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Figure 1. Our synchronized multi-view joint diffusion (SyncMV4D) simultaneously models multi-view geometry, visual appearance, and
motion dynamics. It is capable of generating both multi-view hand-object interaction videos (left) and 4D motion sequences, comprising
intermediate coarse pseudo videos (middle) and refined point tracks (right), with results achieving visual realism, dynamic plausibility, and
geometric consistency.

Abstract

Hand-Object Interaction (HOI) generation plays a crit-
ical role in advancing applications across animation and
robotics. Current video-based methods are predominantly
single-view, which impedes comprehensive 3D geometry
perception and often results in geometric distortions or un-
realistic motion patterns. While 3D HOI approaches can
generate dynamically plausible motions, their dependence
on high-quality 3D data captured in controlled laboratory
settings severely limits their generalization to real-world
scenarios. To overcome these limitations, we introduce
SyncMV4D, the first model that jointly generates synchro-
nized multi-view HOI videos and 4D motions by unifying
visual prior, motion dynamics, and multi-view geometry.
Our framework features two core innovations: (1) a Multi-
view Joint Diffusion (MJD) model that co-generates HOI
videos and intermediate motions, and (2) a Diffusion Points
Aligner (DPA) that refines the coarse intermediate motion
into globally aligned 4D metric point tracks. To tightly

† Corresponding Author. Email: qyw@scut.edu.cn.

couple 2D appearance with 4D dynamics, we establish a
closed-loop, mutually enhancing cycle. During the diffu-
sion denoising process, the generated video conditions the
refinement of the 4D motion, while the aligned 4D point
tracks are reprojected to guide next-step joint generation.
Experimentally, our method demonstrates superior perfor-
mance to state-of-the-art alternatives in visual realism, mo-
tion plausibility, and multi-view consistency.

1. Introduction

Realistic human-/hand-object interaction (HOI) genera-
tion plays a vital role in animation production [63] and dex-
terous robotic manipulation [4, 40, 47]. Current 3D HOI
methods [6, 8, 15, 19, 27, 29, 30, 35, 41, 46, 54, 58, 64, 73]
predominantly generate 6D object poses and parameterized
human/hand poses (e.g., SMPL [39] or MANO [48]). Al-
though these approaches yield kinematically plausible re-
sults, their reliance on high-quality motion capture data [9,
17, 18, 32, 36–38, 50, 60, 65, 71, 74] limits scalability
and diversity, exposing a fundamental generalization bot-

1

https://droliven.github.io/SyncMV4D


tleneck.
Recent advances in generative video foundation mod-

els [7, 26, 42, 45, 52, 66] have shown great potential for
high-fidelity generation, even serving as “world models”
that implicitly capture spatial geometry, temporal dynam-
ics, and physical rules [3, 51, 68]. These developments open
new opportunities for HOI generation, yet effectively lever-
aging such visual priors remains challenging. Some meth-
ods enable controllable HOI video generation by injecting
pose and appearance conditions [13, 21, 43, 63, 77]. How-
ever, they typically require pre-defined or pre-generated
pose sequences, which limits their practical applicability.
Others integrate video and motion generation within a joint
diffusion process [10, 11, 14, 76] to improve physical plau-
sibility, yet suffer from inefficient motion representations
(e.g., 2D optical flow, sparse keypoints, or depth maps).
More critically, most operate under a single-view genera-
tion setting, hindering full 3D geometric perception.

Synchronized multi-view HOI generation provides a
comprehensive understanding of object geometry, making
it particularly valuable in heavily occluded scenarios such
as hand-object interaction and embodied dexterous manip-
ulation. Existing multi-view video generation methods,
however, face certain limitations. Some methods gener-
ate novel views one at a time, conditioned on a source
video [23, 34, 69, 70]. Despite the use of 3D intermediate
representations, the separately generated results struggle to
maintain multi-view consistency. Others can generate mul-
tiple viewpoint videos simultaneously [2, 53, 56, 67]. How-
ever, these methods are either confined to generating sim-
ple, background-free 4D assets or can only produce videos
from a constrained set of viewpoints.

