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Abstract

Reconstructing high-fidelity 3D hands from egocen-
tric monocular videos remains a challenge due to the
limitations in capturing high-resolution geometry, hand-
object interactions, and complex objects on hands. Ad-
ditionally, existing methods often incur high compu-
tational costs, making them impractical for real-time
applications. In this work, we propose Mesh-inellipse
Aligned deformable Surfel Splatting (MASS) to ad-
dress these challenges by leveraging a deformable 2D
Gaussian Surfel representation. We introduce the
mesh-aligned Steiner Inellipse and fractal densifica-
tion for mesh-to-surfel conversion that initiates high-
resolution 2D Gaussian surfels from coarse paramet-
ric hand meshes, providing surface representation with
photorealistic rendering potential. Second, we propose
Gaussian Surfel Deformation, which enables efficient
modeling of hand deformations and personalized fea-
tures by predicting residual updates to surfel attributes
and introducing an opacity mask to refine geometry
and texture without adaptive density control. In ad-
dition, we propose a two-stage training strategy and
a novel binding loss to improve the optimization ro-
bustness and reconstruction quality. Extensive experi-
ments on the ARCTIC dataset, the Hand Appearance
dataset, and the Interhand2.6M dataset demonstrate
that our model achieves superior reconstruction perfor-
mance compared to state-of-the-art methods.

Keywords: Surfel, Reconstruction, Rendering, Hand

1. Introduction

Reconstructing and rendering high-fidelity 3D hand
models from egocentric RGB videos enables the genera-
tion of diverse, high-quality visual displays for tasks such as
rendering and synthetic datasets generation. This task has
wide-ranging applications, including virtual reality (VR)
[15] and augmented reality (AR) [29]. Personalized 3D

Figure 1. Hand reconstruction on real-world phone-shot videos.
Extracted frames from two videos are shown in the first row. The
second row images depict renderings of reconstructed hands.

hand rendering plays a key role in data augmentation for
gesture recognition and robotic manipulation [26]. Yet, it
remains exceptionally challenging due to self-occlusions,
rapid motion, limited viewpoints, and complex hand–object
interactions.

Existing methods for 3D hand reconstruction fall into
two camps. The implicit and explicit representations. Im-
plicit methods, such as Neural Radiance Fields (NeRF)-
based methods [2, 3, 19] reconstruct the geometry and ap-
pearance with neural representations. While implicit repre-
sentations like NeRF achieve high visual fidelity, they suf-
fer from slow rendering and high memory costs. On the
other hand, explicit parametric models such as MANO [27],
and the extensions like HTML [24] and HARP [11], rely on
parametric hand meshes to model hands with appearance.
They are efficient but lack the expressivity to capture fine-
grained deformations or hand–object contact details. Re-
cent advances in 3D Gaussian Splatting[13] offer real-time
rendering, yet they struggle with monocular egocentric set-
tings due to under-constrained geometry and poor surface
alignment.

To bridge this gap, we propose Mesh-inellipse Aligned
deformable Surfel Splatting (MASS), a novel framework
that combines the structural prior of parametric hand mod-
els with the rendering fidelity of 2D Gaussian surfels. It
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is designed to reconstruct a precise hand from egocentric
monocular RGB video. Our method leverages a mesh-
aligned Steiner Inellipse initialization to ensure geometric
fidelity, introduces a neural deformation module for dy-
namic detail, and employs a two-stage optimization strategy
for stable training. As shown in Fig.1, MASS reconstructs
high-fidelity hands from casually captured phone videos.
MASS accurately captures skin texture.

