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Abstract

Understanding of bimanual hand-object interaction plays an
important role in robotics and virtual reality. However, due
to significant occlusions between hands and object as well
as the high degree-of-freedom motions, it is challenging
to collect and annotate a high-quality, large-scale dataset,
which prevents further improvement of bimanual hand-object
interaction-related baselines. In this work, we propose a new
3D Gaussian Splatting based data augmentation framework
for bimanual hand-object interaction, which is capable of
augmenting existing dataset to large-scale photorealistic data
with various hand-object pose and viewpoints. First, we use
mesh-based 3DGS to model objects and hands, and to deal
with the rendering blur problem due to multi-resolution input
images used, we design a super-resolution module. Second,
we extend the single hand grasping pose optimization mod-
ule for the bimanual hand object to generate various poses
of bimanual hand-object interaction, which can significantly
expand the pose distribution of the dataset. Third, we con-
duct an analysis for the impact of different aspects of the pro-
posed data augmentation on the understanding of the biman-
ual hand-object interaction. We perform our data augmenta-
tion on two benchmarks, H20 and Arctic, and verify that our
method can improve the performance of the baselines.

Project Page — https://iscas3dv.github.io/HOGSA/

Introduction

Understanding of the bimanual hand-object interaction (Fan
et al. 2023; Kwon et al. 2021), especially the estimation of
the pose and the contact relationship, plays an increasingly
important role in robotics and virtual reality applications.
One of the most popular approaches to address this problem
is deep learning methods, which require large-scale biman-
ual hand-object interaction dataset with rich annotations.
However, due to significant occlusions and high-degree-of-
freedom motions of the interaction, it is still challenging to
collect and annotate a high-quality dataset, which prevents
further improvement of the task.

“indicates corresponding author.
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Figure 1: We propose a new 3DGS-based data augmentation
framework for bimanual hand-object interaction to augment
existing dataset with various hand-object pose and view-
points. Our method can improve the performance of the
baselines, and achieve more accurate pose and contact.

To address the challenges of data scarcity and inaccu-
rate 3D annotations, existing work has explored data aug-
mentation methods with synthetic data under conventional
rendering pipelines (Corona et al. 2020; Jian et al. 2023;
Yang et al. 2022). However, these approaches usually re-
quire complex and time-consuming 3D scanning and post-
processing to capture high-quality shapes and texture maps
of the hand and object, and additional blending weights of
hand is necessary for augmentation, which requires sub-
stantial expertise (Romero, Tzionas, and Black 2022; Deng
et al. 2021). Moreover, capturing a realistic texture map
(i.e. subtle details and natural appearance) from observed
images is difficult, thus it often results in rendering re-
sults that lack realism (Qian et al. 2020). Recently, bene-
fitting from the scene representation ability, neural render-
ing methods such as NeRF (Mildenhall et al. 2021) and



3DGS (Kerbl et al. 2023) enable high-quality data augmen-
tation by synthesizing novel views (Feldmann et al. 2024)
or novel hand poses (Qu et al. 2023). NeRFmentation (Feld-
mann et al. 2024) uses NeRF to perform data augmenta-
tion for the monocular depth estimation task in static scenes,
but it cannot break the accuracy bottleneck when the scene
changes significantly. HO-NeRF (Qu et al. 2023) builds a
pose-driven NeRF for hand-object interaction scenarios and
demonstrates the potential to generate diverse data, yet it
requires offline modeling of hands and objects and a time-
costing rendering process, making it infeasible for data aug-
mentation of large-scale dataset. Although these neural ren-
dering methods can support realistic novel view synthesis
(Wang et al. 2021) and are potentially useful for data aug-
mentation, they still suffer from image blur due to multi-
resolution image input and inaccurate annotations (Yu et al.
2024; Barron et al. 2021). Unrealistic images cannot resolve
the gap between real images and synthetic images, which
will lead to a degradation of model performance. Another
key factor that affects the baseline performance is the di-
versity of poses (Deng et al. 2021). It is necessary to estab-
lish a data augmentation approach of bimanual hand-object
interaction that enables efficient rendering, various feasible
hand-object poses, and photorealistic rendering images.