Our core insight is that synchronized multi-view HOI
generation enables a comprehensive understanding of ob-
ject geometry, thereby improving generation quality and ap-
plicability. Meanwhile, joint 2D video and 4D motion diffu-
sion further enhances spatiotemporal coherence and physi-
cal plausibility. Based on this, we propose SyncMV4D,
the first model that generates multi-view HOI videos and
4D motions using only text prompts and a reference im-
age, as shown in Fig. 1. Using a pre-trained Diffusion
Transformer (DiT) [44] backbone, SyncMV4D introduces
inter-view geometry attention and motion modulation mod-
ules. This multi-view joint diffusion (MJD) framework
unifies modeling of visual appearance, motion dynamics,
and multi-view geometry via sequential inter-view atten-
tion, intra-view spatiotemporal attention, and multi-modal
modulation. It produces view-consistent 2D videos and 4D
motions without 3D object models or predefined poses.

Inspired by DaS [20], we represent motion with en-
hanced 4D point tracks to ensure temporal smoothness and
3D geometric awareness. Specifically, each point track is
represented by three channels: the first two store the 2D

pixel coordinates of its anchor point in the first frame, while
the last channel stores its metric depth at each frame. Af-
ter normalization, they can be treated as “pseudo videos”
and embedded into a shared VAE latent space, simplifying
the adaptation of the DiT model. Furthermore, to align 4D
motion across views, we design a Diffusion Points Aligner
(DPA) module. It first converts the generated coarse mo-
tion pseudo-videos into world coordinates and uses them as
conditions to synthesize globally aligned 4D point tracks.
Owing to the similar diffusion pipelines of MJD and DPA,
we establish a closed-loop feedback cycle: at each denois-
ing step, the MJD output is refined by the DPA, reprojected
into pseudo videos, and fed back to the MJD for iterative
refinement, enabling mutual enhancement.

Experimental results show that our method achieves
state-of-the-art performance in three aspects: multi-view
video quality, motion plausibility, and cross-view consis-
tency. Comprehensive ablation studies validate the effec-
tiveness of each component in our framework.

Our contributions are threefold:

• The first synchronized multi-view HOI generation
method that can synthesize results with high visual qual-
ity, motion plausibility, and view consistency, requires
only reference images and text.

• A multi-view joint diffusion (MJD) framework of video
and motion that unifies visual prior, motion dynamics,
and multi-view geometry modeling.

• A Diffusion Points Aligner (DPA) module with closed-
loop feedback refines the per-view misaligned coarse mo-
tions from MJD into globally aligned 4D point tracks and
is co-optimized with the multi-view joint diffusion.

2. Related Work

Multi-view video synthesis follows two main
paradigms: the first treats the task as a “translation”
from a source video to a novel view, while the second
generates all views jointly in one step. In the first paradigm,
ReCamMaster [1] directly synthesizes the target view
from the input video and a novel camera pose. Other
methods [23, 34, 69, 70] rely on explicit 3D representations
via monocular reconstruction, novel-view rendering, and
inpainting or warping. DaS [20] and GS-DiT [5] further
integrate tracking signals for improved quality. However,
their separate, view-by-view generation often undermines
multi-view consistency. The second paradigm enables
simultaneous multi-view synthesis from text or a reference
video [2, 53, 56, 67], but typically focuses on simple
background-free 4D assets or supports only a few fixed
viewpoints. In contrast, our approach generates synchro-
nized multi-view HOIs in a single step and enhances
physical plausibility through joint diffusion of 2D video
and 4D motion signals.
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Figure 2. Our SyncMV4D consists of two key components: First, the Multi-view Joint Diffusion (MJD) module generates synchronized
multi-view color videos, intermediate motion pseudo videos, and metric depth scales (Sec. 3.3). Second, the Diffusion Points Aligner
(DPA) module takes the resulting coarse 4D motions as a conditioning signal to reconstruct globally aligned 4D point tracks (Sec. 3.4).
Furthermore, since both MJD and DPA are iterative denoisers, the refined 4D point tracks from DPA are fed back to guide MJD in
subsequent denoising steps, forming a closed-loop mutual enhancement cycle (Sec. 3.5).

