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Fig. 1. Our HarmoHOI jointly models the consistency between 2D visual appearance and 3D motion, and learns the synchronization of multi-view epipolar
geometry. Consequently, it can not only generate a single-view HOI video and 3D motion from a reference image (top), but also synthesize synchronized
multi-view HOI videos and globally aligned 3D point tracks from a reference image and multi-view target camera poses (bottom). The generated outputs
exhibit visual realism, motion plausibility, and geometric consistency.

Hand-Object Interaction (HOI) synthesis is a cornerstone for animation
production and embodied AI. Despite the strong priors of video foundation
models, multi-view consistent HOI synthesis remains challenging due to
complex hand motions and occlusions. We present HarmoHOI, a unified
diffusion framework that jointly and harmoniously generates synchronized
multi-view HOI videos and globally aligned 3D point tracks. Our core in-
sight is that robust multi-view consistency fundamentally requires globally
aligned 3D geometry and motion. To this end, we propose a Mixture of
Multi-view Diffusion Transformer that co-models RGB videos and 3D point
tracks. By representing point tracks as pseudo-videos, we align 3D geometric
signals with the 2D latent space of foundation models, thereby minimizing
the domain gap and easing adaptation of priors. To further ensure geometry
consistency, we introduce Global Motion Aligning Diffusion, which refines
coarse point tracks into metric-scale, globally aligned 3D trajectories. Harmo-
HOI enables on-the-fly co-evolution of 2D appearance and 3D motion during
denoising. To overcome the scarcity of multi-view HOI data, we employ a
hybrid data curriculum learning strategy that successfully transfers generic
priors from single-view data to synchronized multi-view generation. Experi-
mental results show that HarmoHOI achieves state-of-the-art performance
in visual quality, motion plausibility, and multi-view geometric consistency.
Code for this paper are at https://droliven.github.io/HarmoHOI_project.

CCS Concepts: • Computing methodologies→ Computer vision.

Additional Key Words and Phrases: Video Diffusion Model, Hand-Object
Interaction, Multi-view Synthesis, Geometry-aware Generation

1 Introduction
The synthesis of hand-object interaction (HOI) holds significant
value for animation production [Xu et al. 2024a] and embodied
dexterous manipulation [Bharadhwaj et al. 2025; Luo et al. 2025;
Qin et al. 2022]. Unlike general video generation, HOI involves
fine-grained hand movements, frequent extreme self- and mutual
occlusions, and complex local deformations [Dang et al. 2025; Li et al.
2023; Pang et al. 2025a; Xue et al. 2025; Zhang et al. 2025c]. These
characteristics make the generation of kinematically plausible and
multi-view consistent HOIs a highly challenging problem. Recently,
large-scale video foundation models [Brooks et al. 2024; Kong et al.
2024; Ma et al. 2025; Peng et al. 2025;Wan et al. 2025; Yang et al. 2025]
have demonstrated powerful visual priors alongside a certain degree
of 3D and physical consistency, offering new technical possibilities
for HOI generation. However, effectively leveraging these video
foundation models to generate synchronized multi-view HOI videos
while simultaneously obtaining coherent 3D geometry and motion
remains an under-explored open problem.

Existing research adapting video models for novel-view or multi-
view generation generally falls into three categories. The first cate-
gory focuses on camera-controlled novel-view video generation (e.g.,
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Uni3C [Cao et al. 2025], DaS [Gu et al. 2025], and MV-Custom [Shin
et al. 2026]). These methods are essentially single-trajectory genera-
tive rendering tasks: the models only need to generate a single video
along a specified camera path without explicitly verifying whether
the same dynamic scene remains geometrically consistent when ob-
served from other viewpoints at the same time. Consequently, they
are not naturally designed to guarantee globally consistent multi-
view generation in HOI scenarios. The second category of works
(e.g., SV4D 2.0 [Yao et al. 2025], MV-Performer [Zhi et al. 2025])
attempts to reconstruct multi-view videos from monocular inputs.
These are fundamentally generative reconstruction tasks, where
temporal dynamics and 3D spatial information are entirely mined
from the source video. In contrast, our generation of multi-view
HOI processes solely from a single reference image demands signif-
icantly higher generative capacity and entails greater uncertainty.
A third line of research directly explores synchronized multi-view
video generation (e.g., SynCamMaster [Bai et al. 2025c], CAT4D [Wu
et al. 2025]), demonstrating the potential of diffusion models to be
adapted intomulti-view consistent generators. However, thesemeth-
ods primarily focus on data-driven multi-view visual appearance
synchronization. Lacking explicit 3D geometry and motion model-
ing, they are ill-equipped to handle the fine-grained motions and
complex occlusions inherent in HOI scenarios (See Supp. Sec. A
and Tab. 5).

Our core insight is that 2D videos are merely projective snapshots
of the 3D physical world: the true key to enabling synchronized
multi-view consistency resides in globally aligned 3D geometry
and motion awareness. Based on this, we propose HarmoHOI, the
first multi-view HOI synthesis framework that harmonizes visual
appearance and globally aligned 3D motion within a joint diffusion
pipeline. Unlike methods that treat 3D signals as external control
conditions [Cao et al. 2025; Gu et al. 2025] or rely on post-hoc video
reconstruction [Yao et al. 2025; Zhi et al. 2025], HarmoHOI simul-
taneously models the consistency between 2D visual appearance
and 3D motion, and learns the synchronization of multi-view epipo-
lar geometry during the diffusion generation process. This allows
2D appearance and 3D motion to mutually enhance and co-evolve
within a unified generative pipeline.

Specifically, HarmoHOI comprises two key networks. The first
is a Mixture of Multi-view Diffusion Transformer (𝑀2DiT), which
builds upon a pre-trained video DiT to construct a dual 2D video
and 3D motion joint diffusion model. By incorporating camera con-
dition embeddings, intra-view spatio-temporal modeling, inter-view
geometric attention, and bidirectional mutual modulation, it syn-
chronously generates multi-view consistent HOI videos and 3D
motions. Notably, we choose point tracks as the 3D motion repre-
sentation. Compared to 2D optical flow [Chefer et al. 2025] or 3D
keypoints [Dang et al. 2025], point tracks preserve both cross-frame
correspondences and 3D geometric information, providing a com-
pact representation that maintains temporal stability and enables
robust 3D perception. To make this representation compatible with
video foundation models, we normalize and color-map the depth
information into “motion pseudo videos”, which can be seamlessly
encoded by a motion VAE with the same architecture as the vanilla
video VAE into a latent space aligned with RGB videos, allowing
HarmoHOI to reuse the representational and generative priors of

pretrained video models without training a completely separate
motion backbone from scratch.