MASS consists of two key components, each address-
ing specific challenges in 3D hand reconstruction. In order
to achieve the end-to-end high-fidelity geometry and tex-
ture learning, we propose the first module, Mesh-to-Surfel
Conversion. The module directly converts the mesh tem-
plate into a high-resolution 2D Gaussian Surfel representa-
tion [6] without adaptive density control in 3DGS [13]. 2D
Gaussian surfels explicitly align intricate planar surfaces,
reduce artifacts commonly observed in 3D Gaussian with
less constrained data, and provide consistent rendering val-
ues across viewpoints. This direct conversion is guided by
the Steiner Inellipse of each triangular mesh face, which al-
lows us to compute surfel attributes such as centroid, scale,
and rotation with high precision. Unlike previous works
[28] that treat Gaussian initiation as a random process or
simply placing on mesh vertices, our method avoids conver-
gence and instability issues by leveraging the mesh structure
for initialization, ensuring that the surfels registration aligns
tightly with the underlying geometry. This module effec-
tively bridges the gap between coarse parametric meshes
and high-fidelity Gaussian splatting representations.

The second module, Gaussian Surfel Deformation, ad-
dresses the challenge of modeling flexible deformations and
dynamic hand motion. Hand-object interactions in egocen-
tric videos often involve complex movements that cannot be
captured by linear blend skinning. To solve this, we design
a neural deformation network that predicts residual updates
for surfel geometry with a learnable opacity to adaptively
adjust surfels. With a multi-resolution hashgrid encoder, a
neural feature encoder, and a decoder, the deformation net-
work enables accurate modeling of complex deformations
and unregistered regions of the hand.

To achieve photorealistic rendering with egocentric re-
construction. We adaptively design the optimization pro-
cess to address the impact of inaccurate camera pose es-
timation and the instability of training of the flexible de-
formations module. We propose a two-stage training strat-
egy in order to decouple geometry and texture optimization
with image silhouette and geometry supervision. In the first
stage, geometry attributes and low-frequency harmonics co-
efficients are optimized with attached Gaussian surfels to
avoid instability during the early stage of training. In the
second stage, opacity masks and high-frequency harmonics
coefficients are refined for detailed texture representation.
Additionally, we introduce a novel binding loss that ensures

training robustness and consistency between deformed sur-
fels and the original mesh geometry in the early training
stage.

Extensive experiments were conducted on ARCTIC [4]
and Hand Appearance [11]. Our method achieves faster
rendering speed and provides high-fidelity rendering results
(see Fig.1), outperforming state-of-the-art methods, such as
HARP [11] and 3D-PSHR [9]. The contributions of our pa-
per are summarized as follows:

• We propose a novel Mesh-to-Surfel Conversion mod-
ule that effectively solves conversion between para-
metric meshes directly and 2D Gaussian surfels with
a designed structure, enabling high-resolution geome-
try and texture representation.

• We introduce a Gaussian Surfel Deformation module
that models dynamic, enhancing the flexibility of hand
deformations using a neural deformation network, al-
lowing for precise adaptation to complex motions.

• We develop a two-stage training strategy and a novel
binding loss to optimize surfel attributes efficiently
while ensuring geometric consistency.

• Our method achieves state-of-the-art performance on
egocentric hand reconstruction and rendering, outper-
forming existing approaches in both accuracy and effi-
ciency.

2. Related Works

3D hand reconstruction from monocular video has seen
significant progress through both explicit mesh-based and
implicit neural representations, each offering distinct trade-
offs in fidelity, efficiency, and expressiveness.

2.1. Explicit Hand Reconstruction

Mesh-based methods have been widely adopted due to
their compatibility with established computer graphics and
visual effects pipelines. Early works such as MANO [27]
and SMPLX [20] introduced parametric models for the hu-
man hand and body meshes, incorporating robust shape and
pose priors to effectively capture hand articulation and body
motion. Subsequent works such as HTML [24], NIMBLE
[14], and HARP [11] extended MANO by modeling non-
rigid deformations and exploring texture feature learning.
However, the reliance on template models constrains their
expressivity to represent complex geometry and appearance
with motion variations.

