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Supplementary Material

This supplementary material provides additional details
on our method and results that complement the main pa-
per. Sec. A supplements the main text with details that are
not covered elsewhere. Sec. B presents additional visualiza-
tion results. Finally, Sec. C analyzes the limitations of our
method and discusses directions for future work.

A. Additional Details.
A.1. Metrics
We conduct a quantitative analysis of the generated videos
using the following metrics, which are evaluated based on
the methods outlined in DanceTogether [1]. Because of the
limited space in the manuscript, the implementation details
of these metrics cannot be fully presented in Section 4.1 of
the main text. We therefore provide additional explanations
here.
• L1 ↓ The L1 reconstruction error measures the average abso-

lute difference between the predicted image or video and the
ground-truth signal at the pixel level. We compute the per-pixel
ℓ1 distance over all frames:
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• PSNR ↑ PSNR is a signal fidelity measure that quantifies the ra-
tio between the maximum possible pixel intensity and the mean
squared reconstruction error in logarithmic (decibel) scale. For
each frame t, we first compute the mean squared error
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• SSIM ↑ SSIM [8] assesses perceptual image quality by com-
paring local patterns of luminance, contrast, and structural in-
formation between a generated image and its reference. For
each frame t and channel c,

SSIMc
t = SSIM

(
It(·, ·, c), Ît(·, ·, c)
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and the final score is
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• LPIPS ↓ LPIPS measures perceptual similarity by comparing
deep feature representations extracted from pretrained neural
networks for the generated and reference images. On a 720 ×

480 crop, let ϕℓ(·) be the ℓ-th layer feature map and wℓ the
learned weights:
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• CLIPScore ↑ CLIPScore [2] evaluates semantic alignment be-
tween visual content and a corresponding text description
by computing similarity in the joint embedding space of a
pretrained CLIP model. We encode each frame from the
ground-truth and generated videos into CLIP image embed-
dings vt, v̂t ∈ Rd, normalize them to unit vectors, and compute
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. (7)

The final CLIPScore averages over all T frames:

CLIPScore =
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• ST-SSIM ↑ ST-SSIM [5] extends the SSIM formulation from
individual images to video sequences by jointly considering
spatial structure and temporal evolution across frames. It mea-
sures how well local luminance, contrast, and structural pat-
terns are preserved both within each frame and over time, thus
capturing temporal consistency and motion coherence in addi-
tion to frame-wise quality. With window length w = 3, for
each spatio-temporal block we compute
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)
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and then
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• GMSD-Temporal ↓ GMSD-Temporal [9] is a video quality
metric that evaluates discrepancies in gradient-based structural
information across time. For t = 2, . . . , T , let
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• FID ↓ FID [3] measures the distributional discrepancy between
real and generated images in a deep feature space, typically
using activations from a pretrained Inception network. On all
frames, we extract Inception-V3 features, form (µr,Σr) and
(µf ,Σf ), and use
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• FVD ↓ FVD [6] extends the FID concept to videos by extract-
ing spatio-temporal features from a pretrained video recogni-
tion network and comparing the distributions of real and gener-
ated sequences. From I3D features of each non-overlapping 16-
frame clip, we compute means µr, µf and covariances Σr,Σf :
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• CLIP-FID ↓ CLIP-FID is a distributional similarity metric that
combines the Fréchet distance formulation with CLIP feature
representations instead of Inception features. It evaluates how
closely the semantic and high-level visual characteristics of
generated images or videos match those of real data in a joint
vision–language embedding space. Identical to FID but using
CLIP embeddings instead of Inception features:
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A.2. Point cloud scanners
Our Point cloud scanner is built on top of VGGT [7]. We
first apply VGGT to the entire video to obtain a per-frame
reconstruction of the scene, resulting in a sequence of scene
point clouds. In parallel, we obtain hand and object masks
using SAMURAI [10], and use these masks to retain only
the points within the masked regions. During the VGGT
reconstruction process, we set the confidence threshold to
0.5. In addition, when scanning the scene, the total number
of points is capped at Nmax = 50000

A.3. Implement Details
We implement our model in PyTorch and train it on eight
NVIDIA H20 GPUs with a batch size of (B = 4). We adopt
the AdamW optimizer with a learning rate of 1 × 10−4

and train for 20 epochs. During training, we use the
learnable vec1024 × 32 dim1024 depth24 sdf nb con-
figuration from 3DShape2VecSet [12] as the point cloud en-
coder. Before encoding, each point cloud is downsampled
to (N = 8192) points. CogVideoX-5B-I2V [11] is employed
as the base generative model. In the training process, the pa-
rameters of the denoising DiT are kept frozen, and only the
parameters of the 3D point cloud ControlNet are updated.