The second key network is the Global Motion Aligning Diffusion
(GloMAD). To transform coarse, up-to-scale multi-view 3D point
tracks from𝑀2DiT into globally aligned metric-scale 3D motions,
we introduce a scale regressionmechanism and refine themulti-view
trajectories through inter-view geometric attention in a generative
diffusion process. Benefiting from the shared diffusion pipeline
between 𝑀2DiT and GloMAD, we construct an on-the-fly closed-
loop feedback mechanism, enabling the mutual promotion of 2D
appearance and 3D motion.

Given the extreme scarcity of synchronized multi-view HOI data,
we adopt a hybrid-data progressive curriculum learning strategy.
The model is first warmed up on more readily available single-view
human-object interaction videos and their pseudo-geometric anno-
tations to learn generic appearance and motion priors. Subsequently,
synchronized multi-view videos and geometric data are gradually
introduced to learn multi-view epipolar geometric consistency. This
training strategy not only preserves the visual generalization capa-
bilities that the video foundation model acquired from large-scale
data but also ensures the stable injection of multi-view geomet-
ric consistency. Experimental results demonstrate that HarmoHOI
achieves state-of-the-art performance across multi-view video qual-
ity, motion plausibility, and geometric consistency.

In summary, our contributions are threefold:

• The first synchronized multi-view joint diffusion framework
for HOI video and motion synthesis, achieving high visual
quality, motion plausibility, and cross-view consistency.

• We integrate a Mixture of Multi-view DiT (𝑀2DiT) for joint
appearance-motionmodeling with a Global Motion Aligning
Diffusion (GloMAD) for 3D trajectory refinement, creating
a closed-loop mutual enhancement.

• A hybrid data and progressive curriculum training strategy,
enabling themodel to learnmulti-view geometry andmotion
consistency while maintaining robust visual generalization.

2 Related Work
Novel-view and multi-view video synthesis has three main
paradigms: camera-controlled single-trajectory novel-view render-
ing, multi-view generative reconstruction from monocular inputs,
and direct synchronized multi-view video generation. The first par-
adigm receives the most attention. ReCamMaster [Bai et al. 2025b],
Plenoptic VGen [Fu et al. 2026] and MV-Custom [Shin et al. 2026]
directly generate novel-view videos in a data-driven manner. Other
methods [Bian et al. 2025; Cao et al. 2025; Gu et al. 2025; Jeong et al.
2025; Liu et al. 2025a; Ren et al. 2025; Shao et al. 2024, 2025; Yang
et al. 2026; YU et al. 2025; Yu et al. 2025; Zhang et al. 2026] adopt a
reconstruction-warping-inpainting pipeline with explicit 3D repre-
sentations. However, limited by single-trajectory generation, they
fail to guarantee multi-view consistency. The second paradigm per-
forms multi-view generative reconstruction from monocular inputs.
SV4D 2.0 [Yao et al. 2025] is data-driven, while MV-Performer [Zhi
et al. 2025] uses source-view point clouds and normals for geomet-
ric guidance. These approaches are ill-posed, as they extract multi-
view 3D information from a single video. The third paradigm [Bai
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et al. 2025c; Wu et al. 2025] aims at direct, one-shot synchronized
multi-view video generation. Despite efficiency, these methods lack
explicit 3D geometric awareness, often producing implausible re-
sults. In contrast, our method simultaneously generates multi-view
synchronized human-object interactions (HOI) and enhances phys-
ical plausibility via joint diffusion of 2D videos and 3D motions,
overcoming the key limitations of the aforementioned paradigms.

HOI Video models. Recent video foundation models [Kong et al.
2024; Seedance et al. 2026; Wan et al. 2025; Yang et al. 2025] have
advanced HOI video generation. Some approaches [Hu 2024; Xu
et al. 2024a; Zhu et al. 2024] extend UNets with pose guides and
appearance networks for pose-controlled synthesis, but their tempo-
ral modeling often causes flickering and requires pre-defined pose
sequences. More recent works [Chefer et al. 2025; Dang et al. 2025;
Zhen et al. 2025] leverage Diffusion Transformers (DiT) [Esser et al.
2024] for video–motion co-generation to improve physical plausi-
bility. Yet motion representation remains challenging: VideoJam
relies on 2D optical flow without explicit 3D awareness, SViMo
uses sparse keypoints with limited precision, and TesserAct em-
ploys pixel-aligned depth that lacks inter-frame smoothness, while
UniMo [Pang et al. 2025b] jointly models video and 3D motion au-
toregressively yet remains single-view and human-only. In contrast,
our multi-view joint diffusion simultaneously generates 2D videos
and metric depth tracks, achieving both 3D awareness and temporal
stability.
3D HOI reconstruction and generation primarily relies on

high-precision 3D motion capture data [Chao et al. 2021; Fan et al.
2023; Fu et al. 2025; Liu et al. 2025b, 2022, 2024b, 2025d; Taheri et al.
2020; Xu et al. 2025b; Yang et al. 2022; Zhan et al. 2024; Zhang et al.
2022]. 3D HOI reconstruction outputs hand MANO [Romero et al.
2017] and object meshes, where EasyHOI [Liu et al. 2025c] and
Follow My Hold [Aytekin et al. 2026] take a single image as input,
while HOLD [Fan et al. 2024] and MagicHOI [Wang et al. 2025] take
a monocular video as input. In contrast, our method takes a single
image as input and outputs overall dense 3D points. As for 3D HOI
generation, some works [Cha et al. 2024; Diller and Dai 2024; Kulka-
rni et al. 2024; Lee et al. 2024; Li et al. 2024a,b; Liu et al. 2024a; Liu
and Yi 2024; Zhang et al. 2025c] enhance kinematic plausibility by
predicting intermediate contact maps or affordances. Others [Braun
et al. 2024; Luo et al. 2024; Wang et al. 2023; Xu et al. 2025c, 2024b]
integrate complex physics simulators to improve dynamic realism.
However, the limited dataset scale and diversity constrain their gen-
eralization. A few approaches [Zhang et al. 2025a,b] leverage seman-
tic knowledge from multimodal vision-language models (VLMs) to
boost HOI generalization, but their multi-stage pipelines are prone
to error accumulation.