In this paper, we propose a 3DGS-based data aug-
mentation framework Hand-Object Gaussian Splatting
Augmentation (HOGSA) for bimanual hand-object inter-
action understanding. First, we use mesh-based 3DGS to
model the hand and object based on the interaction images,
which can efficiently synthesize interaction images with the
input hand-object pose and viewpoints. Second, in order to
enhance the pose diversity of the dataset, we use the pose
optimization module to generate diverse poses of two hands
and object to drive the hand-object Gaussian splatting model
to render images of novel interaction poses. Third, in order
to ensure the realism of the rendered images, we design the
super-resolution module to improve the rendering quality of
the coarse images generated by 3DGS. Finally, we combine
our augmented dataset with the original dataset to refine the
baseline of bimanual hand-object interaction, and conduct a
systematic analysis of different aspects that affect interac-
tion understanding accuracy in the augmented dataset. We
evaluate our method on two main benchmarks H20 (Kwon
et al. 2021) and Arctic (Fan et al. 2023), and the baseline
performances are improved with our augmented dataset.

The contributions of our method can be summarized as
follows: 1) A 3DGS-based data augmentation framework
for bimanual hand-object interaction understanding; 2) a
super-resolution module and a pose optimization module
to improve the realism and pose diversity in the data aug-
mentation; 3) We provide fine-tuning models using our
HOGSA that achieve state-of-the-art results on H20 and
Arctic benchmarks, and make a systematic analysis of the
impact for augmented data on accuracy.

Related Work

Hand-Object Interaction Understanding. Hand-object in-
teraction understanding focuses on 3D reconstruction, pose
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and contact estimation. Early approaches mainly rely on pre-
defined templates to estimate hand and object poses (Cao
et al. 2021; Corona et al. 2020; Liu et al. 2021; Tekin,
Bogo, and Pollefeys 2019; Yang et al. 2024; Qi et al. 2024).
These template-based methods face significant challenges
in realism gap with real-world. Recent advancements have
transitioned towards template-free approaches that leverage
large-scale 3D hand-object interaction datasets (Chen et al.
2023; Ye, Gupta, and Tulsiani 2022; Fan et al. 2024; Zhang
et al. 2024a). Nonetheless, the limited diversity and quan-
tity of 3D data restricts models’ ability to generalize effec-
tively across various scenarios. Several datasets with hand-
object contact annotations have advanced contact estima-
tion (Taheri et al. 2020; Brahmbhatt et al. 2020; Fan et al.
2023; Grady et al. 2021). Some studies (Narasimhaswamy,
Nguyen, and Nguyen 2020; Shan et al. 2020) infer 2D
bounding boxes of hands with contact from RGB images,
while others (Rogez, Supancic, and Ramanan 2015; Fan
et al. 2023) explore 3D contact inference. These data-driven
approaches are suffer from the diverse poses and viewpoints
in dataset. In this paper, we tackle with the limitation of data
collection, and propose a 3DGS-based data augmentation
framework to enhance the performance of the baselines.
Data Augmentation for Hand-Object Interaction. Data
augmentation is essential for enhancing model performance
in hand-object interaction understanding. Existing meth-
ods can be divided into rendering-based and generative-
based methods. Rendering-based methods generate plau-
sible hand-object interaction images by designing specific
pipelines (Corona et al. 2020; Jian et al. 2023; Yang et al.
2022; Gao et al. 2022; Li et al. 2023) or utilizing off-
the-shelf tools such as GraspTTA (Jiang et al. 2021) and
UniDexGrasp (Xu et al. 2023). However, the rendering-
based methods often lack realism. Generative-based meth-
ods will create more realistic hand-object interaction im-
ages. HOGAN (Hu et al. 2022) synthesizes novel views
using target poses as guidance. Several approaches em-
ploy conditional diffusion models to generate hand grasp-
ing. Affordance Diffusion (Ye et al. 2023) generates hand-
object interaction images, conditioned on a hand orienta-
tion mask. HandBooster (Xu et al. 2024) and HOIDiffu-
sion (Zhang et al. 2024b) synthesizes realistic hand-object
images with diverse appearances, poses, views, and back-
grounds. MANUS (Pokhariya et al. 2023) utilizes 3DGS to
model hand and object respectively and combine them to
form a data set. However, the augmentation approaches are
mostly focus on interacting between single hand and object.
These setups are more serious mutual occlusion when mi-
grating to bimanual hand-object interacting tasks, making
the model difficult to learn effective pose priors.