Recently, 3D Gaussian Splatting (3DGS) [13] has
emerged as a promising representation for hand reconstruc-
tion and rendering. Unlike NeRF, 3DGS offers high fi-
delity, real-time rendering, and reduced memory require-
ments, making it suitable for dynamic and interactive ap-
plications. Methods like MANUS [22] extend the 3DGS



framework to achieve efficient and high-fidelity hand re-
construction by introducing an articulated 3D Gaussian rep-
resentation for markerless capture of human hand grasps.
However, MANUS requires multi-view setups for opti-
mal performance and has limited applicability in egocentric
monocular scenarios. In contrast, surface representations
such as 2D Gaussian surfels can more accurately fit intri-
cate surfaces while reducing noise and artifacts commonly
observed in overlapping 3D Gaussian spheres. 3GS-based
hand reconstruction methods, like 3D-PSHR [9] employs a
framework with dynamic upsampling and deformation, 3D-
PSHR achieves real-time performance and robust geome-
try fitting. While 3D-PSHR supports both single-view and
multi-view setups, its reliance on explicit point clouds can
result in a lack of fine detail in the reconstructed texture,
leading to inaccuracies in texture representation. Addition-
ally, point-based splatting methods may struggle to achieve
the same level of realism as implicit approaches when mod-
eling complex hand-object interactions or fine-grained ap-
pearance changes.

2.2. Implicit Hand Reconstruction

Implicit neural representations, such as Neural Radiance
Fields (NeRF), have been extensively applied to hand re-
construction tasks due to their ability to model complex
shapes and appearances. However, it struggles with limited
accuracy and requires significant computational resources,
including high memory usage and significant training and
inference costs. The LISA framework [3] pioneered a neu-
ral approach to modeling human hands by disentangling
shape, pose, and color representations. LiveHand [19] en-
ables real-time rendering of photorealistic hands but relies
heavily on pre-training with large-scale multi-view datasets.
HandNeRF [2] introduces a method to jointly reconstruct
the geometries of hands and objects from a single image
by encoding correlations between 3D hand features and 2D
object features.

In addition to NeRF-based methods and Gaussian-based
methods, other implicit representation approaches have
been proposed. For example, OHTA [36] introduces a one-
shot framework for animatable hand avatar creation using a
single RGB image. It employs a Hand Prior Network (HP-
Net) to encode geometry, texture, and shadow priors, en-
abling high-fidelity hand reconstructions. However, OHTA
is limited to static single-image inputs and does not handle
dynamic sequences or temporal consistency.

2.3. Dynamic Hand Modeling from Egocentric Video

With improvements driven by scaling up both the train-
ing data and model capacity, recent advances have lever-
aged parametric model regression combined with large-
scale pre-trained Transformer architectures to set new stan-
dards of hand pose reconstruction, predicting camera and

pose parameters as tokens. For example, HAMER [21] re-
constructs 3D hand meshes from monocular images cap-
tured in either third-person or egocentric views. To ad-
dress temporarily consistent hand reconstruction, numerous
works have further built upon HAMER to enhance perfor-
mance in specific applications. Extensively, WiLoR [23]
tackles challenges related to multi-target scenarios and real-
time requirements, while Dyn-HaMR [34] and HaPTIC [33]
focus on ensuring global pose consistency and the continu-
ity of hand motion in continuous estimation. Our method
is designed for monocular videos, built on a Transformer-
based reconstruction to enable end-to-end hand geometry
and texture learning.

However, existing approaches struggle to simultaneously
achieve high geometric fidelity, efficient dynamic model-
ing, and robust training in hand reconstruction and ren-
dering under egocentric monocular constraints—limitations
that our Mesh-in-ellipse Aligned deformable Surfel Splat-
ting (MASS) framework is designed to overcome.