HOI Video models. Recent video foundation mod-
els [26, 52, 66] have significantly advanced HOI video
generation. Some approaches [21, 63, 77] extend UNet-
based architectures with pose guides and appearance refer-
ence networks to enable pose-controlled synthesis. How-
ever, the incremental temporal modeling of UNets often
causes flickering artifacts, and these methods require pre-
defined or pre-generated pose sequences as input. More re-
cent works [10, 14, 76] leverage the native spatio-temporal
attention of Diffusion Transformers (DiT) [16] and adopt
a video–motion co-generation paradigm to improve physi-
cal plausibility. Yet motion representation remains an open
challenge. VideoJam [10] uses 2D optical flow, which lacks
explicit 3D awareness. SViMo [14] relies on sparse key-
points and suffers from limited precision. TesserAct [76]
employs pixel-aligned depth but lacks inter-frame smooth-
ness. In contrast, our multi-view joint diffusion simulta-
neously generates 2D videos and metric 4D point tracks,
achieving both 3D awareness and temporal stability.

3D HOI generation primarily relies on high-precision

3D motion capture data [9, 18, 37, 71]. Some works [8,
15, 27, 28, 30, 31, 33, 35, 73] enhance kinematic plausibil-
ity by predicting intermediate contact maps or affordances.
Others [6, 41, 55, 59, 61] integrate complex physics sim-
ulators to improve dynamic realism. However, the limited
dataset scale and diversity constrain their generalization. A
few approaches [72, 75] leverage semantic knowledge from
multimodal vision-language models (VLMs) to boost HOI
generalization, but their multi-stage pipelines are prone to
error accumulation.

3. Method

Given multi-view reference images I ∈ RV×H×W×3

and a textual prompt P , we aim to synthesize synchro-
nized multi-view hand-object interaction (HOI) videos V ∈
RV×N×H×W×3 along with a metric 4D motion sequence
represented as point tracks M ∈ RV×N×K×3, where V ,
N , H , W , and K denote the number of viewpoints, tempo-
ral frames, height, width, and tracked points, respectively.

3



3.1. Preliminary: Basic Video Foundation Model
Our framework is built upon a pre-trained foundation

model for text-and-image-to-video generation. It comprises
two key components: a spatio-temporal variational autoen-
coder (VAE) [25] that compresses the original video V into
a more compact latent space z, and a Diffusion Transformer
(DiT) [44] based video generator to synthesize video la-
tents ẑ. The model employs the Rectified Flow frame-
work [16] for noise scheduling and denoising operations.
During training, given clean video latents z0, Gaussian
noise z1 ∈ N (0, I), and a timestep t ∈ [0, 1], interme-
diate latents zt are constructed through linear interpolation
zt = (1−t)·z0+t·z1. The corresponding ground-truth ve-
locity vt is defined as: vt = dzt/dt = z1−z0. The model
parameterized with Θ is trained to predict the velocity field
using mean squared error loss:

L = Ez0,z1,c,t ∥vt − v̂Θ(zt, c, t)∥22 . (1)

In the inference phase, the framework is processed with it-
erative sampling:

zt−1 = zt +∆t · v̂Θ(zt, c, t). (2)

3.2. Framework Overview
Synchronized multi-view HOI generation enables com-

prehensive perception of full object geometry, making it es-
pecially valuable in heavily occluded hand-object interac-
tion scenarios. However, existing multi-view video gener-
ation methods face two key limitations. Approaches based
on a “video translation” paradigm generate only one novel
view at a time, leading to inconsistency across separately
synthesized views. Others can produce multi-view videos
simultaneously but typically focus on simple, background-
free 4D assets or support only a few fixed viewpoints. To
address these issues, we propose a novel end-to-end frame-
work for synchronized multi-view video and motion gener-
ation. As shown in Fig. 2, our framework comprises two
core components. The first is a Multi-view Joint Diffusion
(MJD) model, built upon a pre-trained single-view video
foundation model, which jointly generates color videos,
pseudo videos encoding 4D motion, and their metric scale
(Sec. 3.3). The second component is the Diffusion Points
Aligner (DPA), which refines MJD’s coarse multi-view mo-
tions into globally consistent 4D point tracks (Sec. 3.4).
Moreover, leveraging the shared diffusion structure of MJD
and DPA, we establish a closed-loop cycle that enables their
mutual refinement (Sec. 3.5).

3.3. Synchronized Multi-view Joint Diffusion
MJD learns to generate multi-view color videos V̂ ,

pseudo videos of 4D motions M̂pv , alongside with the met-
ric scale s. A detailed description is provided below.