In terms of dataset construction, Taste-rob [13] com-
prises a large collection of hand–object interaction videos
recorded across diverse scenes. Specifically, we segment
each original long video sequence into shorter clips of 49
frames at 20 FPS, and each clip contains a valid hand–object
interaction episode. The training set consists of 50k such

valid video clips. For evaluation, we first sample 2% of
the data from each scene and then randomly select 100
hand–object interaction clips from this subset, covering dif-
ferent scenes, to form the test set.

B. More Evaluation Results
B.1. Qualitative Results for Comparisons
In Fig. S2 and Fig. S3, we present additional qualitative re-
sults that compare HVG-3D with existing state-of-the-art
methods. For qualitative video comparisons, please refer to
the supplementary video.

B.2. More Visualizations of Generated Videos
In Fig S4, we provide additional visualizations of
hand–object interaction videos generated by our method.
As shown, our model produces more plausible and coher-
ent hand–object interaction motions.

B.3. Result on TACO Dataset
We evaluate on TACO dataset [4]. TACO is a large-scale
real-world 4D bimanual hand-object interaction dataset that
captures diverse daily tool-use activities under both egocen-
tric and multi-view third-person settings. It provides rich
annotations, including accurate 3D ground truth for hand-
object interactions, and serves as a valuable benchmark for
action understanding, motion prediction, and manipulation-
oriented perception. As shown in Tab. S1, HVG-3D out-
performs DaS on all metrics, demonstrating 3D geometric
priors generalize to bimanual interactions. As shown in the
Fig. S1, we can

Table S1. Quantitative comparison between HVG-3D and DaS
on TACO dataset.

Method, Results in TACO PSNR↑ SSIM↑ LPIPS↓ ST-SSIM↑ FID↓ FVD↓
DaS (Full Frame) 20.97 0.66 0.341 0.87 111.7 47.9
Ours (Full Frame) 24.81 0.78 0.256 0.95 68.0 19.3
DaS (Masked Region) 16.50 0.96 0.045 0.95 98.2 16.7
Ours (Masked Region) 20.43 0.97 0.026 0.98 53.8 6.8

Ours

DaS

Figure S1. Qualitative Comparison between HVG-3D and DaS
on TACO Dataset

C. Limitation and Future Work
Although HVG-3D can leverage 3D point cloud conditions
to generate more plausible and high-quality hand–object in-
teraction videos, as validated on the Taste-Rob dataset, sev-



eral key limitations remain and warrant further investigation
in future work.

Limitation in application scenarios. At present, HVG-
3D is primarily designed for hand–object interaction video
generation. It has not yet been applied to generic video gen-
eration scenarios. This is mainly due to the lack of large-
scale, high-quality 3D datasets for general scenes, which
constrains the use of 3D conditions as control signals for
generic video synthesis. Future work may explore how to
effectively leverage 3D conditions to extend HVG-3D to
more general scene settings.

Use of 3D point clouds as conditions. In HVG-3D, we
adopt 3D point clouds as the primary conditioning signal.
Compared with 3D meshes, point clouds inevitably lose
part of the fine-grained geometric structure. Although some
existing hand–object interaction datasets provide 3D mesh
annotations, their scale remains limited, whereas 3D point
clouds are considerably easier to obtain. In future work, we
plan to investigate using 3D meshes as conditioning signals
for video generation.

Future work Despite these limitations, HVG-3D pro-
vides a practical pathway for large-scale synthesis of 3D
human–robot interaction data. Looking ahead, we aim to
extend HVG-3D to more general scenarios and to employ
more expressive 3D representations as conditioning signals
for video generation. We believe that leveraging 3D condi-
tions as control signals for video synthesis can open up new
possibilities for future video content creation.
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Figure S2. Qualitative Comparison of DaS, InterDyn, CogvideoX, Wan2.2, Kling, Sora2 and Our Method. The first frame of each baseline
serves as the reference image. Zoom in for more details.



Ours DaS CogvideoX Wan2.2 Kling Sora2InterDyn

Ours DaS CogvideoX Wan2.2 Kling Sora2InterDyn

Figure S3. Qualitative Comparison of DaS, InterDyn, CogvideoX, Wan2.2, Kling, Sora2 and Our Method. The first frame of each baseline
serves as the reference image. Zoom in for more details.
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Figure S4. More Visualizations of Generated Videos
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