3. Methodology

3.1. Overall Pipeline

As shown in Fig.2, the proposed pipeline reconstructs
precise hand geometry with texture features from egocen-
tric monocular RGB video. To achieve this, we introduce
two key modules: Mesh-to-Surfel Conversion and Gaus-
sian Surfel Deformation. The pipeline consists of four main
stages: Preprocessing, Mesh-to-Surfel Conversion, Gaus-
sian Surfel Deformation, and Rendering and Optimization.

3.2. Mesh-to-Surfel Conversion.

To achieve the photo-realistic rendering only using the
prior of the MANO parametric model, we propose a Mesh-
to-Surfel Conversion module that transforms the coarse
MANO mesh into a high-resolution 2D Gaussian Surfel
(2DGS) representation. 2D Gaussian surfels [6] represent
surfaces as oriented elliptical Gaussian disks parameterized
by the centroid px, scale s, and rotation r, along with opac-
ity � and view-dependent appearance attributes shs. 2D
Gaussian surfels provide an intermediate representation that
connects 3DGS and surface geometry. 3DGS can be trans-
ferred from surfel representation by setting the third com-
ponent of the 3DGS’s scale to near zero along the normal
vector [32, 30]. This enables our work to be integrated into
other 3DGS-based and mesh-based workflows.

We initialize the geometric surfel attributes (centroid,
scale, and rotation) directly from the deformed mesh tem-
plate using the properties of the Steiner Inellipse, ensuring
that the attached surfels are bonded to the correct surface
geometry. Unlike SE(3) or affine deformation fields that
operate in 3D space and require careful regularization to
avoid self-intersections or drift, surfel-based splatting oper-



Figure 2. Overall pipeline of our method. Starting with an egocentric monocular RGB video{Ik}nk=1, our pipeline first generates a
parametric hand mesh T using a pre-trained model. The Mesh-to-Surfel Conversion module then transforms the coarse mesh T into a
high-resolution 2D Gaussian Surfel representation, initializing surfel attributes (centroid px, scale s, and rotation r). Next, the Gaussian
Surfel Deformation module refines these attributes by predicting residual updates (δpx, δs, δr) and generating an opacity mask Mα

to model complex hand deformations. Finally, the refined surfels are rendered following the 2D Gaussian Splatting pipeline, producing
high-fidelity hand geometry and texture reconstructions. The optimization losses include image-based reconstruction loss Lc, geometry
constraints Ld, and Ln, and weak geometry supervision Lsil from the SAM-HQ segmentation result.

ates in a 2.5D local parameterization, naturally constrain-
ing deformations to plausible surface offsets. This design
aligns with the observation that fine hand details predom-
inantly manifest as normal-direction displacements rather
than full 3D warps. Providing bonded surface avoids the
convergence and instability issues observed when only ini-
tiating detached Gaussian surfels. Besides, mesh and surfel
subdivision enable high-fidelity rendering. The conversion
consists of two main steps: mesh refinement and surfel reg-
istration, as described in detail below.

Mesh refinement. The process begins with refining
MANO model [27] mesh template with shape and pose
parameters. The shape parameters � describe the geome-
try feature of the hand using coefficients of a PCA-based
model. The pose parameters � define the rotation angles
between adjacent joints. The MANO mesh T contains the
3D coordinates of all vertices vk and the mesh face identi-
ties i, where vk represents the k-th vertex in the mesh and i
represents the i-th triangular face in the mesh.

To prepare the mesh for surfel registration, we refine its
resolution using loop subdivision [16], which subdivides
each triangular face of the mesh into smaller triangles. The
loop subdivision provides a relatively average densification
effect across the mesh. To avoid over-smoothing and a plain
visual appearance—particularly in hand rendering due to
scale changes, we introduce Fractal Densification. See from
the surfel densification part of Fig.2, Steiner Inellipse cov-
ers most of the original triangle. However, in our hypothe-
sis, the remaining area close to the vertices is supposed to

be the area of high-frequency detail. We were inspired by
the Sierpinski triangle, using Fractal Densification to fit in
the remaining area.

