation and dragging. These methods struggle to han-
dle complex motions, such as, rotation and stretching, and
ensure multi-view consistency, often necessitating resource-
intensive retraining. To address these challenges, we pro-
pose MotionDiff, a training-free zero-shot diffusion method
that leverages optical flow for complex motion editing
among multi-view images. Specifically, given a static scene,
users can interactively select objects of interest to add mo-
tion priors. The proposed Point Kinematic Model (PKM)

1* Corresponding author

then estimates corresponding multi-view optical flows dur-
ing the Multi-view Flow Estimation Stage (MFES). Subse-
quently, these optical flows are utilized to generate multi-
view motion results through decoupled motion represen-
tation in the Multi-view Motion Diffusion Stage (MMDS).
Extensive experiments demonstrate that MotionDiff outper-
forms other physics-based generative motion editing meth-
ods in achieving high-quality multi-view consistent motion
results. Notably, MotionDiff does not require retraining,
enabling users to conveniently adapt it for various down-
stream tasks. Code is available at https://github.com/Mr-
Ma-yikun/MotionDiff.

1. Introduction
Generative models, including Generative Adversarial Net-

works (GANs) [13] and Diffusion models [30, 50], possess

the capability to produce high-quality content. Neverthe-

less, generating controllable results and executing precise

pixel-level editing with these models remain challenge.

Recently, several image editing studies [6, 9, 25] have
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employed text prompts to execute static editing tasks, such

as style transfer and object replacement using generative

models. However, accurately processing motion informa-

tion based on text prompts poses difficulties, leading to sub-

optimal performance. To address this issue, some methods

[19, 20, 26] introduce user-defined physical priors, such as

dragging and motion points, to guide generative models for

motion editing. Nonetheless, these approaches are gener-

ally limited to simple translational dragging and are less ef-

fective in handling complex motions, such as scaling and

rotation. In contrast, Motion Guidance [12] proposes utiliz-

ing optical flow to guide diffusion for complex motion edit-

ing. However, inadequate supervision of motion objects re-

sults in altered texture details. Additionally, the absence of

multi-view motion constraints leads to inconsistent editing

performance across different views. More recently, certain

methods [41, 45, 49] generate physical priors from single

images. However, these methods often require retraining

or rely on specific field representations (e.g., NeRF [24],

3DGS [16]), which complicates the editing process and in-

curs additional resource consumption.

In summary, current physics-based generative motion

editing techniques confront three principal challenges: 1)
Drag-based methods excel in managing simple translational

motions, but encounter difficulties with more complex ro-

tation and stretching motions. 2) Most methods empha-

size single-view image priors, which obstructs the achieve-

ment of multi-view consistent motion editing. 3) Most

methods necessitate retraining or specific field representa-

tions, thereby escalating computational resource require-

ments and data collection expenses.

To address these challenges, we propose a training-free

zero-shot multi-view motion editing method called Mo-
tionDiff. Specifically, it comprises two inference stages:

1) Multi-view Flows Estimation Stage (MFES). Given a

static scene, MFES enables users to conveniently and in-

teractively select the object and motion mode of interest

for editing. We then propose the Points Kinematic Model

(PKM) to estimate multi-view optical flows based on the

motion of 3D point clouds within the static scene. 2) Multi-
view Motion Diffusion Stage (MMDS). This stage takes

multi-view images and the estimated optical flows as inputs,

guiding a diffusion model to perform motion editing. Our

core insight is to decouple the motion representation into

a combination of static background, motion objects, and

occluded regions. Consequently, we design corresponding

guidance strategies without incurring additional computa-

tional costs. Extensive experiments demonstrate that Mo-

tionDiff can effectively implement complex motion edit-

ing, while maintaining multi-view consistency (as shown

in Figure 1), surpassing other physics-based generative mo-

tion editing methods. Notably, our method provides a user-

friendly motion editing solution without retraining.

The main contributions can be summarized as follows:

1) We propose MotionDiff, a training-free zero-shot flow-

assisted diffusion framework that enables diverse com-

plex multi-view motion editing operations, such as trans-

lation, scaling, rotation and stretching.

2) A user-friendly interactive framework is developed within

MFES, complemented by the proposed PKM, to derive

multi-view optical flows from static scenes.

3) A decoupled inference-only motion representation is de-

signed in MMDS, facilitating convenience for other rele-

vant tasks, like Augmented Reality (AR), Virtual Reality

(VR) and Human-Computer Interaction (HCI).