954
955
958

P
o
in

t T
ra

ck
s

o
f

D
a
S

O
u

r P
o
in

t T
ra

ck
s

T
im

e

Time

Figure 3. Comparison of motion representations between that of
DaS [20] and our 4D point tracks. For each point, the first two
dimensions represent the pixel coordinates of the tracked point in
the first frame. The difference lies in the third dimension: DaS
uses the static depth from the first frame, whereas we use the actual
per-frame depth to enhance 3D perceptual capability.

Data Representation and Embedding. In DaS’s
“tracking video” representation [20], the depth of points in
each frame is fixed to that of the first-frame anchor points,
which limits the model’s perception of actual depth, as
shown in Fig. 3. To ensure temporal stability and 3D aware-
ness, we enhance it by using the actual depth of points in
each frame. Each frame contains K points, each defined
by three values: the first two are the pixel coordinates of
the tracked anchor point in the first frame, and the third is
the metric depth in the current frame. The first two dimen-
sions ensure temporal smoothness, while the depth intro-
duces 3D geometric awareness, contributing to physically
plausible results. To convert M into a pseudo video Mpv

compatible with DiT, we normalize the first two dimensions
by the video resolution and apply min-max normalization to
the third dimension, mapping it to [0, 1]. The normalized
values are then scaled by 255 and rendered to obtain the
motion pseudo videos Mpv . A visualization of this repre-
sentation is provided in Fig. 3. Note that the normalized
pseudo video losses metric scale, so we introduce an addi-
tional mechanism to regress the min-max scale s ∈ RV×2

of the multi-view depth.

The text instruction P is encoded by the frozen Google
umT5 model [12] and projected to f text ∈ RL×d. Multi-
view reference frames I are encoded by a video VAE into
zI , while the color video V and motion pseudo video Mpv

are encoded into zV and zMpv ∈ RV×N−1
rn × H

rh× W
rw×dVAE ,

where (rn, rh, rw) denote the video VAE’s compression
ratios for temporal, height, and width dimensions, respec-
tively. Using the forward diffusion process (Sec. 3.1), we
obtain noisy latents zV

t and z
Mpv

t . Following the foun-
dation model’s conditioning mechanism, the first frame
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of the noisy zV
t is replaced with zI , while z

Mpv

t re-
mains unchanged. Both are then tokenized and flattened
to produce visual tokens fV and motion tokens fMpv

∈
RV×N−1

rn × H
rh∗2×

W
rw∗2×d.

Multi-view Multimodality Diffusion Blocks. In addi-
tion to processing text tokens f text, multi-view visual tokens
fV , and motion tokens fMpv

, the Diffusion Blocks also
process ts learnable scale tokens fs ∈ Rts×d and tr regis-
tration tokens fr ∈ Rtr×d to regress the min-max scale of
the normalized depth in the motion pseudo video.

We enhance the original single-view video DiT Blocks
by incorporating additional inter-view attention modules to
learn multi-view spatial geometry, and by introducing ex-
tra modulation modules to handle motion modality features.
Each DiT block consists of alternating multimodality adap-
tive modulation, inter-view geometry attention, intra-view
spatiotemporal attention, text-conditioned cross-attention,
and feedforward MLP layers. First, due to the seman-
tic and distributional divergence between video and mo-
tion features, directly sharing the visual token modulator
from the DiT backbone for their co-generation is subopti-
mal. Therefore, we introduce a dedicated motion modu-
lation module, analogous to the video modality and con-
ditioned on the denoising timestep. For inter-view geom-
etry attention, the features are permuted and reshaped to[(
B · N−1

rn

)
,
(
V · H

rh∗2 · W
rw∗2

)
, d
]

to model relationships
between tokens from different views at the same timestep.
For intra-view spatiotemporal attention, features are re-
shaped to

[
(B · V ) ,

(
N−1
rn · H

rh∗2 · W
rw∗2

)
, d
]

to capture de-
pendencies among tokens across different frames within the
same view.

Training Objectives. The output video, motion, and
scale features from the final DiT block are projected through
linear layers and depatchified to yield the multi-view video
latent velocity v̂V , the motion pseudo video latent velocity
v̂Mpv , and the predicted metric scale ŝ. Thus, the MJD is
optimized with the following objective:
(v̂V , v̂Mpv , ŝ) = GMJD

[
zV
t , z

Mpv

t , zI ,P , t
]
,

LMJD = E
[
∥v̂V − vV ∥22 + ∥v̂Mpv − vMpv∥22 + ∥ŝ− s∥22

]
,

(3)
where vV and vMpv are the ground-truth velocities, as de-
rived in Sec. 3.1.