Surfel registration. After refinement, the module regis-
ters attached 2D Gaussian surfels for each triangular subdi-
vided mesh face. A surfel compactly represents local geom-
etry and texture. The geometric attributes of each surfel, in-
cluding its centroid px, scale s, and rotation r, are directly
derived from the geometry of the underlying triangular face
using the properties of Steiner Inellipse. In our proposed
method, the opacity � does not involve the density con-
trol. The opacity and appearance shs are view-dependent
as learnable parameters for rendering and optimization for
flexible surface displacement.

In the surfel registration process. The centroid px of
each surfel is computed as the average of the three vertices
of the triangular face:

px =
1

3
(vA + vB + vC); (1)

where vA, vB , and vC are the 3D coordinates of the trian-
gle’s vertices. This centroid serves as the central position of
the surfel and ensures that the surfel is positioned accurately
within the hand geometry.

The scale s of the surfel is derived from the Steiner In-
ellipse, which is the largest inscribed ellipse that fits inside
the triangle. The ellipse is tangent to the midpoints of the
triangle’s edges and provides a robust geometric basis for
estimating the surfel’s size. The edge lengths of the trian-



gle, denoted as a; b; c, are used to compute scale s = [s1; s2]
of the ellipse:

s1 = 1
6 (a2 + b2 + c2 + 2F )

1
2

s2 = 1
6 (a2 + b2 + c2 � 2F )

1
2 ;

(2)

where F is given by:

F = (a4 + b4 + c4 � a2b2 � b2c2 � c2a2)
1
2 : (3)

The rotation vector r = (tu; tv) defines the orientation
of the surfel within the tangent plane of the triangular face,
where tu and tv are orthogonal basis vectors aligned with
the major and minor axes of the Steiner Inellipse. These
vectors are computed as follows. The vertices of the trian-
gle are first represented in the tangent plane using Euler’s
formula:

A = rAe
i�A ; B = rBe

i�B ; C = rCe
i�C ; (4)

where rA, rB , rC are the distances of the vertices from the
centroid, and �A, �B , �C are the angular positions of the
vertices relative to the positive u-axis.

The focus Z of the Steiner Inellipse, which helps deter-
mine the orientation and alignment of the ellipse within the
tangent plane, is computed as:

Z =
1

3
(A+B+C�(A2 +B2 +C2�BC�CA�AB)

1
2 )

(5)
Then, the 3D vertices vA, vB , vC are projected onto the
triangle’s tangent plane to obtain their Cartesian coordinates
(x; y):

vA ! (xA; yA); vB ! (xB ; yB); vC ! (xC ; yC): (6)

Using the projected Cartesian coordinates, the covariance
matrixC of the triangle can be computed. The eigenvectors
of C represent the directions of the major and minor axes of
the Steiner Inellipse. These eigenvectors are used to define
the rotation vector:

r = (tu; tv) = Eig(C): (7)

3.3. Gaussian Surfel Deformation

As the original mesh surface and its attached surfels are
limited to template geometry, we introduce a Gaussian Sur-
fel Deformation module that predicts the residual updates
for the attributes of detached surfels using a neural network-
based approach.

As shown in Fig.4 (a), the deformation of the converted
surfels is modeled using three networks: a multi-resolution
hashgrid encoder, a neural feature encoder, and a decoder.
These networks estimate the residual attributes, including
the centroid position, scale, and rotation. Below, we de-
scribe the role of each network in detail.

Test-set Methods LPIPS # PSNR " MS-SSIM "

waffle HARP 0.0345 28.74 0.9728
Ours 0.0328 34.33 0.9783

capsule HARP 0.0359 29.37 0.9779
Ours 0.0381 31.22 0.9816

phone HARP 0.0317 30.18 0.9767
Ours 0.2740 32.50 0.9807

notebook HARP 0.0342 29.02 0.9755
Ours 0.0271 38.63 0.9833

scissors HARP 0.0232 28.67 0.9804
Ours 0.0141 38.81 0.9929

Table 1. Quantitative Evaluation on the ARCTIC dataset [11].

