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Abstract

The reconstruction of animatable human avatars us-
ing 3D Gaussian Splatting (3DGS) demonstrates sig-
nificant potential. However, most existing approaches
rely on generic human templates and restrict non-rigid
modeling to the canonical space. Although this strat-
egy provides stability, it underutilizes the expressive
power of 3DGS and often leads to loss of fine details
in dynamic scenarios. To this end, we introduce FiGA,
a two-stage framework that combines the high-fidelity
representation of 3D Gaussian Splatting with the dy-
namic modeling power of CNNs. Our approach starts
by constructing a personalized Gaussian representa-
tion through 3DGS-based differentiable rendering, with
the optimized geometry and attributes embedded into
dense UV maps. We then introduce a dual-space dy-
namic modeling strategy: pose-conditioned structural
pre-adaptation in the canonical space provides global
stability, followed by a refinement network in the posed
space that recovers high-frequency details. This struc-
tured decomposition enhances both optimization stabil-
ity and detail fidelity. Experimental results demonstrate
that the proposed method significantly enhances render-
ing quality, yielding superior results over prior work in
both visual comparisons and quantitative metrics.

Keywords: Human Reconstruction, 3D Gaussian, Neu-
ral Rendering, Avatar

1. Introduction

High-fidelity and animatable digital human avatars are
pivotal for enabling immersive experiences in applications
including virtual reality, film production, and the metaverse.
Traditional reconstruction pipelines, which depend on ex-
pensive scanning systems and labor-intensive manual mod-
eling, are inherently costly and difficult to scale [4]. In
response, significant research efforts have shifted toward
reconstructing photorealistic and drivable avatars directly
from multi-view video data [1, 37,49, 53], offering a more
scalable and accessible alternative. However, the challenge
of designing avatar representations that balance structural

stability with pose-dependent details persists as a key issue,
driving the development of diverse approaches.

The pursuit of animatable avatars has evolved via sev-
eral representational paradigms. Early works relied on ex-
plicit mesh-based representations, often extending paramet-
ric models like SMPL [29] with learned vertex displace-
ments to model clothing [2, 6, 7]. Although efficient, these
methods were constrained by a fixed mesh topology, which
hindered the accurate representation of complex geometries
including loose garments and detailed hair [3,20]. A signifi-
cant shift occurred with the emergence of implicit represen-
tations, especially Neural Radiance Fields (NeRF) [30]. By
constructing a continuous volumetric field within a canoni-
cal space [8,32,46], NeRF-based methods enabled the mod-
eling of arbitrary topologies and achieved superior render-
ing fidelity. However, the sampling process required by
volumetric rendering prevented real-time application. Fur-
thermore, the intrinsic spectral bias of multilayer percep-
trons [40] attenuated high-frequency surface details, com-
promising geometric precision.

Recently, 3D Gaussian Splatting (3DGS) [21] has
emerged as a prominent alternative for dynamic scene rep-
resentation. The explicit, point-based nature of 3DGS pre-
serves high visual quality while enabling real-time render-
ing [17,23,24,31, 36, 53]. These methods demonstrate
exceptional proficiency in synthesizing complex, pose-
dependent details and achieving high-fidelity rendering re-
sults.

Despite the success of these 3DGS-based methods, they
largely follow a common architectural strategy. Specif-
ically, non-rigid corrections are predicted within a static
canonical space, rather than directly in the dynamic posed
space. Although this stability-driven approach mitigates op-
timization instabilities, it introduces a critical limitation: an
“open-loop” learning process. In this setup, the network
is required to pre-compensate for dynamic effects without
receiving feedback from the final geometry. Such decou-
pling often forces a single network to address both global
structural errors and local details, leading to optimization
entanglement.

To address these challenges, our method decomposes the



problem into two primary stages. First, static personaliza-
tion is separated from dynamic modeling by constructing
a personalized Gaussian template. Instead of relying on a
generic model, a set of subject-specific 3D Gaussians is op-
timized from multi-view videos. Their attributes are then
embedded into continuous UV maps to establish a stable,
personalized foundation. This template fixed shape con-
straints of generic SMPL to better capture subject-specific
attire. Building upon this foundation, a dual-space frame-
work for dynamic modeling is introduced. The first step
involves a coarse, pose-conditioned pre-adaptation in the
canonical space to manage large-scale structural variations.
This is followed by a fine-grained refinement network oper-
ating directly in the posed space. Freed from global struc-
tural considerations, this network concentrates solely on the
local post-deformation correction of high-frequency surface
details. By refining geometry in the posed space, FiGA pro-
vides direct feedback for high-frequency synthesis. The
structured decomposition of the problem ensures a clear
separation of concerns, enhancing both modeling stability
and the expressive detail of the reconstructed avatar. Our
main contributions are as follows:

* A personalized canonical representation is proposed
via parameterizing optimized Gaussian attributes into
UV texture space. This approach disentangles the
modeling of subject-specific static attributes from dy-
namic deformation, establishing a personalized foun-
dation for modeling pose-dependent deformations.

e A dual-space architecture is proposed to decouple
coarse structural adaptation from fine-grained detail
refinement. By assigning specialized tasks to their re-
spective coordinate spaces, this framework helps mit-
igate optimization entanglement and improves render-
ing fidelity.

» Experimental results on public datasets confirm the ef-
fectiveness of our method, with improvements in both
reconstruction accuracy and rendering fidelity.

2. Related Work

Explicit representation serves as the foundational
paradigm for constructing animatable digital humans, a
technological preference primarily attributable to its ro-
bust compatibility with conventional graphics rendering
pipelines. The canonical pipeline commences with the
reconstruction of a static mesh using Multi-View Stereo
(MVS) or 3D scanning techniques [9,4 1]. This foundational
mesh subsequently undergoes a rigging process, wherein it
is bound to a parametric skeleton to enable animation. To
model dynamic appearance changes, some methods lever-
age neural networks for generating pose-conditioned tex-
tures in UV space [4, 14, 47, 48]. Despite methodologi-
cal maturity, this approach faces fundamental limitations.

High-fidelity geometry acquisition requires dense multi-
view systems and computationally expensive offline pro-
cessing [13, 39]. Furthermore, the topological invariance
of polygonal meshes inherently constrains their ability to
represent complex deformable structures and surface dis-
continuities, as exemplified in garment motion simulation.

In response to these limitations, Neural Radiance Fields
(NeRF) [30] have emerged as a compelling alternative for
high-fidelity human avatar reconstruction from multi-view
video data [18,25,26,33]. These approaches typically op-
erate by warping points from an observed pose to a canoni-
cal space [5,10,16,19,43], frequently incorporating learned
residual deformations to model dynamic appearance details
[11,28,50]. However, this paradigm encounters fundamen-
tal challenges. From a computational perspective, volumet-
ric rendering remains costly because dense sampling and
an ill-posed inverse deformation mapping necessitate slow
numerical solvers. Architectural optimizations such as the
hash encodings in InstantNVR [12] and AvatarRex [52] ac-
celerate rendering but do not resolve the intrinsic limita-
tion of representational capacity. The underlying MLPs ex-
hibit spectral bias [40], which restricts the reconstruction of
high-frequency details, producing overly smooth or blurry
outputs and motivating the pursuit of alternative representa-
tions.

Recent advances have converged on 3DGS [21], whose
explicit representation, high-fidelity, and real-time render-
ing provide a powerful basis for dynamic avatar reconstruc-
tion. Building on this foundation, representative methods
such as GauHuman [ 7], GoMAuvatar [45], and SplattingA-
vatar [38] animate canonical 3D Gaussians by anchoring
them to the parametric SMPL body model [29] and apply-
ing Linear Blend Skinning (LBS). However, since LBS can-
not capture non-rigid deformations, two correction strate-
gies have emerged. The first employs MLP-based resid-
ual prediction, as in GART [23], 3DGS-Avatar [36], and
HUGS [22], to learn pose-dependent offsets. Despite its
simplicity, this strategy inherits the spectral bias of NeRF-
based models, yielding overly smoothed details. To address
this limitation, an alternative approach exploits CNNs on
UV maps for high-frequency synthesis, which has been val-
idated by state-of-the-art methods with superior rendering
quality [15,27,31]. Those methods typically focus on neu-
ral texture synthesis within a single coordinate space. FiGA,
however, decouples the modeling into canonical and posed
spaces. Global stability and local refinement are optimized
separately to ensure high-fidelity results.