3 Method

3.1 Preliminary: Basic Video Foundation Model
Our framework is built upon a pre-trained foundation model for
text-to-video generation. It comprises two key components: a spatio-
temporal variational autoencoder (VAE) [Kingma and Welling 2014]
that compresses the original video 𝑽 into a more compact latent
space 𝒛, and a Diffusion Transformer (DiT) [Peebles and Xie 2023]
based video generator to synthesize video latents 𝒛̂. Each DiT block

incorporates sequential temporal modulation and self-attention
among visual tokens, cross-attention between textual and visual
tokens, and a feedforward MLP layer. The model employs the Rec-
tified Flow framework [Esser et al. 2024] for noise scheduling and
denoising operations. During training, given clean video latents
𝒛0, Gaussian noise 𝒛1 ∈ N (0, 𝑰 ), and a random timestep 𝑡 ∈ [0, 1],
intermediate noisy latents 𝒛𝑡 are constructed through linear inter-
polation 𝒛𝑡 = (1 − 𝑡) · 𝒛0 + 𝑡 · 𝒛1. The corresponding ground-truth
velocity 𝒗𝑡 is defined as: 𝒗𝑡 = d𝒛𝑡/d𝑡 = 𝒛1 − 𝒛0. The model param-
eterized 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 iterative
denoising:

𝒛𝑡−1 = 𝒛𝑡 + Δ𝑡 · 𝒗̂Θ (𝒛𝑡 , 𝒄, 𝑡) . (2)

3.2 Framework Overview
Given a single reference image 𝑰 ref ∈ R𝐻×𝑊 ×3, multi-view target
camera poses 𝚷 = {𝝅 𝑣}𝑉𝑣=1, and a textual prompt 𝑷 , we aim to
synthesize synchronized multi-view hand-object interaction (HOI)
videos 𝑽 ∈ R𝑉 ×𝑇×𝐻×𝑊 ×3 along with the corresponding motion se-
quences represented as metric-scale 3D point tracks𝑴 ∈ R𝑉 ×𝑇×𝐾×3,
where𝑉 ,𝑇 ,𝐻 ,𝑊 , and𝐾 denote the number of viewpoints, temporal
frames, height, width, and 3D points, respectively.
To this end, we propose HarmoHOI, an end-to-end multi-view

HOI generation framework (Fig. 2), whose core consists of two com-
ponents: (1)𝑀2DiT jointly generates multi-view RGB and pseudo
videos with global metric scales (Sec. 3.3), and (2) GloMAD refines
the resulting coarse point tracks into globally synchronized 3D tra-
jectories (Sec. 3.4), forming a mutual enhancement cycle (Sec. 3.5).
A hybrid-data progressive curriculum strategy (Sec. 3.6) further
enables seamless transition from single-view priors to multi-view
epipolar consistency modeling.

3.3 Mixture of Multi-view Diffusion Transformer
Neither training a 3D point track generative model from scratch nor
directly fine-tuning a pretrained video foundation model for motion
generation via supervised learning is practical: the former demands
massive scaling of 3D motion data to achieve generalization, while
the latter suffers from training collapse due to the inherent 2D-3D
domain gap. Our strategy is to convert the 3D point track represen-
tation into pseudo videos and reuse the video generation model as
the backbone for motion generation. This design enables the model
to leverage the visual priors of the pretrained video foundation
model from the very beginning of training and to progressively
adapt to the characteristics of motion generation, thereby yielding
more stable training and robust generalization. Most importantly,
it allows the 2D and 3D modalities to share a similar latent space,
facilitating consistency learning. Consequently, the𝑀2DiT learns to
generate multi-view RGB videos 𝑽̂ , pseudo videos of 3D point tracks
𝑴̂𝑠𝑣 , along with the global metric scale 𝒔. A detailed description is
provided below.
Data Representation and Embedding. Given a source refer-

ence image 𝑰 ref, optional depth 𝑫ref and camera parameters 𝚷ref
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Fig. 2. Our HarmoHOI framework comprises two key components: First, the Mixture of Multi-view Diffusion Transformer (𝑀2DiT) generates synchronized
multi-view RGB videos, intermediate motion pseudo videos, and global metric scales (Sec. 3.3). Second, the Global Motion Aligning Diffusion (GloMAD) takes
the resulting coarse 3D point tracks as a conditioning signal to reconstruct globally aligned point track sequences (Sec. 3.4). Furthermore,𝑀2DiT and GloMAD
form a closed-loop mutual enhancement cycle during iterative denoising (See Sec. 3.5).

(estimated via Depth Anything 3 [Lin et al. 2026] when unavail-
able in training data), and multi-view target camera poses 𝚷, we
apply depth-aware epipolar rendering to warp the reference im-
age to the target viewpoints, yielding multi-view rendered images
𝑰 ∈ R𝑉 ×𝐻×𝑊 ×3. Concurrently, we unproject the source depth and
reproject it into each target camera coordinate system to yield multi-
view rendered depth 𝑫 ∈ R𝑉 ×𝐻×𝑊 , then normalize and colormap
the depth into pseudo images 𝑰 pseudo ∈ R𝑉 ×𝐻×𝑊 ×3. The rendered
RGB images 𝑰 and pseudo images 𝑰 pseudo are then served as the
condition for the text-and-image-to-video generation model𝑀2DiT.
The details are summarized in Alg. 1.

Themulti-view rendered RGB images 𝑰 and pseudo images 𝑰 pseudo
are encoded by the video VAE into a latent representation and then
tokenized into image tokens 𝒇 𝐼 ,𝒇 𝐼−pseudo ∈ R𝑉 ×ℎ×𝑤×𝑑 . In paral-
lel, Plücker ray maps are embedded into camera tokens 𝒇 cam ∈
R𝑉 ×ℎ×𝑤×𝑑 via a convolutional camera tokenizer. Textual prompts 𝑷
are encoded by the frozen Google umT5 model [Chung et al. 2023]
and projected to obtain 𝒇 text ∈ R𝑝×𝑑 . The RGB video 𝑽 and the
motion pseudo video𝑴𝑠𝑣 are encoded into latent codes 𝒛𝑉 and 𝒛𝑀𝑠𝑣

respectively. By applying the forward diffusion process (Sec. 3.1), we
obtain noisy latents 𝒛𝑉𝑡 and 𝒛𝑀𝑠𝑣

𝑡 , which are subsequently tokenized
into video tokens 𝒇𝑉 and motion tokens 𝒇𝑀𝑠𝑣

∈ R𝑉 ×𝑡×ℎ×𝑤×𝑑 , where
𝑡 , ℎ, and𝑤 denote the temporal and spatial resolution, respectively.
Finally, the full hidden states for the video branch 𝒇𝐵𝑉 and motion
branch 𝒇𝐵𝑀 are obtained by concatenating 𝒇 𝐼 and 𝒇 cam with 𝒇𝑉 , and

Algorithm 1 Depth-aware epipolar rendering for multi-view con-
dition preparation.
Input: Reference image 𝑰 ref, optional depth 𝑫ref and camera𝚷ref =