Figure 3. Varied Interacting objects and subjects of the quantitative
evaluation on the ARCTIC dataset [4]. The Y-axis represents the
best PSNR evaluation result on each test set.

Multi-resolution hashgrid encoder. The first compo-
nent is a multi-resolution hashgrid encoder Ench proposed
in Instant-NGP [18]. The inputs to the hashgrid encoder in-
clude the 3D coordinates of the Gaussian surfel centroid px
and the initial mesh face identity i. The identity i indicates
the triangular face to which the surfel belongs. The hash-
grid encoder outputs a feature vector fh, which captures
localized deformation-relevant information:

fh = Ench([px; i]): (8)

Neural feature encoder. The second component is a
neural feature encoder Encn composed of fully connected
layers. This network refines the features extracted by the
hashgrid encoder fh and incorporates global deformation
context by concatenating fh with the shape parameters �
and pose parameters � obtained from the preprocessing
stage. The neural feature encoder processes this concate-



Figure 4. (a) represents the architecture of the deformation mod-
ule; (b) demonstrates some intermediate rendering results. Depth
Distortion Map shows the inconsistency of the intersecting surfels.
Surfel Map indicates the center of surfels with white small disks.

nated input through a series of fully connected layers to
produce a re�ned feature representation fr :

f r = Encn ([f h ; �; �]): (9)

Decoder. The �nal component is a decoder Dec
which predicts the residual updates for the surfel attributes.
Speci�cally, the decoder outputs the residuals for the cen-
troid �p x , scale �s, and rotation �r of each surfel. Besides,
it also generates an opacity mask M� which adaptively ad-
justs the opacities � of all surfels. The decoder takes the
re�ned feature representation fr as input:

[�p x ; �s; �r; M � ] = Dec(f r ): (10)

The predicted residuals are used to re�ne the initial surfel
attributes. The �nal deformed attributes are computed as:

p
0

x = p x +�p x ; r
0

= r+�r; s
0

= s+�s; �
0

= �
M �

(11)
We hypothesize that the combination of a multi-

resolution hashgrid encoder and a lightweight MLP strikes
an optimal balance between local geometric expressivity
and global deformation consistency: the hashgrid ef�ciently
captures high-frequency, spatially localized hand deforma-
tions, while the MLP integrates global pose and shape priors
to ensure coherent, physically reasonable motion across the
entire hand surface—all while maintaining computational
ef�ciency due to the sparse, hierarchical nature of the hash-
grid and the compactness of the MLP.

3.4. Rendering and Optimization

3.4.1 Rendering

For rendering, we adopt the 2D Gaussian Splatting (2DGS)
pipeline introduced in [6]. For further details on the under-
lying rendering mechanics, we refer readers to [6].

3.4.2 Optimization

Below, we describe the loss functions and the two-stage
training strategy in the differentiable optimization pipeline.
In the �rst stage, the focus is on optimizing the geometry at-
tributes of both the attached and detached surfels, including
the geometry attributes and the low-frequency harmonics
coef�cients, to provide a coarse description of the surface
appearance. In the second stage, the geometry attributes
learned in the �rst stage are �xed, and the optimization en-
ables learning of the opacity mask, which controls the den-
sity of detached Gaussian surfels and the high-frequency
harmonics coef�cients. This stage re�nes the texture de-
tails, enabling the model to capture high-frequency appear-
ance features.

We employ a combination of loss functions to supervise
the optimization process. For further details on the depth
distortion loss and the normal consistency loss, we refer
readers to [6]. The total loss is de�ned as:

L = � dL d + � n L n + � cL c + � sil L sil + � bL b; (12)

where each term corresponds to a speci�c supervision ob-
jective:

1. Depth Distortion Loss Ld: This L1 loss minimizes
the depth disparity of intersecting 2D surfels in the im-
age space, ensuring a consistent depth representation.