3.4. Diffusion Points Aligner
Given the intermediate motion pseudo-video M̂pv and

the predicted depth scale ŝ, we obtain the 4D motion tracks
M̂ through denormalization and unprojection. However, in
practice, since the video VAE and DiT are not designed or
trained for 4D motion data, the resulting 4D motion tracks
may contain inaccuracies. To address this issue, DPA for-
mulates the task as a conditional generation problem: it

Algorithm 1 Joint training and mutual enhancement of
MJD and DPA.
Input: Multi-view reference image I , text prompt P , tar-

get multi-view video V , target 4D motion M , video
VAE encoder E and decoder D, MJD network Gθ

MJD,
DPA network Gϕ

DPA.
Output: Optimized parameters θ⋆ and ϕ⋆.
1: s = Min-Max(M [...,−1]) ▷ GT metric depth scale
2: Mpv = Proj & Norm(M) ▷ motion pseudo video
3: zV

0 = E(V ), zMpv

0 = E(Mpv), zI = E(I) ▷ latents
4: while not converged do
5: t ∼ U{0, 1} ▷ sample time step t

6: Diffuse to get (zV
t , zMpv

t , M t) ▷ Sec. 3.1
7: M̃ = Gno-grad

DPA

(
M t,Denorm & Dec(zMpv

t , s), t
)
▷

Eq. 4
8: M̃pv = Proj & Norm(M̃), z̃Mpv = E(M̃)

9: (v̂V , v̂Mpv , ŝ) = GMJD(z
V
t , z

Mpv

t +z̃Mpv , zI ,P , t)
▷ Eq. 3: co-generation with refined motion guidance

10: ẑMpv = z
Mpv

t +∆t · v̂Mpv ▷ Sec. 3.1

11: M̄ = GDPA

[
M t,Denorm & Dec( ˆ

z
Mpv

t , ŝ), t

]
▷

conditional points refine Eq. 4
12: L = LMJD + LDPA ▷ Eq. 3, 4
13: update parameters θ and ϕ by gradient descent
14: end while
15: return θ⋆ = θ, ϕ⋆ = ϕ

takes coarse point tracks as input conditions and gener-
ates globally aligned 4D point sequences M̄ . Specifically,
DPA consists of multiple sequentially connected inter-view
geometry attention and coarse motion conditioned cross-
attention modules, each built upon the sparse convolutions
of Point Transformer V3 [57]. The DPA is also formalized
with the flow matching operation in Sec. 3.1 and optimized
with the following loss function:

 v̄M = GDPA

[
M t,M̂ , t

]
, M̄ = M t − t · v̄M ,

LDPA = E
[
MSE(v̄M ,vM ) + Dchamfer(M̄ ,M)

]
.

(4)

3.5. Close-loop Mutual Enhancement Cycle

Owing to the similar diffusion pipeline between MJD
and DPA, we establish a closed-loop feedback: MJD’s out-
puts serves as concurrent coarse motion condition for DPA,
while DPA’s globally aligned points are projected and nor-
malized into a motion pseudo video to guide the next-step
denoising of MJD. This mutually enhancing process during
training is summarized in Alg. 1. The inference pseudocode
is included in the Supp.
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4. Experiments

4.1. Settings

TACO dataset [37] is a large-scale hand-object inter-
action benchmark that provides high-precision 3D object
models, pose sequences, and synchronized high-resolution
videos from 12 viewpoints. It captures diverse interactions,
each structured as a “tool–action–target” triplet, denoting
the use of a tool to perform an action on a target object.
Tools and targets span 20 physical categories (196 distinct
instances), with 15 action types performed by 14 partici-
pants. For video preprocessing, we crop hand-object re-
gions from both allocentric-view videos (original resolution
4096× 3000) and egocentric-view videos (1080p), then re-
size them to 480p to meet our video foundation model’s
input requirements. The frame rate is uniformly downsam-
pled from 30 fps to 8 fps. Our 4D point tracks are computed
from ground-truth vertex coordinates of the MANO hand
model and object meshes. We group the 12 camera views
into three position-based clusters: left, right, and center. In
each training iteration, we randomly sample one view from
each group to enable synchronous three-view generation.
Additionally, we adopt a two-stage split: first, we hold out
samples involving specific objects (e.g., hammer) and ac-
tions (e.g., measure) as a separate test set for generalization
evaluation. The remaining data is then divided into training
and validation sets in a 9:1 ratio.