{𝑹ref;𝑻 ref}, target poses 𝚷 = {𝝅 𝑣 = {𝑹𝑣 ;𝑻 𝑣}}𝑉𝑣=1, intrinsics 𝑲 .
Output: Multi-view rendered RGB images 𝑰 , pseudo images 𝑰 pseudo,

and relative Plücker ray maps 𝚷rel-plk.
1: 𝑷 cam

ref = Unproject(𝑫ref,𝑲 ) ⊲ 3D points in ref. camera
2: 𝒙𝒚ref = Project(𝑷 cam

ref ,𝑲 ) ⊲ Pixels in 𝑰 ref
3: 𝑷world

ref = (𝑷 cam
ref − 𝑻

T
ref)𝑹ref ⊲ Lift to world coordinates

4: for 𝑣 = 1, · · · ,𝑉 do
5: 𝑷 cam

𝑣 = 𝑷world
ref 𝑹T

𝑣 + 𝑻T
𝑣 ⊲ Reproject to target camera

6: 𝒙𝒚𝑣 = Project(𝑷 cam
𝑣 ,𝑲 ) ⊲ Project to 2D image plane

7: 𝑰 𝑣 [𝒙𝒚𝑣] = 𝑰 ref [𝒙𝒚ref] ⊲ Render RGB via depth warping
8: 𝑫𝑣 = Depth(𝑷 cam

𝑣 ) ⊲ Multi-view rendered depth
9: 𝑫norm

𝑣 = 1 −MinMaxNorm(𝑫𝑣) ⊲ Normalize and reverse
10: 𝑰 𝑣pseudo [𝒙𝒚𝑣] = Colormap(𝑫norm

𝑣 ) × 255 ⊲ Pseudo image
11: 𝝅 rel

𝑣 = RelativePose(𝝅 𝑣,𝚷ref) ⊲ Convert to relative pose
12: 𝝅

rel-plk
𝑣 = ToPlücker(𝝅 rel

𝑣 ) ⊲ Compute Plücker ray map
13: end for
14: return (𝑰 , 𝑰 pseudo,𝚷rel-plk) = {𝑰 𝑣, 𝑰 𝑣pseudo, 𝝅

rel-plk
𝑣 }𝑉

𝑣=1

by concatenating 𝒇 𝐼−pseudo and 𝒇 cam with 𝒇𝑀𝑠𝑣
, respectively, along

the temporal dimension.
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Mixture ofMulti-viewDiffusionBlocks.Weextend the vanilla
single-view video DiT blocks into a dual-branch architecture by
incorporating inter-view geometric attention modules to capture
multi-view correspondence and bidirectional modulation modules
for 2D-3D consistency. Each DiT block consists of sequential intra-
view spatiotemporal attention, inter-view geometric attention, cross-
branch modulation, text-conditioned cross-attention, and feedfor-
ward multi-layer perceptron modules. Notably, the motion pseudo
video undergoes normalization and consequently loses its scale in-
formation. To recover this scale, we introduce learnable scale tokens
𝒇 𝑠 that regress the global metric scale, a quantity crucial for com-
puting globally aligned 3D trajectories. The operations within each
DiT block are formalized as Eq. 3:

𝒇 ′𝐵𝑉 = 𝒇𝐵𝑉 + GAttn𝑉
(
STAttn𝑉 (𝒇 𝐼 ,𝒇 cam,𝒇𝑉 ,𝒇 𝑠 )

)
,

𝒇 ′𝐵𝑀 = 𝒇𝐵𝑀 + GAttn𝑀
(
STAttn𝑀 (𝒇 𝐼−pse.,𝒇 cam,𝒇𝑀𝑠𝑣

,𝒇 𝑠 )
)
,

𝒇 ′𝐵𝑉 +=Mod𝑀2𝑉

(
𝒇 ′𝐵𝑀

)
, 𝒇 ′𝐵𝑀 +=Mod𝑉 2𝑀

(
𝒇 ′𝐵𝑉

)
,

𝒇 ′′𝐵 ( ·) = 𝒇 ′𝐵 ( ·) + FFD( ·)
(
CrossAttn( ·) (𝒇 ′𝐵 ( ·) ,𝒇 text)

)
,

(3)

where “+=” denotes the residual connection. Specifically, for inter-
view geometric attention, features are permuted and reshaped into
[𝐵𝑉 , (2 + 𝑡) ℎ𝑤,𝑑] to enable cross-view token interactions at each
timestep, whereas for intra-view spatiotemporal attention, they are
reshaped into [𝐵𝑡, (3 +𝑉 ) ℎ𝑤,𝑑] to capture intra-view dependen-
cies across frames.
Training Objectives. The output video, motion, and scale fea-

tures from the final DiT block are decoded to yield the multi-view
video latent velocity 𝒗̂𝑉 , the motion pseudo video latent velocity
𝒗̂𝑀𝑠𝑣 , and the global metric scale 𝒔. Thus, the 𝑀2DiT is optimized
with the following objective:

L𝑀2DiT = E
[
∥𝒗̂𝑉 − 𝒗𝑉 ∥22 + ∥𝒗̂𝑀𝑠𝑣 − 𝒗𝑀𝑠𝑣 ∥22 + ∥𝒔 − 𝒔∥22

]
, (4)

where 𝒗𝑉 and 𝒗𝑀𝑠𝑣 are the ground-truth velocities derived in Sec. 3.1.

3.4 Global Motion Aligning Diffusion
Using the intermediate motion pseudo video 𝑴̂𝑠𝑣 and the estimated
global depth scale 𝒔, we obtain coarse 3D point tracks 𝑴̂coarse by
reversing Alg. 1, i.e., through color demapping, denormalization,
and unprojection. In practice, however, the resulting 3D trajectories
can be inaccurate due to the pixel-wise optimization paradigm. To
address this, GloMAD reframes the task as conditional generation:
it takes 𝑴̂coarse as input and produces globally aligned 3D point
sequences 𝑴̂ . Specifically, GloMAD stacks multiple layers of intra-
view temporal attention, camera-conditioned inter-view geometric
attention, and feedforward modules, mainly built upon the sparse
convolutions of Point Transformer V3 [Wu et al. 2024]. GloMAD is
optimized with the following loss function:{

𝒗̂𝑀 = GGloMAD
[
𝑴𝑡 , 𝑴̂coarse, 𝑡

]
, 𝑴̂ =𝑴𝑡 − 𝑡 · 𝒗̂𝑀 ,

LGloMAD = E
[
MSE(𝒗̂𝑀 , 𝒗𝑀 ) + Dchamfer (𝑴̂,𝑴)

]
.