2. Normal Consistency Loss Ln : This term aligns the
gradient of the depth map with the normal vectors of
the 2D surfels, ensuring smooth surface transitions.

3. Image Reconstruction Loss Lc: To ensure photomet-
ric consistency, we combine an L1-based reconstruc-
tion term with a D-SSIM term for perceptual quality
[13].

4. Silhouette Loss Lsil : This loss enforces alignment
between the rendered silhouette of the surfels and a
ground truth silhouette mask [5]. We generate the
ground truth mask using SAM-HQ [12].

5. Binding Loss Lb: To ensure that Detached Gaussian
surfels remain close to the hand geometry, we intro-
duce a binding loss. This loss penalizes discrepancies
between the deformed surfels and the corresponding
original mesh surface. A cutoff threshold � is applied
to prevent surfels from being too restricted to the orig-
inal mesh geometry. For a surfel i and its associated
mesh face j, the binding loss is de�ned as:

L b =
X

i

X

j

! ij max(dij ; �)(1 � n T
i

e1j � e2 j

je1j � e2 j j
)

(13)



Figure 5. Comparison of rendering results with HARP on the ARCTIC dataset. Test results are shown for the sequences 's01 laptop use'
and 's02 waf�e use'. Our method reconstructs the markers on the hand more clearly.”

where ! ij indicates whether the surfel i belongs to
mesh face j (!ij = 1) or not (! ij = 0), d ij repre-
sents the distance between the surfel centroid and the
mesh face, ni refers to the normal vector of the i-th
surfel, and e1j , e2j are the edges of mesh face j, used
to compute the face normal.

4. Experiment

4.1. Experimental Setting

Datasets and Baselines: To validate the robustness of
MASS under diverse egocentric conditions, we evaluate on
three challenging benchmarks:

1. ARCTIC for complex hand–object interactions in ego-
centric videos;

2. Hand Appearance for �ne-grained texture and appear-
ance reconstruction;

3. InterHand2.6M to assess the generalization of hand
rendering under stereo settings.

We evaluated our method with state-of-the-art methods on
the stable camera captured monocular dataset: Hand Ap-
pearance [11], compared to previous SOTA works [9, 11].
In terms of quantitative evaluation on the Hand Appear-
ance dataset, we follow the setting of [9] to split the
dataset and resize images. Although our model is not de-
signed to handle multiview input, we evaluated our method
in the default setting(without additional multiview cam-
era calibration supervision) with previous SOTA methods

Methods PSNR" LPIPS# SSIM "

HARP 21.50 0.107 0.878
3D-PSHR 23.55 0.095 0.893

Ours 26.32 0.091 0.921
Table 2. Quantitative evaluation on the Hand Appearance dataset
[11].

[1, 7, 8, 9, 10, 25, 31] on the InterHand2.6M [17] 5fps
validation set. We follow the HandAvatar[8] evaluation
process, including choosing training data and validation
data, center-cropping images, and resizing. We also eval-
uated our model and HARP on ARCTIC from an egocen-
tric view at 1400*1000 pixels. To ensure fair comparison.
The MANO parameters with 3D poses for HARP optimiza-
tion are also provided by WiLoR. Our method operates ef-
�ciently on a single RTX 4090 GPU, with rendering time
costing less than half that of HARP, which is signi�cantly
faster than implicit methods and competitive with real-time
3DGS approaches. For details on the dataset and experi-
mental settings, please refer to the supplementary materials.

In addition, we test our model on the egocentric view
of ARCTIC [4]. The sequences are divided into 80%
for training and the rest for the test. We implement our
method of rendering at 1400�1000 resolution, compared
with monocular-speci�ed work HARP [11].

Implementation: We implement our end-to-end train-
ing pipleine on the hand perception model WiLoR [23], the
segmentation model the ViT-H version SAM-HQ. And we