2. Related Works

2.1. Image Editing with Generative Models
Generative models possess the ability to produce realistic

and high-quality content, including images [30, 50], videos

[17, 36], and 3D models [22, 28]. Prior studies [1, 27, 52]

have employed GANs [13] for image editing tasks. No-

tably, DragGAN [27] stands out by introducing key-handle

mechanisms that enable precise control over object move-

ment within images. Nevertheless, due to the limited gen-

erative capabilities of GANs, GANs-based methods often

encounter challenges in terms of generalization, as well as

the authenticity and resolution of the generated content.

The remarkable success of diffusion models [15, 30, 37]

has drawn significant attention to image editing [3, 6, 10,

14, 23, 48]. These approaches generally employ target de-

scriptions or feature attention mechanisms for specific edit-

ing tasks. However, achieving precise pixel-level editing

with physical attributes remains a formidable challenge, pri-

marily due to the inherent uncertainty in outputs and the in-

adequate representation of spatial motion information.

2.2. Physics-based Generative Motion Editing
Recently, there have been significant surge of interests in

physics-based and interactive generative editing [2, 20, 26,

33, 35, 51]. These approaches typically generate physi-

cal motion priors, such as vibrations, drags and geometric

transformations. Subsequently, they employ retrained dif-

fusion models to process these priors and produce motion

results. However, these methods are primarily effective for

handling unordered or simple dragging motions, but strug-

gle with complex motions due to limited motion represen-

tation capabilities. Thus, Motion Guidance [12] introduces

optical flow as a motion prior to enable more sophisticated

motion editing. Nonetheless, its guidance strategy does not

adequately account for texture details of the motion objects,

leading to inconsistent appearance and multi-view perfor-

mance. In contrast, other methods [21, 41, 45, 46, 49]

choose to generate priors (such as depth maps, bounding

boxes, etc.) from single images, then utilize these priors to
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explicitly or implicitly enhance editing more complex 3D

assets and multi-view images. However, these methods re-

quire retraining from paired datasets [41, 45], or rely on

specific NeRF [49] or 3DGS [21, 46] representation fields,

which increase computational resource requirements and

complicates the practical editing process.

3. Proposed Method
3.1. Preliminaries
Denoising Diffusion. Denoising Diffusion Probabilistic

Models (DDPM) [15] introduces the diffusion model for

image generation. Using the reparameterization trick, the

added noise of input x0 can directly be expressed as:

xt =
√
ᾱtx0 +

√
1− ᾱtε, where ε ∼ N (0, I), (1)

where αt represents the learned schedule, ε denotes the

noise variable. The computational bottleneck of DDPM

is the number of denoising timesteps T , hence, a non-

Markovian variant Denoising Diffusion Implicit Models

(DDIM) [37] is introduced to reduce the number of T .

xpre =
√

αpre
xt −

√
1− αtεθ(xt)√

αt

+
√

1− αpre − σ2
t εθ(xt) + σ2

t ε ,

(2)

where εθ(xt) denotes the denoising network, usually U-Net

[31], and σ is the variance hyperparameter.

Guidance Diffusion. Obtaining a specific generative re-

sult utilizing diffusion, retraining is usually required. How-

ever, its retraining is challenging due to the large number

of parameters and the immense data. Fortunately, classifier

guidance [8] has explored a guidance inference paradigm

without retraining, which is defined as follows:

ε̃θ(xt; t;y) = εθ(xt; t;y) + σt∇xt
L(xt), (3)

where y denotes the optional conditioning signal, and

L(xt) represents the optimization function.

3.2. Method Overview
In general, MotionDiff achieves motion editing through two

inference stages. Firstly, given a static scene, users can in-

teractively select the object to be edited and apply motion

priors, and then the proposed PKM estimates multi-view

optical flows within MFES. Subsequently, MMDS utilizes

these optical flows to guide the Stable Diffusion (SD) [30]

for motion editing and decouples the motion representation

to obtain multi-view consistent editing results. The details

of MFES and MMDS are described in Section 3.3 and 3.4.