(5)

3.5 Close-loop Mutual Enhancement Cycle
Inspired by SViMo [Dang et al. 2025] and owing to the similar
diffusion pipeline between 𝑀2DiT and GloMAD, we establish a

closed-loop feedback where𝑀2DiT’s outputs serve as a coarse mo-
tion condition for GloMAD, while GloMAD’s globally aligned points
are projected and normalized into a motion pseudo video to guide
the next-step denoising of𝑀2DiT, as summarized in Alg. 2.

Algorithm 2 Inference process of HarmoHOI.
Input: Text prompt 𝑷 , reference image 𝑰 ref, camera poses 𝚷, VAE
E-D, trained 𝑀2DiT G𝑀2DiT and GloMAD GGloMAD, average
depth scale 𝒔.

Output: Multi-view HOI video 𝑽 and 3D point tracks 𝑴 .
1: (𝑰 , 𝑰 pseudo,𝚷rel-plk) ← Alg. 1(𝑰 ref,𝚷) ⊲ Multi-view conditions
2: 𝒄 = {E(𝑰 ), E(𝑰 pseudo),𝚷rel-plk, 𝑷 } ⊲ Condition set
3: 𝒛𝑉

𝑇
∼N(0, 𝑰 ), 𝒛𝑀𝑠𝑣

𝑇
∼N(0, 𝑰 ), 𝑴𝑇 ∼N(0, 𝑰 )

4: 𝒔 ← 𝒔
5: for 𝑡 =𝑇, · · · , 1 do
6: 𝑴̃ = Gno-grad

GloMAD
(
𝑴𝑡 , Denorm&Unproj(D(𝒛𝑀𝑠𝑣

𝑡 ), 𝒔), 𝑡
)

7: 𝒛̃𝑀𝑠𝑣 = E
(
Proj&Norm(𝑴̃)

)
⊲ Feedback to𝑀2DiT

8: 𝒛𝑀𝑠𝑣
𝑡 ← 𝒛𝑀𝑠𝑣

𝑡 + 𝒛̃𝑀𝑠𝑣 ⊲ Inject motion guidance
9: (𝒗̂𝑉 , 𝒗̂𝑀𝑠𝑣 , 𝒔) = G𝑀2DiT (𝒛𝑉𝑡 , 𝒛

𝑀𝑠𝑣
𝑡 ; 𝒄, 𝑡)

10: 𝒛𝑉
𝑡−1 = 𝒛𝑉𝑡 + Δ𝑡 · 𝒗̂𝑉 , 𝒛

𝑀𝑠𝑣

𝑡−1 = 𝒛𝑀𝑠𝑣
𝑡 + Δ𝑡 · 𝒗̂𝑀𝑠𝑣 ⊲ Sec. 3.1

11: 𝑴̂coarse = Denorm&Unproj
(
D(𝒛𝑀𝑠𝑣

𝑡−1 ), 𝒔
)

12: 𝑴̂ = GGloMAD
[
𝑴𝑡 , 𝑴̂coarse, 𝑡

]
⊲ Eq. 5

13: 𝑴𝑡−1 ← 𝑴̂ , 𝒔 ← 𝒔
14: end for
15: 𝑽 =D(𝒛𝑉0 ), 𝑴 ← 𝑴0
16: return 𝑽 , 𝑴

3.6 Hybrid-data Progressive Curriculum Learning
High-quality 3D hand-object interaction (HOI) datasets captured
in laboratory settings are increasingly available [Chao et al. 2021;
Zhan et al. 2024], yet their scale remains limited, especially for
data that simultaneously provides synchronized multi-view videos
and accurate 3D motion dynamics. By contrast, large-scale in-the-
wild HOI videos [Liu et al. 2025b], though lacking ground-truth
annotations, offer rich visual priors and diverse interaction scenarios.
To exploit these complementary data sources, we introduce a hybrid-
data progressive curriculum learning strategy, as shown in Fig. 3.
The training proceeds in three stages with gradually increasing

geometric fidelity and multi-view consistency. We first use in-the-
wild single-view HOI videos, together with depth maps estimated
by a 3D foundation model [Lin et al. 2026], to learn the basic corre-
spondence between visual appearance and geometric motion. We
then adopt synchronized multi-view videos rendered by Unreal En-
gine 5 to strengthen cross-view appearance consistency. Finally, we
train on high-fidelity laboratory-captured multi-view videos with
3D motion annotations, enabling unified learning of multi-view ap-
pearance and geometry. This curriculum preserves the visual priors
of pretrained video foundation models while progressively injecting
multi-view geometric awareness, leading to more stable training
and improved generalization to unseen interaction scenarios.
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Fig. 3. Hybrid-data progressive curriculum learning. HarmoHOI
is trained progressively from single-view geometry-aware learning, to
multi-view appearance synchronization, and finally to unified multi-view
appearance-geometry learning, thereby preserving pretrained visual priors
while gradually injecting multi-view geometric consistency.

4 Experiments

4.1 Settings
Datasets. Our three-stage hybrid-data pipeline leverages three
datasets: HOIGen1M, SynCamVideo, and TACO, as detailed in Tab. 1.
TheHOIGen1M dataset [Liu et al. 2025b] contains over 1M single-
view video clips for HOI video generation, covering diverse inter-
action types, over 15K objects, over 7K interaction categories, and
expressive captions. We estimate depth maps and camera poses for
these videos using Depth Anything 3 [Lin et al. 2026]. The Syn-
CamVideo dataset [Bai et al. 2025c] provides 3.4K distinct dynamic
scenes captured by 10 cameras each, yielding 34K videos synthe-
sized from 37 high-quality 3D environment assets, 66 human 3D
models, and 93 animations in Unreal Engine 5. We extract video
captions using Qwen 3 [Bai et al. 2025a]. Finally, the TACO [Liu
et al. 2024b] is among the few public HOI datasets that provide both
multi-view videos (12 viewpoints) and high-quality 3D models with
accurate poses, comprising over 25K clips. Each interaction follows
a tool-action-target triplet structure, covering 20 physical categories
(196 instances), 15 action types, and 14 participants. For evaluation,
specific objects (e.g., hammer) and actions (e.g., measure) are held
out as a generalization test set, with the remaining data split 9:1
into training and validation sets.

Table 1. Hybrid-data Curriculum. Four progressive stages establish image-
to-video generation, appearance-geometry correspondence, epipolar consis-
tency, and multi-view HOI synchronization.