In this work, to achieve high realism of augumented data,
we enforce the generated bimanual hand-object interaction
results to meet geometric constraints and overcome the re-
alism issues of 3DGS, which enables our data augmentation
method to improve the performance of the baseline.

Method

In this work, we propose a data augmentation framework for
bimanual hand-object interaction to improve the accuracy of
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Figure 2: Overview of our data augmentation framework for bimanual hand-object interaction. Based on the original dataset,
we first establish mesh-based 3DGS models and input the original poses to pose optimization module to expand the diversity
of interaction. The novel pose and 3DGS can be combined to render the low-quality image, which is then fed into the super-
resolution module to further enhance the realism. Based on the above modules, we can automatically build an expanded dataset
and support model fine-tuning for the interaction understanding baseline to improve performance.

the baselines for interaction pose estimation (Fig. 2). Our
data augmentation method HOGSA contains diverse poses
and realistic rendering images, and can achieve end-to-end
generation based on novel hand-object and camera poses.
We introduce the pipeline of our data augmentation in first
section and detail the implementation in the resting sections.
We first use the mesh-based 3DGS method to model the left
hand, right hand and object models based on the input hand-
object interaction images respectively. Then we use the Pose
Optimization Module (POM) to optimize the novel poses of
the bimanual hand-object interaction, ensuring the realism
of the grasp while expanding the diversity of the pose. Com-
bining Hand-Object Gaussian Splatting (HOGS) and Pose
Optimization Module, we render low-quality images, and
design the Super-Resolution Module (SRM) to improve the
rendering quality. Finally, we use both the augmentation and
the original dataset to refine the baseline to improve the ac-
curacy of the interaction pose estimation task.
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Figure 3: Examples of our HOGSA, which contains diverse
interactive poses and ensures the realism of the images.
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Hand-Object Gaussian Splatting Augmentation

Based on the original dataset, we first build a HOGS model
for each sequence. Second, based on the original poses, we
use POM to optimize and expand the diversity of poses
of the bimanual hand-object interaction. Then we use the
HOGS model with these novel poses of hand-object interac-
tion and camera poses to render new images as our new data
augmentation process, and feed the new image into SRM to
improve the image quality. The above three modules pro-
vide an image rendering pipeline, pose diversity, and ren-
dering realism, thus achieving an efficient data augmenta-
tion solution. We use the bimanual hand-object interaction
dataset Arctic (Fan et al. 2023) and H20 (Kwon et al. 2021)
to generate synthetic data HOGSA respectively, and the re-
sults are shown in Fig. 3. To organize the data used to train
the baseline, we are inspired by GANerated Hands (Mueller
et al. 2018) and add COCO2017 (Lin et al. 2014) images
as background to fuse the generated image, and crop it to
224 x 224 resolution (as shown in Fig. 4). Finally, we com-
bine HOGSA and the original data to improve the perfor-
mance of the baseline.

Hand-Object Gaussian Splatting

Our method utilizes color images as input to represent the
complex dynamic scene using mesh-based 3D Gaussian
Splatting, accomplishing rendering under novel poses and
novel views. For initialization, we define the Gaussian ker-
nel on MANO-HD (Chen, Wang, and Shum 2023) template
hand mesh and object mesh, respectively, which are named
canonical space. The standard 3D Gaussian Splatting (Kerbl
et al. 2023) can be defined as:

G(X) — ef(xfxc)TE’l(xfxc)

) )



HOGSA * Original
Figure 4: The augmented data we used to train the baseline.
Compared with the original data, our images ensure realism
and have various poses.