3.3. Multi-view Flows Estimation Stage
Optical flow possesses the ability to represent the pixel-

level motion. However, directly obtaining the optical flow

Table 1. Nomenclature

K Intrinsic camera matrix T Camera translation matrix

R Camera rotation matrix Rot Spatial rotation matrix

Po Original 3D points Pm 3D points after motion

Pso 3D sparse original points Psm 3D sparse motion points

Pox,y x, y components of Po fs Single-view optical flow

fsx,y x, y components of fs fm Multi-view optical flows

foc Camera focal length pp Camere principal point

cx,y 2D pixel coordinates d 2D depth

Figure 2. The framework of MFES. Given a static scene, users

can interactively select a specific-view image from provided multi-

view images and the 3D object of interest through queries (e.g.,
ID 8 represents a “sofa”). Then the multi-view optical flows are

accurately obtained by PKM with user-defined motion mode.

from a static scene with no motion properties is highly chal-

lenging. Therefore, we propose MFES, allowing users to

interactively obtain multi-view optical flows, as shown in

Figure 2. Specifically, given a static scene, including multi-

view images and reconstructed 3D point clouds (hereinafter

referred to as “3D points”), we firstly utilize Mask Clus-

tering [47] to segment the 3D points and select the Po of

interest through user-interactive queries.

Our core insight is to estimate the 3D points Pm after
motion. In this way, we can obtain the corresponding multi-

view flows fm by projecting Pm and Po to the 2D space:

fm = foc · [R|T ]−1 � (Pm

d − Po

d ). (4)

Po can be easily obtained utilizing the existing data,

while it is challenging to obtain Pm. Therefore, we propose

the Points Kinematic Model (PKM) 2 to estimate Pm for

different motion modes, including translation, scaling, rota-

tion, and stretching, as shown in Figure 3. Specifically, we

project the selected image to obtain the 3D sparse original

points Pso. Meanwhile, we design a GUI to interactively

generate a single-view optical flow fs, and the 3D sparse

motion points Psm are represented by fs:

Psm=dK[R|T ][
cx + fsx − pp

foc
,
cy + fsy − pp

foc
, 1]. (5)

Based on the above definitions, we introduce the details

of PKM for different motion modes (refer to Figure 3):

2For more formulas details, please refer to the supplementary materials.
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Figure 3. The diagrams of different motion modes in PKM.

1) Translation. The translational motion of 3D points is

spatially represented as a 3D offset poff between Pm and

Po. We contemplate utilizing Psm and Pso to estimate this

poff based on Eq. (6):

Pm = Po + poff , poff =

∑N(Pso)
i=0 (Psm − Pso)

N(Pso)
, (6)

where N(Pso) denotes the number of Pso.

2) Scaling. We assume that there exists a scaling factor

sf between Po and Pm. Therefore, we calculate the sf
based on the single-view optical flow fs.

For shrinkage, the sf can be expressed as:

sf =

∑N
i=0 ||fs||

N ·Max(||fs||) , ||fs|| =
√

fsx
2 + fsy

2, (7)

where Max(·) denotes the maximum value, while N repre-

sents the number of non-zero optical flow values.

For enlargement, we obtain the sf by calculating the

ratio of the occluded region or to the fs. Therefore, we

need to create the or , and the sf can be calculated:

sf =
or

r(fs)
, or = L(cx, cy,fs) ∪ r(fs), (8)

where L(·) represents the linear sampling function, r(·) rep-

resents the region of non-zero optical flow.

Thus, the Pm of above scaling motion can be defined as:

Pm = sf · Po. (9)

3) Rotation. For rotation, all 3D points have the same

rotation angle ϕ. Fortunately, we can conveniently obtain ϕ
based on the designed GUI. Therefore, the spatial rotation

matrix Rot can be defined as:

Rot =

⎡⎣cosϕ −sinϕ 0
sinϕ cosϕ 0
0 0 1

⎤⎦ , (10)

Pm = Rot� (Po − pc) + pc , (11)

where pc represents the centroid of Po.

4) Stretching. For stretching, we assume Po are seg-

mented by a 2D stretching plane and are stretched to vary-

ing degrees along this plane. Since the fs is obtained in

the XY plane, the stretching plane is perpendicular to XY
plane and parallel to Z-axis:

Ax+By +D = 0. (12)

Therefore, in order to solve this plane in 3D space,

we need to find two 3D points P1 = (x1, y1, z1),P2 =
(x2, y2, z2) located on this plane. Since Eq.(12) defines

the relationship between the stretching plane and image, we

can conveniently obtain two 2D points on the stretching line

from GUI. Then, we project them to get two 3D points, thus

calculating the unique 2D stretching plane:{
A = y2 − y1, B = x1 − x2,

D = (x2 − x1)y1 − (y2 − y1)x1 ,
(13)

therefore, the distance of Po to this plane dis and the

stretching factor tf are expressed as:

dis =
APox +BPoy +D√

A2 +B2
, tf =

dis

|Max(dis)| . (14)

Therefore, the Pm of stretching motion are defined as:

Pm = Po + tf �Max(Psm − Pso). (15)

In summary, by designing the PKM, we can estimate the

3D motion points Pm, and subsequently obtain multi-view

optical flows fm according to Pm and Po in Eq. (4).