Stage Data Steps Architecture

Warm-up 10% HOIGen1M 5K Wan backbone
Stage 1 All HOIGen1M 10K + Dual-branch MoT
Stage 2 40% HOIGen1M + all SynCamVid. 10K + Inter-view Geo-Attn.
Stage 3 10% HOIGen1M + 20% SynCamVid. + TACO 30K HarmoHOI

Metrics. Our method simultaneously generates synchronized
multi-view videos and 3D motions. We evaluate video quality based

on single-view fidelity and multi-view consistency. For the for-
mer, we adopt Subject Consistency and Dynamic Degree from
VBench [Huang et al. 2024] to assess temporal stability and dynamic
quality. Multi-view consistency is measured following SynCamMas-
ter [Bai et al. 2025c] using Matching Pixels (via GIM [Shen et al.
2024]) to quantify pixel alignment and CLIP-Views to evaluate se-
mantic similarity across viewpoints. For motion evaluation, we con-
sider two lenses: accuracy and plausibility. Accuracy metrics include
Chamfer Distance and Motion Smoothness to evaluate geometric
fidelity and temporal coherence. Additionally, following Geome-
tryCrafter [Xu et al. 2025a], we use Relative Point Error (RPE) and
Percentage of Inliers (PI) to assess point track precision. Multi-view
motion consistency is evaluated by applying these same metrics
after cross-view reprojection. For motion plausibility evaluation, we
compute penetration rate and non-contact rate.

4.2 Implementation Details.
Our proposedHarmoHOI extends the pre-trained text-to-video foun-
dation model WAN 2.1-1.3B-T2V [Wan et al. 2025] to simultaneously
generate multi-view synchronized HOI videos and 3D motions from
6 viewpoints. The video resolution is 49 × 256 × 384. Our model
was trained on 8 NVIDIA A100 GPUs (Refer to Supp. Sec. B).

4.3 Comparison with Baselines
Baselines. For video generation quality evaluation, we compare
against single-view video generation models, i.e., WAN 2.1 [Wan
et al. 2025] and SViMo [Dang et al. 2025], by generating multi-
view videos one by one using reference frames from six different
viewpoints. We also compare with representative methods from
three major categories of novel-view or multi-view video generation,
as discussed in Sec. 1, Supp. Sec. A and Tab. 5. The first category
is camera-controlled single-trajectory novel-view rendering, such
as DaS [Gu et al. 2025]. For this approach, we input a reference
video and a target trajectory to generate a video for that specific
viewpoint. We repeat this process one by one to generate videos for
five viewpoints. The second category is generative reconstruction
from monocular video, exemplified by SV4D 2.0 [Yao et al. 2025].
We input a reference video from one viewpoint together with multi-
view reference images, and generate videos for five viewpoints
simultaneously. The third category is synchronizedmulti-view video
generation, represented by SynCamMaster [Bai et al. 2025c]. In this
case, we input a single reference image and camera parameters for
multiple target viewpoints, and generate videos for six viewpoints
at the same time. For a fair comparison, we fine-tuned all the above
baselines on our data using their open-source code.
For 3D motion evaluation, since most existing methods [Jiang

et al. 2025; Lin et al. 2026; Xu et al. 2025a; Yuan et al. 2025] are
designed for video input to reconstruct the corresponding 3D geom-
etry, and almost no existing method directly generates 3D sequences
from a reference image, we compare our image-to-3D generation
model with representative single-view video-to-3D reconstruction
approaches, i.e., Geo4D [Jiang et al. 2025], GeometryCrafter [Xu
et al. 2025a] and Depth Anything 3 [Lin et al. 2026]. It should be
noted that these methods estimate 3D points one viewpoint at a
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Fig. 4. Visualization of the generated multi-view videos from different methods. Red boxes indicate issues of distortion, object deformation, or multi-view
inconsistencies.

Fig. 5. Visualization of multi-view 3D points. Baseline methods exhibit
significant misalignment (layer-wise offsets).

time, resulting in misalignment issues (layer-wise offsets). There-
fore, we post-processed and aligned the multi-view 3D points using
the Iterative Closest Point (ICP) algorithm. In contrast, our method
directly yields globally aligned 3D point tracks and requires no such
transformation.
Qualitative and Quantitative Comparison. The comparison

results on video generation quality are presented in Tab. 2 and Fig. 4.
Our method achieves the best multi-view consistency. However, a
single metric provides only a partial view, so multiple metrics and
visual demonstrations should be considered together. In particular,

WAN 2.1 [Wan et al. 2025] obtains the lowest subject consistency
score because its generated videos exhibit severe distortion and
poor plausibility. For DaS [Gu et al. 2025], a novel view generation
method, it achieves the second highest object consistency score. Yet
the visual demo shows that this is actually due to its weak camera
control, whichmakes the generated novel views similar to the source
view video in most cases. Among multi-view generation methods,
SV4D 2.0 [Yao et al. 2025] achieves the highest dynamic degree score,
partly because it uses both the source view video and multi-view
reference frames as input. SynCamMaster [Bai et al. 2025c] employs
implicit camera control without explicit 3D or multi-view visual
signals, resulting in relatively weak multi-view consistency.

Table 2. Comparison of video quality. The best and second best results are
highlighted with bold and underlined fonts. Note that “SV”, “NV” and “MV”
means single view, novel view and multi-view, respectively.

Method View
Single-view Multi-view

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

WAN 2.1 SV 0.5408 0.9785 246.3 71.84
SViMo 0.8872 0.9634 383.2 82.45

DaS NV 0.9151 0.9713 484.7 83.01

SV4D 2.0
MV

0.8024 0.9931 446.8 81.33
SynCamMaster 0.8657 0.8592 410.4 78.97

Ours 0.9342 0.9846 535.8 83.18

For 3D motion generation, as shown in Table 3 and Fig. 5, our
method demonstrates superior performance both quantitatively
and qualitatively, whereas the baselines exhibit obvious multi-view
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inconsistencies (layer-wise offset issue). These gains stem from
our method’s joint generation of multi-view consistent points, in
contrast to the baseline methods that suffer from inherent inconsis-
tencies due to their per-view video reconstruction.

Table 3. Quantitative Comparison of 3D Motions. Best in Bold.

Method
Accuracy (SV) Accuracy (MV) Plaussibility

Chamf. Smoo. RPE PI RPE PI Penetr. Non-cont.

Geo4D 0.0352 0.8523 21.9 64.8 79.7 2.89 0.1275 0.19
GeoCrafter 0.0315 0.8778 18.4 78.5 68.2 5.64 0.1064 0.15

DA 3 0.0241 0.9251 16.7 87.4 61.9 11.05 0.0847 0.16
Ours 0.0097 0.9523 14.8 98.6 34.7 34.24 0.0571 0.12

Generalization. As described in our dataset protocol, specific
objects and actions are held out from TACO for task-level gen-
eralization evaluation. Qualitative results on these unseen TACO
interactions and in-the-wild inputs are shown in Figs. 6, 7 and 8,
with further examples in the supplementary video. To assess cross-
dataset robustness, we further evaluate on a mixed unseen-OOD set
of 90 cases sampled from TACO [Liu et al. 2024b], DexYCB [Chao
et al. 2021], and OakInk2 [Zhan et al. 2024]. On this set, HarmoHOI
achieves multi-view Matching Pixels of 527.3 and multi-view RPE of
37.1, remaining close to the TACO test-set scores of 535.8 and 34.7
(Tabs. 2 and 3), indicating robust out-of-distribution generalization.