where x. € R? represents the Gaussian center and ¥ €
R3*3 represents the covariance matrix, which is parame-
terized by rotation matrix R and scaling matrix S as ¥ =
RSSTRT. Inspired by GaMeS (Waczyriska et al. 2024),
we convert the Gaussian kernels into mesh surfaces and the
Gaussian center can be defined as:

Xe = BV = p1vi + Bava + B3vs, ()

where 3 = {f3;}3_, are the trainable parameters that satis-
fies 1 + B2 + B3 = 1 and V = {v;}2_, are the vertices
from the mesh face. For the definition of the rotation ma-
trix R = {r;}3_,, r; is the surface normal, ry is the vector
from the center of the surface m = mean(vy,va, v3) to the
vertex vi, and rs is obtained by orthonormalizing the vector
for rq,ry. For the scaling matrix S = {s;}?_,, we define
S§1 = 82 = ||m — V2||783 = <V2,R3>.

Hand Model. To model the hand motion, we use the blend-
ing weights from MANO-HD to initialize the hand Gaussian
skinning weights w, where w = (wy,ws, ..., w,) with n
joints. For the target frame, we use bone transformation ma-
trix B and blending weights to deform the Gaussian kernels
in canonical space to the target space as:

xp =) wBi) - x!, 3)
=1

where x” is the hand canonical space point, x}" is the corre-
sponding point in target space.

Object Model. We use 6D rigid pose T € SFE(3) to perform
rigid transformation from canonical space to target space:

“

where x¢ is the object canonical space point, x7 represents
the mapping point in target space.

Alpha Blending. The 3D Gaussian points in target space are
projected to 2D Gaussian, then sorted based on depth and the

o __ o
x; =T x x¢,
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color value of the pixel can be calculated by:

N
C = E C;;
i=1

where c represents the color value of the pixel, ¢; and «o; rep-
resent the color and pixel translucency of the i-th Gaussian
kernel respectively.

Training. For the Gaussian kernels defined in left-hand,
right-hand and object model, the optimized parameters in-
clude mesh vertex positions V, patch weights «, scale fac-
tor s, spherical harmonics coefficients and opacity. The loss
function of our HOGS model can be expressed as:

Luocs = (1—Assim) L1 +AssiveLssiave +ArLr, (6)

where L1 loss L; and SSIM loss Lggras are used to mini-
mizes the difference between the input and rendered images,
the distance regularization loss L constrains the vertices in
the canonical space not to deviate far from the initial mesh,
Assia, AR are hyperparameters.

We split the datasets for training and testing our HOGS.
For Arctic, we select subjects except *s03” and *s05’ to build
the HOGS model to meet the data division of the interaction
understanding task. We select the sequences ’grab_01" and
*use_01’ to train HOGS, and cropped the original images to
a resolution of 1400 x 1000. For H20, we select subjects
except ‘subjectd’ to build the HOGS model. We select se-
quences except ‘02’ scene for training HOGS and keep the
original image resolution 1280 x 720.

i—1

ITa-e,

Jj=1

&)

Pose Optimization Module

In order to ensure the diversity of pose in augmentation,
we need to synthesize more bimanual hand-object inter-
action results that meet geometric constraints. Inspired by
GraspTTA (Jiang et al. 2021) with a fitting strategy, we ex-
tend their solution of single-hand grasping to bimanual hand
object interaction. We discard the ’GraspCVAE’ model used
to generate the initial hand pose and only fixed the param-
eters of the *ContactNet” model for contact map inference.
We randomly perturb the hands extracted from the original
dataset a small distance away from the object as the initial
pose. Based on the point cloud of the initial pose, a contact
map (2 can be calculated. At the same time, the point cloud
can be input into *ContactNet’ to predict a contact map Q
under prior knowledge. We leverage a self-supervised con-
sistency loss Lo = || — |2 to enforce a reasonable con-
tact. We also use hand-centric loss Ly and penetration loss
Lp to ensure the physically plausible interaction. The loss
function is formulated as follows:

Lpom = Y, (AcLi+AuLy +ApLbp),
ie{l,r}

)

where [ and r represent the left and right hands, A\c, Ag, Ap
are hyperparameters. For an initial input, we fix the object
pose and optimize the pose of both hands separately with
200 iterations to get the optimized pose. Then we input the
optimized pose and camera parameters into HOGS model to
synthesize a bimanual hand-object interaction image.