3.4. Multi-view Motion Diffusion Stage
Controlling diffusion models for motion editing often re-

quires retraining, which is demanding on computational re-

sources cost and data. Therefore, in MMDS (Figure 4), we

propose a training-free zero-shot diffusion model, leverag-

ing the multi-view optical flows obtained from MFES to

guide Stable Diffusion (SD) [30] in completing motion edit-

ing task. Our core insight is to decouple the motion pro-
cess into a combination of static background, motion ob-
jects, and occluded region, as shown in Figure 5.

Specifically, in all diffusion steps, we utilize DDIM In-

version [37] to obtain the non-moving region latents to pre-

vent the static background structure from being tampered

with. Meanwhile, we design the Flow Guidance Strategy

(FGS) in all steps to guide SD for motion editing. From

the T step, we introduce the processed Latent Space Fusion

(LSF) strategy to maintain the texture details of the gener-

ated motion objects. To guarantee multi-view consistency

of the generated occluded region, we introduce the Back-

ground Grid Constrain (BGC). Finally, we utilize VAE [18]
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Figure 4. The pipeline of MMDS. Given multi-view images and their optical flows, we perform DDIM inversion in all diffusion steps to

preserve the static background from being tampered with. In the first T steps, only FGS is used as the guidance to ensure a reasonable

motion trend. From T +1 step, both FGS and LSF are utilized to obtain corresponding motion with fidelity of texture details. Meanwhile,

BGC is embedded into the diffusion model in all steps to maintain multi-view consistency.

Figure 5. The motion decoupled representation.

to decode the predicted noise latents and obtain multi-view

motion results. In the following, we describe the details of

decoupled motion representation strategies in MMDS:

Flow Guidance Strategy. In FGS, we aim to utilize

multi-view optical flows to guide SD in zero-shot motion

editing. Firstly, we employ Recurrent All-Pairs Field Trans-

forms (RAFT) [40] to predict the optical flows fp from the

output images Io and input images Ii, and then calculate

the flow loss Lflow. Simultaneously, we apply the warp

transformation to Io and compute the color loss Lcolor:

Lflow = ||fm − fp||1, fp = RAFT (Ii, Io), (16)

Lcolor = ||Ii − warp(Io)||1. (17)

Subsequently, these two losses are used to update gradi-

ents in Eq. (3) and guide the diffusion for motion editing.

Latent Space Fusion. However, directly applying FGS

leads to texture details changes of motion objects, as shown

in Figure 8(d). Thus, we propose LSF to achieve high-

quality texture fidelity without increasing the computational

cost. Specifically, we first perform inverse warp transforma-

tion on Ii to obtain the target object Iw− and its latent space

mask ml, then encode the Iw− using a VAE encoder:

Iw− = warp−1(Ii,fm), xw− = E(Iw−), (18)

where E denotes the VAE encoder.

Then, in accordance with the forward process of DDIM,

we add noise to the encoded image xw− based on Eq. (1):

xw−,t =
√
atxw− +

√
1− atε, ε ∼ N (0, I), (19)

where
√
at denotes the hyperparameter related to the pro-

cess of adding noise. Finally, we perform latent fusion of

the forward noise xt−1 predicted by the Eq. (2):

xt−1 = ml � xw−,t + (1−ml)� xt−1. (20)

Through LSF, we can maintain the texture details of the

motion objects, shown in Figure 8(f).

Background Grid Constrain. Benefiting from FGS and

LSF strategies, we can achieve motion editing with consis-

tent texture details of motion objects. However, the lack of

effective multi-view consistency constraints results in un-

controllable content generation within the occluded region,

as shown in Figure 9(b). Previous works [4, 44] found

that using grid constraints during the generation process can

benefit the multi-view consistency. Therefore, we aim to in-

troduce a relevant constraint that preserves the consistency

of occluded region across different views. Hence, we pro-

pose the Background Grid Constrain (BGC), as shown in

Figure 6, which is defined as follows:

ε̃θ(xt; t; y) = G−1(εθ(G(xt); t; y)), (21)

where G denotes the grid transformation.
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Figure 6. The framework of BGC, which can enforce multi-view

consistency without introducing additional computational costs.