Metrics. Our method is capable of simultaneously gen-
erating synchronized multi-view videos and 4D motions.
For video quality evaluation, we assess both single-view
quality and multi-view consistency. For the former, we
adopt two key metrics from VBench [22]: Subject Con-
sistency and Dynamic Degree, which measure the tempo-
ral consistency of the subject across frames and the over-
all dynamic quality of the video, respectively. For multi-
view consistency, we follow SynCamMaster [2] and em-
ploy two metrics: Matching Pixels and CLIP-Views. The
former uses the GIM [49] image matching method to quan-
tify the number of aligned pixels between different views,
while the latter evaluates semantic consistency by measur-
ing CLIP feature similarity across viewpoints of the same
frame. For motion quality evaluation, we similarly exam-
ine both single-view and multi-view aspects. Single-view
metrics include Chamfer Distance and Motion Smooth-
ness, which assess the accuracy and temporal coherence of
the motion. In addition, following GeometryCrafter [62],
we introduce Relative Point Error (RPE) and Percentage
of Inliers (PT, threshold 0.25) to evaluate the accuracy of
the point tracks. Multi-view motion consistency is evalu-
ated using the same two metrics after multi-view reprojec-
tion. Due to page limitations, detailed formulations of the
evaluation metrics will be provided in the supplementary
material.

4.2. Implementation Details.
Model Architecture. Our multi-view joint diffu-

sion model extends the pre-trained text-and-image-to-video
foundation model WAN2.2-5B-480P [52] to simultaneously
generate hand-object interaction (HOI) videos from V = 3
viewpoints. The VAE in WAN2.2 employs compression ra-
tios (rn, rh, rw) = (4, 16, 16), and its visual tokenizer ap-
plies an additional 2× downsampling, requiring input res-
olutions divisible by 32. We thus adopt a video resolu-
tion of (N × H × W ) = (49 × 480 × 704). To re-
cover metric scale, we introduce ts = 2 learnable scale
tokens and tr = 6 register tokens. With a maximum
text token length of L = 512, the total token count is
512+2+6+2× [13×(480/32)×(704/32)] = 9100, with
hidden dimension d = 3072. The model comprises 30 DiT
blocks. Our Diffusion Points Aligner is built upon Point
Transformer V3 [57], where tracked points in each frame
are voxelized and downsampled to K = 1600 points.

Training Details. Our model was trained on 8 NVIDIA
A800 GPUs. To boost training efficiency, we first ran a 5K-
step warm-up phase using 10% of the data, separately train-
ing the Diffusion Points Aligner and the base single-view
WAN-I2V model. This was followed by full-parameter
training of the entire SyncMV4D model for 30K steps on
the full dataset. We employed several memory optimization
techniques, including DeepSpeed ZeRO-3, gradient check-
pointing, and mixed-precision training with BF16. Addi-
tionally, we adopted a progressive training strategy: starting
at a lower resolution (256×384) and later fine-tuning at the
target resolution (480× 704) to further improve efficiency.

4.3. Comparison with Baselines
Baselines. For video generation quality evaluation, we

compare against single-view image-to-video (I2V) mod-
els, WAN2.2 [52] and SViMo [14], by generating multi-
view videos one-by-one using reference frames from dif-
ferent viewpoints. We also compare with the single-view
video-to-video (V2V) recamera method DaS [20]: a ran-
domly selected video from the nine non-ground-truth views
is used as input to render three novel-view videos along dis-
tinct camera trajectories. Additionally, we evaluate against
the synchronized multi-view V2V method SV4D 2.0 [67],
which conditions on one randomly chosen non-ground-truth
view and simultaneously generates four-view videos. We
select three of these for comparison. Notably, SV4D 2.0 re-
moves the background in the reference video and focuses on
foreground content, so our evaluation is restricted to fore-
ground regions.