For the initial input pose, we generate a transformation
matrix with random rotation between [0, 20°] around the x,
y, and z axis and apply the rotation to the original pose.
We then perturb the distance by which the hands are farther
away from the object. We calculate the distance and direc-
tion of the hand root joint relative to the object, then translate
it 5% of the relative distance away from the object, and then
add a perturbation of [0,6¢m] to the position of the hand
and object, respectively. Note that for the Arctic dataset, we
impose an angle of [0.017, 0.27] on the one-dimensional ro-
tation of the articulated object.

Super-Resolution Module

We notice that the different resolutions of the images and
the deviation in pose annotation to train 3DGS can result in
blurry rendered images with artifacts to train 3DGS . There-
fore, we use CNN to improve the rendering quality in 3DGS.
Inspired by StyleAvatar (Wang et al. 2023), we can use the
encoder-decoder backbone to learn the local and global fea-
tures of the image and integrate it into the GAN framework
to improve the rendering quality. We input the coarse image
Ic rendered by 3DGS into *StyleUNet’ to obtain the refined
image I and use the ground truth image to constrain its
generation quality. The loss function is defined as follows:

®

where L; represents L1 loss, Ly g represents VGG loss,
Lgan represents the loss used in adversarial learning, and
A1, Avge are hyperparameters. In this module, we follow
the data split used in HOGS. We leverage HOGS to render
images based on the training set and then pair them with the
ground truth to train the SRM model.

Lsry = MLy + AvgeLvea + Laan,

Experiment
Datasets, Baseline and Evaluation Metric

Datasets. We evaluate our method on Arctic (Fan et al.
2023) and H20 (Kwon et al. 2021). Arctic is a dataset for
dexterous bimanual hand-object interaction. It consists of 10
humans, with manipulating 11 articulated objects. We fol-
low allocentric validation split in Arctic to train and test the
baseline. H2O is a dataset for two hands manipulating ob-
jects. It consists of 4 subjects, with 6 scenarios manipulating
8 rigid objects. We select the first 3 subjects for augmenta-
tion and baseline training, and use the last subject for testing.
Augmentation. In the construction of HOGSA for each
benchmark, we consider the interaction of the same subject
with the same object as a sequence. For the Arctic dataset,
we build a total of 82 HOGS models and generate 1.7M im-
ages using the novel poses. Compared to the original 1.5M
training images, we have automatically expanded the data by
almost 113%. For the original H20 dataset with 0.4M train-
ing data, we generate 0.7M images with 24 HOGS models,
which has automatically expanded the data by almost 175%.
Baseline. Interaction Understanding: We follow Arctic (Fan
et al. 2023) to define two tasks including ’Consistent Mo-
tion Reconstruction’ and ’Interaction Field Estimation’, and
select *ArcticNet-SF’ and ’InterField-SF’ in Arctic as the
baselines, respectively. Augmentation: We compare with
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HOIDiffusion (Zhang et al. 2024b) (" Arctic+HOID’) and re-
place the mesh-based 3DGS in the HOGS module with orig-
inal 3DGS (Kerbl et al. 2023) (’ Arctic+3DGS”).
Evaluation Metric. To evaluate the quality of the biman-
ual hand-object interaction understanding, we follow Arc-
tic (Fan et al. 2023) to use Contact Deviation (CDev, mm,),
Motion Deviation (MDev, mm) and Acceleration Error
(ACC, m/ s%) to measure the accurate hand-object contact,
stable move, and smooth motion, respectively. We use the
mean per-joint position error (MPJPE, mm), the average
articulation error (AAE, n°), the success rate (SR, n%) to
measure the pose accuracy, use the mean relative-root posi-
tion error (MRRPE, mm) to calculate hand-object relative
translations and use average distance error to measure the
interaction field. To evaluate the quality of novel view syn-
thesis in ablation study, we follow 3DGS (Kerbl et al. 2023)
to adopt PSNR, SSIM and LIPIPS as metrics.
Implementation Details Our method is trained on a Nvidia
RTX4090 GPU. We train HOGS and SRM modules from
scratch. We train HOGS with 50,000 iterations, which costs
an average of 10 GB of memory. We train SRM with a to-
tal of 150,000 iterations and cost 8 GB of memory. For the
POM, each initial input needs to be iterated 200 times. We
set hyperparameters Assras, Ar; Ac, Am, Ap, A1, Avga to
0.2,0.5,1, 1, 17, 5, 0.03 respectively.