Specifically, a latent tensor Z with the shape of

(4, 4, 64, 64) undergoes a transformation through G, its size

changes to (1, 4, 128, 128). Then, U-Net [31] is utilized to

predict the noise latent ε, and we perform inverse grid trans-

formation G−1 to obtain the latent with shape (4, 4, 64, 64).
Through this grid-based constrain, BGC can leverage the

multi-view global information to complement each other,

thus improving multi-view consistency without increasing

the computation cost. In summary, through the designed

MFES and MMDS, our MotionDiff can achieve complex

multi-view consistent motion editing for a static scene.

4. Experiments
4.1. Implementations Details
We implement our method on four 48G NVIDIA RTX

A6000 GPUs, and only a single GPU is required to com-

plete an inference process. Our experiments are conducted

on the widely-recognized ScanNet200 [7, 32], which com-

prises of 312 scenes with multi-view images and 3D points.

For segmenting 3D points and estimating optical flows, we

utilize the frozen Mask Clustering [47] and RAFT [40]. The

SD-1.5 [30] model is served as our denoising framework.

All input and output images are processed at 512 × 512

resolution. DDIM sampling is adopted with 500 steps and

the classifier-free guidance scale is set to 7.5. To ensure a

fair experimental setup, we follow Motion Guidance [12]

protocol, incorporating five distinct motion modes. Subse-

quently, we perform both quantitative and qualitative com-

parisons against benchmark methods, including DiffEditor

[26], Motion Guidance [12], and MagicFixup [2].

4.2. Quantitative Comparisons
Previous employed image editing metrics, such as FID [34]

and CLIP Similarity [11, 29], are inadequate for motion

editing task due to the significant spatial geometric transfor-

mations and the emergence of diverse novel regions. Addi-

tionally, the absence of paired input-motion datasets renders

traditional subjective metrics like PSNR and SSIM [43] un-

suitable. Consequently, we introduce three multi-view mo-

tion editing evaluation metrics:

Motion Position Accuracy (MPA), calculated by RAFT

to represent the motion precision between input and output:

MPA = λmpa Lflow, (22)

- Translation Scaling Rotation Stretching

DE 14.7/10.5/33.51 15.7/19.4/33.34 18.1/14.3/27.45 7.4/16.3/36.31

MG 59.5/25.1/29.31 53.0/20.1/28.33 39.3/14.6/22.84 35.7/30.8/35.53

MF 26.5/9.2/33.24 10.0/15.6/34.29 17.0/14.1/29.78 6.2/7.0/37.78

Ours 10.8/4.6/34.38 6.7/6.2/34.76 10.6/11.1/30.02 3.1/3.4/38.62

Table 2. Quantitative comparisons with other physics-based gener-

ative motion editing methods. Each column represents one specific

motion on MPA ↓ / ATP ↓ / MVC ↑ metrics. The DE, MG, MF
represent DiffEditor, Motion Guidance, and MagicFixup, respec-

tively. MotionDiff achieves the SOTA quantitative performance.

Appearance Texture Fidelity (ATF), denoting the ex-

tent of texture appearance change in the motion objects:

ATF = λatf ||m� Iw− , m� Io||1, (23)

where m represents the non-zero regions masks of fm. We

empirically set λmpa to 10, λatf to 100.

Multi-View Consistency (MVC), we adopt Overlap-

ping PSNR proposed by MVDiffusion [38]:

MVC = P (I1, pt(I2,K �R−1
1 �R2 �K−1)), (24)

where P represents the standard PSNR, I1,2 denote two

similar images, pt signifies the perspective transformation.

In Table 2, we present quantitative comparisons of each

motion modes. Other methods exhibit unsatisfactory re-

sults in terms of MPA and ATF metrics, primarily due to

inadequate motion accuracy and compromised appearance

fidelity. Additionally, these methods struggle to maintain

multi-view consistency, resulting in lower MVC values.

In contrast, MotionDiff demonstrates SOTA performance

across all metrics, attributed to its capability in achieving

precise texture-consistent multi-view motion editing.