For 4D motion evaluation, as no existing method di-
rectly generates 4D sequences from reference images, we
compare our Image-to-4D generation (Ito4G) with single-
view Video-to-4D reconstruction (Vto4R) approaches,
Geo4D [24] and GeometryCrafter [62]. These methods pro-
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Figure 4. Visualization of the generated multi-view videos from different methods. Red circles indicate multi-view inconsistencies, yellow
boxes highlight video distortions, and blue boxes denote blurring artifacts.

Table 1. Comparison of video quality. The best and second best
results are highlighted with bold and underlined fonts. Note that
“SV” means single view, and “MV” means multi-view.

Method View Type
Single-view Multi-view

Subj. Cons. Dyn. Deg. Mat. Pix. CLIP-V

WAN2.2 [52]
SV

I2V 0.9562 0.4521 33.8 76.78
SViMo [14] I2VM 0.9285 0.9601 137.5 82.88

DaS [20] V2V 0.8828 0.9962 182.3 83.34

SV4D 2.0 [67] MV V2V 0.7988 0.8628 108.7 79.31
Ours I2VM 0.9351 0.9877 529.4 83.67

duce up-to-scale pointmaps without metric scale. Following
GeometryCrafter, we apply optimization-based alignment
to their outputs before metric computation. In contrast, our
method directly yields metric point tracks and requires no
such transformation.

Qualitative and Quantitative Comparison. The com-
parison results on video generation quality are shown in
Tab. 1 and Fig. 4. Our method achieves the best multi-
view consistency and the second-best single-view qual-
ity. Specifically, although WAN2.2 [52] obtains the high-

Table 2. Quantitative Comparison of Motions. Best in Bold.

Method Type
Single-view Multi-view

RPE PI Cham. Dis. Smoo. RPE PI

Geo4D [24] Vto4R 21.7 71.5 0.0134 0.0228 81.1 1.56
GeoCrafter [62] Vto4R 17.0 87.3 0.0115 0.0222 67.3 4.16

Ours Ito4G 15.2 98.2 0.0103 0.0152 32.7 39.1

est subject consistency score, this is largely due to its ex-
tremely low dynamic degree (Fig. 4, left top). This indicates
that both metrics are partial and should not be interpreted
in isolation. Among the three single-view methods, both
WAN2.2 [52] and SViMo [14] suffer from poor multi-view
consistency. DaS [20] achieves relatively higher multi-view
consistency but still lags behind our method. Moreover, be-
cause DaS employs continuously varying camera trajecto-
ries, it attains the highest dynamic degree score, unlike our
static-camera setting. However, as shown in the top-right of
Fig. 4, its outputs exhibit noticeable distortions. The multi-
view method SV4D 2.0 [67] focuses on generating simple,
background-free 4D asset videos. It underperforms on both
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Figure 5. Visualization of multi-view points reprojected onto the
same coordinate system.

Table 3. Ablation studies on the key components of SyncMV4D,
including simultaneous multi-view generation (Multi-view), joint
video-motion diffusion (MJD), diffusion points aligner (DPA), and
the mutual enhancement cycle (Cycle).

Multi-view MJD DPA Cycle Mat. Pix. (MV) RPE (MV)

✓ ✓ ✓ 122.7 75.3
✓ 462.6 -
✓ ✓ 501.3 46.3
✓ ✓ ✓ 498.2 33.5

Ours 529.4 32.7

single-view and multi-view metrics and suffers from severe
temporal flickering and blurriness.

For motion generation, as shown in Table 2 and Fig. 5,
our method demonstrates superior performance on both
single-view and multi-view motion metrics. It outpasses the
second-best method on RPE by 11% and 51% in the respec-
tive categories. These gains stem from our method’s joint
generation of multi-view consistent points, in contrast to the
baseline methods that suffer from inherent inconsistencies
due to their per-view video reconstruction.

4.4. Ablation Study
Effectiveness of the Multi-view Generation. We argue

that simultaneously generating HOI from multiple view-
points is crucial for improving viewpoint consistency. To
verify this, we adapt SyncMV4D into a single-view image-
to-video and motion generation framework, as shown in the
first row of Tab. 3. Both the multi-view consistency of the
generated videos and the 4D motion significantly degrade.
This is because, influenced by the diverse generation ca-
pability of video foundation models, one-by-one sequen-
tial viewpoint generation cannot guarantee consistent mo-
tion patterns of HOI across different views.