Comparison with Baseline

Consistent Motion Reconstruction. We evaluate this task
over the baseline *ArcticNet-SF’ on Arctic and H20 bench-
marks, and the results are shown in Tab. 1. After refining the
baseline by adding our expanded dataset to the original train-
ing set, we find that all metrics are improved. HOIDiffusion
deals with the data augmentation for right hand-object in-
teracting scene, and some augmentation images are ambigu-
ous, which will make the baseline difficult to learn effective
pose priors under severe occlusion caused by the interac-
tion between two hands and objects, and slightly improves
the baseline. Our method ensures the diversity of bimanual
hand-object pose as well as realism of rendered images, and
can effectively improve the performance of baseline. Our
method takes 0.06s to generate an augmented image, which
is also more efficient than HOIDiffusion’s 4.5s. We show
qualitative results in Fig. 5 and find that after adding our
data augmentation, the estimation of novel poses and con-
tacts near occlusions are more accurate. This is because our
augmented dataset provides richer viewpoint and pose pri-
ors. Compared with the original point cloud based 3DGS,
our mesh-based 3DGS avoid losing valid information due
to points straying too far from the instance based on mesh
constraints, which results in higher rendering quality. The
original 3DGS rendered images have serious artifacts, which
reduces the effect of data augmentation.

Interaction Field Estimation. The interaction field estima-
tion measures the relative spatial relations between hands
and the object. We show the results using the ’InterField-
SF’ in Fig. 5 (b) and Tab. 2. After adding augmentation, the
baseline is less affected by occlusion, and the rich pose prior
makes its estimation more accurate. The baseline refined
by HOGSA promotes stable mutual movement between the
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Figure 5: Qualitative results of our data augmentation method HOGSA on the baseline. After optimization, the model can cover
a wider range of interactive poses and achieve a more accurate estimation of the pose and contact area.

Contact and Relative Position Motion Hand Object
Method Dataset CDev;, | MRRPE,;/, | | MDev;, | ACCy/,| | MPIPE, | | AAE|l SR?T
Arctic 41.35 50.14/37.59 10.46 6.63/8.80 23.01 5.85 71.77
Arctic+HOID 39.19 46.57/36.93 9.75 6.36/8.38 22.44 5.88 73.56
ArcticNet-SF | Arctic+3DGS 36.07 45.17/34.68 8.89 6.41/7.59 21.78 5.76 77.06
Arctic+HOGSA 35.23 43.69/33.48 8.77 6.36/7.54 20.96 5.67 77.85
H20 35.74 57.65/47.53 5.31 3.80/6.05 34.38 - 39.80
H20+HOGSA 32.27 54.63/43.93 5.16 3.79/6.02 32.24 - 45.27

Table 1: Quantitative results of our data augmentation method on the baseline. Our data augmentation method can be automat-
ically applied to different datasets and support improving the performance of different baselines.

Dataset | HOGSA | Average Distance Error | ACC |
Arctic w/o 9.63/9.91 3.01/2.95
w 9.30/8.98 2.98/2.79
20 w/o 7.75/10.86 1.84/1.89
w 7.54/9.87 1.82/1.82

Table 2: After the interaction field estimation baseline is
fine-tuned using HOGSA, the performance is improved.

hand and the object and effectively reduces pose jitter. Based
on the various pose and viewpoints of our augmentation,
the occluded right hand position can predict a more accu-
rate contact area without noise (Fig. 5 (b)). Therefore, our
method can be applied to the baseline of various interaction
understanding tasks to improve performance.