Fig. 6. Results demonstrating generalization to the UNSEEN HOI task “use
hammer to hit the gun”.

Failure Modes. While HarmoHOI generalizes well in many set-
tings, residual failures still reflect the coverage of paired multi-view
training data. Single-view generation handles diverse in-the-wild
cases well, benefiting from HOIGen1M and Depth Anything 3 [Lin
et al. 2026] (Fig. 7 and the supplementary video). Multi-view gener-
ation can degrade under large distribution shifts, since only stage 3
TACO provides paired videos and ground-truth 3Dmotion. A typical
artifact is the layer-wise offset among cross-view 3D point tracks,
caused by errors in multi-view metric-scale estimation—also seen in
advanced feed-forward reconstructors such as Depth Anything 3.

4.4 Ablation Study
We conduct ablation studies to evaluate each component. Adapt-
ing HarmoHOI to a single-view generation framework severely

Fig. 7. In the wild single-view generalization demonstration. From top to
bottom are the generated 2D videos, motion pseudo-video, and 3D point
tracks. The text prompts are at the bottom.

Fig. 8. Results of in-the-wild multi-view generalization for the HOI task
“slicing red chilies”.

Table 4. Ablation study on key components of HarmoHOI, including simul-
taneous multi-view generation (MV), video-motion joint diffusion (𝑀2DiT),
motion aligning diffusion (GloMAD), and the hybrid-data training.

MV 𝑀2DiT GloMAD Hybrid-Data Mat. Pix. (MV) RPE (MV)

✓ ✓ ✓ 335.1 73.8
✓ ✓ 438.4 -
✓ ✓ ✓ 503.7 47.6
✓ ✓ ✓ 522.5 38.4

Ours 535.8 34.6

degrades multi-view consistency and 3D motion quality (Tab. 4, row
1), as sequential viewpoint generation fails to maintain consistent
HOI patterns. Removing the video-motion joint diffusion leaves
a pure multi-view video model, which improves consistency over
the single-view setting but still underperforms HarmoHOI (row 2),
resulting in blurriness and deformation. Excluding the GloMAD
module and relying only on 𝑀2DiT to obtain 3D point tracks via
pseudo video denormalization and unprojection substantially re-
duces motion quality (row 3), since the video foundation model
lacks 3D motion training and the VAE introduces information loss.
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Finally, training solely on the TACO dataset without the three-stage
hybrid strategy slightly degrades both video and motion consistency
(penultimate row).

5 Conclusion
In this work, we present a method for synchronized multi-view
video and motion co-generation in hand-object interactions. By
combining a joint appearance-motion diffusion model with global
motion aligning diffusion, we ensure visual realism, plausible mo-
tion, and cross-view geometric consistency. A multi-stage hybrid-
data curriculum learning strategy further enhances generalization.
With only a reference image and a text instruction, the approach is
highly accessible and particularly effective under occlusions typical
of hand-object interaction.
Limitation. Paired multi-view HOI video and 3D motion data

remain scarce. Even TACO covers only 12 viewpoints, limiting both
distribution coverage and view density. A promising next step is
to collect or synthesize denser multi-view HOI data and train a
4D Gaussian representation for arbitrary-viewpoint rendering. We
believe our framework offers valuable insights for building physics-
aware video world models.
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A Discussion on Related Works
Although video generation models have achieved increasing suc-
cess in visual quality and dynamic plausibility, challenges remain in
generating fine-grained hand object interactions (HOI). We tested
state-of-the-art video models, including Seedance 2.0 [Seedance
et al. 2026] and WAN 2.7 [Wan et al. 2025], as shown in Figure 9.
Seedance 2.0 hallucinates a hammer that should not exist, indicating
its weak instruction following ability. WAN 2.7 produces unrea-
sonable distortion of the wooden material, showing weak object
shape consistency. These issues suggest that existing video gener-
ation models still have limitations when handling detail rich HOI
scenarios.

Fig. 9. HOI generation results of top-ranked video models. Red boxes indi-
cate hallucinations or distortion issues. See the video demonstration in the
Appendix for a more vivid demo.

Regardingmulti-view generation, we have briefly discussed differ-
ent types of related work on novel view and multi-view generation
in Sec. 1 and Sec. 2. We present qualitative and quantitative com-
parisons of the generation results from representative methods of
each category in Sec. 4. To offer a more intuitive visual comparison
of these approaches, we show their schematic sketches in Table 5
and provide a summary comparison of their properties in terms
of generative capacity, 3D modeling, and view consistency. This
comparison shows that our HarmoHOI, which takes only a single
reference image and multi-view target cameras as input, is capa-
ble of generating synchronized multi-view hand object interaction
videos and 3D motion sequences. It therefore constitutes a frame-
work that simultaneously satisfies high visual realism, 3D modeling
capability, and multi-view consistency.

B Additional Implementation Details.
Our HarmoHOI is built upon the open-source pretrained text-to-
video model WAN 2.1-1.3B-T2V [Wan et al. 2025]. The model con-
tains 30 DiT modules, each with 12 attention heads, where the

hidden dimension of each head is 128 and the total hidden dimen-
sion is 1536. The maximum text token length is set to 512. To re-
duce computational cost, we adopt a video resolution of 49 × 256
× 384. The VAE in WAN 2.1 uses spatiotemporal compression ra-
tios of (8 × 8 × 4), and its visual tokenizer further performs an
additional 2× downsampling. To recover global metric scales, we
introduce two learnable scale tokens. To extend the model to con-
ditional video generation with reference images and camera poses,
we concatenate the epipolar rendered reference image tokens and
the tokenized camera plücker map features with the video tokens
along the temporal dimension. The input of the intra-view Spa-
tiotemporal Attention module therefore consists of image tokens,
camera tokens, and video tokens, leading to a total token length
of (2 + (⌊49/4⌋ + 1)) × (256/16) × (384/16) = 5760. The input
of the inter-view Geometric Attention module consists of camera
tokens, scale tokens, and video tokens, resulting in a total token
length of (1 + 2 + 6) × (256/16) × (384/16) = 3456. Our Global Mo-
tion Aligning Diffusion, GloMAD, is built upon Point Transformer
V3 [Wu et al. 2024] with sparse convolution. During training, we
first warm up the WAN 2.1 foundation model for 5K steps using
10% of the HOIGen1M [Liu et al. 2025b] data under the text and
image conditioned video generation task. We then conduct full train-
ing following our hybrid-data multi-stage curriculum strategy. The
training is performed on 8 NVIDIA A100 80GB GPUs, and we adopt
memory optimization strategies including DeepSpeed ZeRO-3 [Ra-
jbhandari et al. 2020], gradient checkpointing, and mixed precision
training.
Computational Cost. Tab. 6 compares model size and peak