4.3. Qualitative Comparisons
To comprehensively evaluate the performance of Motion-

Diff, we provide detailed qualitative comparisons against

other benchmark methods.

We input multi-view images, and fairly apply corre-

sponding motions to all methods. As illustrated in Figure 7,

we present visual comparisons for translation, scaling, rota-

tion, and stretching, respectively. Each row showcases the

editing outcomes of different methods, while each column

represents the different views from a single scene. To better

display the motion results, we zoom in the box regions. It

demonstrates that DiffEditor [26] can manage simple mo-

tions, such as translation and scaling to some extent, but is

limited in handling more complex motions (e.g., the appear-

ance of the blackboard in rotation is unsatisfactory). Addi-

tionally, Motion Guidance [12] struggles to maintain the ap-

pearance of motion objects, due to lacking an effective tex-

ture supervision strategy, for instance, the texture details of

the red pillow are lost during translation. Moreover, Mag-

icFixup [2] achieves satisfactory results in single-view mo-

tion editing, but its multi-view motion editing performance
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Figure 7. Visual comparisons between MotionDiff and other physics-based motion editing methods on translation, scaling, rotation, and

stretching tasks. Our method achieves better motion editing performance while maintaining multi-view consistency.

is limited due to the inadequate consistency constraints. In

contrast, MotionDiff excels in executing diverse motions,

while effectively preserving multi-view consistency.

4.4. Ablation Studies
To validate the efficacy of the proposed strategies, we de-

sign corresponding ablation studies. The visualization and

metric outcomes are presented in Figure 8, 9 and Table 3.

W/o inversion. In Figure 8(b), the absence of DDIM

inversion substitution makes it difficult to maintain a static
background, generating uncontrollable content.

W/o FGS. As depicted in Figure 8(c), the completion of

physical motion becomes challenging without FGS, as there
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Figure 8. Visual comparisons of our ablation studies of MotionDiff.

Figure 9. Visual ablation study of BGC. It demonstrates that BGC

is advantageous in ensuring consistency across multi-view images.

is no motion prior provided to the diffusion model.

W/o LSF. As illustrated in Figure 8(d), the absence of

the LSF strategy leads to inadequate supervision over mo-
tion objects, thereby failing to guarantee the texture details.

LSF in image space. To evaluate the effectiveness of the

latent fusion strategy, we transform it into the image space.

However, as shown in Figure 8(e), due to the substantial

distribution difference between these two spaces, the quality

of the generated content hardly be guaranteed.

W/o BGC. As indicated in Figure 9(b), the absence of

multi-view constraints results in inconsistent generation of

the occluded region. In summary, extensive ablation stud-

ies validate the efficacy of the proposed strategies. Through

their integration, MotionDiff accomplishes sophisticated

multi-view consistent motion editing without retraining.

- w/o inversion w/o FGS w/o LSF LSF in image w/o BGC Ours

MPA ↓ 9.5 9.4 7.7 7.7 7.2 6.8
ATF ↓ 5.6 10.2 5.1 7.5 5.3 5.1

MVC ↑ 28.96 32.14 31.79 30.23 30.22 34.92

Table 3. Quantitative results of the ablation studies.

Figure 10. Given sparse-view images, MotionDiff obtains corre-

sponding editing results with reconstructed 3D points by DUSt3R.

4.5. Extension Experiments

Given that ScanNet dataset provides 3D points for each

scene, we utilize these directly for simplicity. However,
it is important to note that our method can also operate
using multi-view images as the only input, with 3D points

being reconstructed through established techniques, such

as DUSt3R [42] and MV-DUSt3R+ [39]. To validate this,

we select arbitrary outdoor sparse-view images from Mip-

NeRF 360 [5], and reconstruct corresponding 3D points us-

ing DUSt3R. Figure 10 demonstrates the motion results,

further validating the editing practicality of our method.

5. Conclusion and Limitations

A training-free zero-shot diffusion framework MotionDiff

is proposed, facilitating diverse complex multi-view mo-

tion editing tasks. An convenient interactive framework is

designed within MFES to estimate optical flow, while the

motion process is decoupled in MMDS, allowing users to

freely adopt it for other down-stream tasks. Nonetheless,

the proposed PKM somewhat limits the motion modes. es-

tablishing corresponding models for other motions in PKM

is required, while we believe it is straightforward to imple-

ment. In future work, we will focus on integrating more

general motion representation for generative editing.
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