Ablation on Video-Motion Joint Diffusion. We retain

only the multi-view synchronized generation architecture
of our method, removing all other components to form a
pure image-to-multi-view-video framework. As shown in
the second row of Tab. 3, while its multi-view video con-
sistency significantly surpasses the aforementioned single-
view setting, it still lags behind our full SyncMV4D. This
is because pure video generation lacks physical constraints,
resulting in artifacts such as blurriness and deformation.

Impact of the Diffusion Points Aligner. We remove
the DPA module and retain only the multi-view video mo-
tion joint generation module (MJD), directly combining the
motion pseudo-video generated by MJD with the estimated
metric scale for denormalization and unprojection to obtain
4D point tracks. As shown in the third row of Tab. 3, the
motion quality drops significantly. This is because the video
foundation model is not trained specifically for 4D motion,
and the video VAE incurs information loss when encoding
and decoding such pseudo-videos, thereby limiting the ac-
curacy of the generated 4D motion.

Influence of the Mutual Enhancement Cycle. We sim-
ply input the detached coarse motion into the DPA, remov-
ing the “next-step refined motion as guidance” pathway. As
shown in the second-to-last row of Tab. 3, this leads to a
slight degradation in both video and motion consistency. In
contrast, our final method achieves superior results through
the closed-loop mutual enhancement cycle between MJD
and DPA.

5. Conclusion
In this work, we propose a method for synchronized

multi-view co-generation of videos and motions in hand-
object interactions. Our approach uses a joint appearance-
motion diffusion model to ensure visual realism, plausi-
ble motion, and geometric consistency across views. Mo-
tion is represented by stable, 3D-aware point tracks, which
are aligned across viewpoints using a novel Diffusion Point
Aligner. A dual-branch diffusion architecture with closed-
loop feedback further enables mutual enhancement between
the two components. The method requires only a reference
image and a text instruction, making it highly accessible, es-
pecially effective in occluded scenarios such as hand-object
interaction. We believe our framework also offers valuable
insights for building physics-aware video world models.

Limitation. Our method currently requires multi-view
reference images to generate videos and motions. A more
appealing and user-friendly alternative would be to pro-
duce synchronized multi-view outputs from a single ref-
erence image, which can be achieved by integrating ad-
vanced novel-view image synthesis techniques. Addition-
ally, the system could support user-specified camera view-
points for controllable multi-view generation. This can
be realized by incorporating camera conditional guidance
modules, trained on densely sampled multi-view data.
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SyncMV4D: Synchronized Multi-view Joint Diffusion of Appearance and Motion
for Hand-Object Interaction Synthesis
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6. More Ablation Studies
In Sec. 3.3 and Fig. 3, we detail our motion represen-

tation. The “tracking video” in DaS [20] lacks per-frame
object depth, making it a pseudo-3D or “2.5D” representa-
tion. In contrast, our representation includes explicit depth
for each frame, offering stronger 3D awareness. To evaluate
how these representations affect final performance, we con-
duct an ablation study. We replace our 4D point tracks with
the DaS’s tracking video. Since this representation cannot
recover per-frame depth or point trajectories, the DPA mod-
ule becomes irrelevant. We therefore remove both DPA and
the mutual enhancement circle, keeping only the MJD mod-
ule. This variant is called “Ours-MJD-TrackingVideo”. Re-
sults in Tab. 4 show that this representation causes a clear
decline in multi-view consistency. The main reason is that
the 2.5D representation cannot adequately recover multi-
view 3D geometry.

Table 4. Ablation studies on the motion representation.

Setting Mat. Pix. RPE

Ours-MJD-TrackingVideo 483.8 -
Ours-MJD-PointTracks 503.1 46.3

Ours 529.4 32.7

7. Additional Demonstrations
In this work, we focus on the task of image-to-video

and action generation. To provide a more vivid and com-
prehensive presentation of our results, we have included a
supplementary video in the appendix. This video show-
cases a wide range of generated examples by our method,
along with systematic comparisons against several baseline
approaches. These visual comparisons clearly demonstrate
the superior performance of our method in terms of visual
fidelity, dynamic plausibility, and multi-view consistency.
Furthermore, in the final segment of the video, we present
generation results on unseen hand-object interaction (HOI)
tasks as well as on real-world captured data, highlighting
the generalization capability of our proposed approach.
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