6644

Dataset | Method | PSNR{ SSIM?t LPIPS |
Arctic w/o SRM 35.07 0.988 0.0194
w SRM 36.53 0.988 0.0163

20 w/o SRM 32.32 0.987 0.0133
w SRM 32.44 0.986 0.0117

Table 3: Our SRM explores the combination of 3DGS and
CNN which aggregates pixel and image local semantic in-
formation to further improve the realism of image.

Ablation Study

Effect of Super-Resolution Module. We compare the ren-
dering quality of images generated by HOGS with and with-
out SRM. The results are shown in Fig. 6 and Tab. 3.
The rendering quality is significantly improved after adding
SRM, especially in the texture details of objects and the
wrinkles on the hands. The local semantic feature infor-



w/o SRM GT

w SRM

box

capsulemachine  ketchup laptop

microwave

mixer notebook scissors milk

Figure 6: Ablation study on SRM. After using SRM, the realism of the image rendered by HOGS is significantly improved,
especially the texture details of the object. This greatly reduces the gap between synthetic and real data.

Contact and Relative Position Motion Hand Object
Dataset | Method CDevyo, |l MRRPE,;/, | | MDev;, | ACCy/,| | MPIPE, | | AAE|l SR?T
w/o SRM 36.85 45.40/34.97 9.39 6.51/8.05 21.75 5.93 75.56
Arctic | w/o POM 37.67 45.35/35.78 9.22 6.42/7.90 21.95 6.08 75.10
Full 35.23 43.69/33.48 8.77 6.36/7.54 20.96 5.67 77.85

Table 4: Ablation study on our SRM and POM used for motion reconstruction. We evaluate our method using ’ArcticNet-SF’
baseline on Arctic dataset, and the expanded dataset can effectively improve the accuracy of the baseline.

® Original H20
® HOGSA on H20

(b) Comparison with H20

@ Original Arctic
© HOGSA on Arctic

(a) Comparison with Arctic

Figure 7: We used the joints of both hands to perform T-
SNE and evaluate the distribution of poses before and after
data augmentation. The poses of our augmented dataset can
further enrich the diversity of the original data.

mation learned by CNN compensates for artifacts and blur
caused by images of different resolutions and pose bias. It
is noted that the SSIM is comparable to the method without
SRM. The reason is that the geometry of the image is mainly
affected by HOGS, while SRM mainly improves the texture
quality of the image. We compare the impact of augmented
datasets with different rendering qualities on the accuracy of
consistent motion reconstruction, and the results are shown
in the first and third rows of Tab. 4. The SRM further reduces
the gap between real and synthetic data, and more realistic
images can better improve the performance of the baseline.

Effect of Pose Optimization Module. We compare the pose
diversity in the original data and the data enhanced by POM.
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We encode the hand joints and then use the T-SNE cluster-
ing (Van der Maaten and Hinton 2008) to show in Fig. 7.
After adding the POM module, the orange points distributed
around the blue points complement the diversity of the entire
data pose distribution, which shows a reinforcement of the
original data. In order to evaluate the effect of POM, we re-
move the POM to generate augmented data (w/o POM) and
combine them with original data to train the baseline, and
the results are shown in the second and third rows of Tab. 4.
We find that while perspective augmentation improves the
performance of the model, the prediction accuracy of novel
poses is still not significant. Since the POM can enhance the
distribution of poses, it can improve the interaction under-
standing ability of the model.

Conclusion

In this work, we propose a new 3DGS-based data augmenta-
tion framework for bimanual hand-object interaction, which
can augment the existing benchmark to large-scale photore-
alistic data with various hand-object pose and viewpoints.
The expanded dataset can further improve the performance
of the existing baseline. We propose the pose optimiza-
tion module to generate various physically feasible poses
of bimanual hand-object interaction and the super-resolution
module to improve the realism of rendered images using
3DGS. We perform our data augmentation on two bench-
marks, H20 and Arctic, and verify that our method can im-
prove the performance of the baselines.
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