training memory under a unified setting (batch size 1, gradient ac-
cumulation steps 8). HarmoHOI uses 2.68B parameters and 42.3GB
VRAM, remaining competitive with multi-view baselines while be-
ing substantially lighter than SViMo [Dang et al. 2025] and DaS [Gu
et al. 2025].
Coverage of Depth-aware Rendering. For HOIGen1M [Liu

et al. 2025b], Depth Anything 3 [Lin et al. 2026] estimates full-image
depth from monocular videos; we deliberately avoid restricting
depth to segmented hand–object regions so as not to introduce
additional segmentation errors. For TACO [Liu et al. 2024b], depth
is rendered from ground-truth 3D meshes and poses. During in-the-
wild inference, the same full-image depth estimation is applied to
the reference image for depth-aware epipolar rendering (Alg. 1).

C Additional Evaluation Details
Physical Plausibility and Perceptual Evaluation. We assess
3D-motion plausibility following SViMo [Dang et al. 2025], using
SAM 3 to segment hand and object regions and reporting penetra-
tion and non-contact rates in Tab. 3. To further evaluate perceptual
preference, we conduct a user study on 10 motion cases with 37 valid
responses. As shown in Tab. 7, participants overwhelmingly prefer
HarmoHOI over Geo4D [Jiang et al. 2025], GeometryCrafter [Xu
et al. 2025a], and Depth Anything 3 [Lin et al. 2026]. For RGB videos,
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Table 5. Comparison of novel-view / multi-view video synthesis methods. In the schematics, dark orange and light orange denote mandatory and
optional inputs, respectively; green represents the generated visual content (video); and blue indicates the simultaneous generation of both visual content and
3D motion.

Category Camera-controlled
Novel-view Rendering

Generative Recon. from
Monocular Video

Sync. Multi-view Video
Generation

Sync. multi-view video and
3D motion generation

Schematic

Methods

Uni3C [Cao et al. 2025],
DaS [Gu et al. 2025],

MV-Custom [Shin et al. 2026],
NeoVerse [Yang et al. 2026],
WorldStereo [Zhang et al.

2026], WorldForge [Song et al.
2026], Gen3C [Ren et al. 2025],

ReCamMaster [Bai et al.
2025b], Viewcrafter [Yu et al.
2025], TrajectoryCrafter [YU
et al. 2025], Free4D [Liu et al.

2025a], etc.

SV4D 2.0 [Yao et al. 2025],
MV-Performer [Zhi et al. 2025]

SynCamMaster [Bai et al.
2025c], CAT4D [Wu et al.

2025]
HarmoHOI (Ours)

Generative Capacity Restricted (Warp-and-inpaint) Limited
(Reconstruction-focused)

High (Appearance-only
synthesis)

High (Geometry-aware
synthesis)

3D Modeling Implicit (Mostly 2D warped
video)

Dependent (Mined from
source views) Absent (Appearance-only) Explicit (Joint 2D-3D

modeling)

View Consistency Trajectory-limited
(Single-path)

Inconsistent (Lacks global
alignment)

Implicit (Data-driven
synchronization)

Strict (Globally aligned 3D
motion)

Table 6. Model size and training-memory comparison.

SViMo DaS SV4D 2.0 SynCamMaster HarmoHOI

Params. (B) 5.82 8.13 2.01 1.77 2.68
Training VRAM (GB) 61.5 66.4 67.2 37.4 42.3

qualitative comparisons are provided in the supplementary video
(4:10–5:48). A second study on 10 six-view cases (likewise 37 valid
responses) yields a similarly strong preference for HarmoHOI over
DaS [Gu et al. 2025], SV4D 2.0 [Yao et al. 2025], and SynCamMas-
ter [Bai et al. 2025c] (Tab. 8).

Table 7. User-study preference (%) on 3D motion quality.

Geo4D GeometryCrafter DA 3 HarmoHOI

Preference (%) 0.00 0.00 2.43 97.57

Table 8. User-study preference (%) on multi-view RGB video quality.

DaS SV4D 2.0 SynCamMaster HarmoHOI

Preference (%) 1.09 4.05 0.00 94.86

PI Metric. Following GeometryCrafter [Xu et al. 2025a], a pre-
dicted point 𝑝 is counted as an inlier if

∥𝑝 − 𝑝∥2
min(∥𝑝 ∥2, ∥𝑝 ∥2)

< 0.25. (6)

The single- versus multi-view gap in Tab. 3 arises from additional
cross-view scale and alignment errors, together with inter-view
visibility and point-coverage differences.

D Additional Demonstrations
In this work, we focus on the task of image to video and motion gen-
eration, aiming to synthesize temporally coherent videos together
with corresponding motion representations from a given reference
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image. To provide a more vivid, intuitive, and comprehensive pre-
sentation of our results, we include a supplementary video in the
appendix. This video presents a diverse set of generated examples
produced by our method, covering different interaction scenarios,
object categories, motion patterns, and camera viewpoints. In addi-
tion, we provide systematic visual comparisons with several repre-
sentative baseline approaches, allowing readers to better assess the

generation quality from both appearance and motion perspectives.
These comparisons show that our method produces more realistic
visual details, more plausible interaction dynamics, and more consis-
tent results across multiple views. Overall, the supplementary video
serves as an important complement to the quantitative results and
further demonstrates the effectiveness and generalization capability
of our approach.


	Abstract
	1 Introduction
	2 Related Work
	3 Method
	3.1 Preliminary: Basic Video Foundation Model
	3.2 Framework Overview
	3.3 Mixture of Multi-view Diffusion Transformer
	3.4 Global Motion Aligning Diffusion
	3.5 Close-loop Mutual Enhancement Cycle
	3.6 Hybrid-data Progressive Curriculum Learning

	4 Experiments
	4.1 Settings
	4.2 Implementation Details.
	4.3 Comparison with Baselines
	4.4 Ablation Study

	5 Conclusion
	Acknowledgments
	References
	A Discussion on Related Works
	B Additional Implementation Details.
	C Additional Evaluation Details
	D Additional Demonstrations