3. Method

Given multi-view RGB videos of a subject along with
the corresponding SMPL registration parameters, our ob-
jective is to reconstruct an animatable 3D Gaussian avatar
with high fidelity. We design a fully 3DGS-based two-stage
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Figure 1. Overview of our two-stage reconstruction framework. In the first stage, we build a personalized template by jointly optimizing
the mesh with its anchored 3D Gaussian attributes. The resulting attributes are then parameterized into continuous UV maps to provide
a reliable foundation. The second stage introduces a dual-space framework that explicitly decouples the learning objective. A StyleUNet
performs pose-conditioned adjustments in the canonical space; a Geometry-Aware Refinement Network (GARNet) then recovers fine-

grained dynamic details in the posed space.

reconstruction method, as illustrated in Figure 1. In the first
stage, the SMPL mesh is extended under the supervision of
a 3DGS renderer to generate a Gaussian human representa-
tion, which is subsequently parameterized into a set of 2D
Gaussian attribute maps. This texture-like representation
reformulates the mapping from skeletal motion to Gaussian
splatting parameters as an image-to-image translation task.
In the second stage, a dual-space optimization framework
models pose-dependent non-rigid deformations, effectively
decoupling the optimization of global structural corrections
from fine-grained detail synthesis.

3.1. Personalized Gaussian Template

The canonical SMPL model represents an average hu-
man topology and skeleton, failing to capture individual ge-
ometric variations or clothing-induced offsets. To estab-
lish a reliable foundation for high-fidelity reconstruction,
we construct a personalized template that integrates subject-
specific geometric and appearance priors, effectively com-
pensating for the details omitted by the generic body model.

3.1.1 Optimization of Mesh-Anchored Gaussian At-
tributes

To construct a personalized Gaussian template, we jointly
optimize a customized mesh Mgy and mesh-anchored
Gaussian attributes over the entire video sequence. Fol-
lowing GoMAuvatar [45], all Gaussian points are rigidly an-
chored to the triangular faces of the standard SMPL mesh
in canonical space. Diverging from standard 3DGS, the
optimization indirectly controls Gaussian positions through
learnable per-vertex offsets Av; on the SMPL mesh and

represents appearance with a base RGB color c; rather than
spherical harmonics. These offsets Av; allow the template
to diverge from the restricted tight-fitting body surface, en-
abling the capture of loose attire and identity-specific ge-
ometry.

To enable adaptability to sparse or monocular view input,
all frames are leveraged for dynamic supervision. Specifi-
cally, the canonical representation is deformed into target
poses using LBS. The covariance matrix 3; of each Gaus-
sian primitive in the posed space is computed as:

3 = Ai(R;S;STRI)AT, (1)

where R,; and S; denote the local rotation and scaling matri-
ces for each Gaussian, and A ; represents the local-to-world
affine transformation derived from the vertices of its anchor
face in the posed mesh [45]. Eq. (1) aligns each Gaussian
with its supporting surface, effectively shaping it into a thin
sheet closely conforming to the mesh.

During optimization, we strictly maintain the one-to-one
binding between Gaussian points and mesh faces, without
altering their count by sub-division. Through the differen-
tiable rendering and skinning pipeline, gradients from the
entire dynamic sequence are propagated back to the canon-
ical space. This gradient propagation facilitates the joint
optimization of a coherent set of Gaussian attributes along-
side the vertices of the underlying SMPL mesh. Refined
vertex positions are computed by applying learnable per-
vertex offsets Av; as:

V,; =V; + AVi, (2)

where v; and v, denote the original and optimized vertex
positions in canonical space, respectively.



3.1.2 2D Parameterization and Densification

Although convolutional networks excel at processing grid-
structured data, optimized Gaussian attributes reside on dis-
crete primitives. To reconcile this representational mis-
match, per-face attributes are parameterized into dense 2D
maps via the intrinsic UV space of SMPL. Specifically, for
each attribute type a, a sparse 2D map I} is constructed.
Each per-face attribute value a; is mapped to the UV coordi-
nate u; corresponding to the centroid of its anchor triangle:

Iflparse (u) _

> a;-d(u—u), 3)

where 0(-) denotes the 2D Dirac delta function and Ny is
the total number of mesh faces. As sparse maps are unsuit-
able for convolution, a differentiable kernel-based densifi-
cation operator D is applied to produce continuous attribute
fields:

I, () = D(Iye) = im0 2

N
2w, wg)

where the weighting function w(u, u;) is a Gaussian ker-
nel defined as w(u,u;) = exp(—||u — w;||?/20?%), with
o controlling the kernel width. Differentiable densification
transforms discrete primitives into a structured representa-
tion suitable for the subsequent dual-space synthesis, ensur-
ing stable optimization of pose-dependent details.

The 3D vertex positions of the optimized mesh Mgypp.
are parameterized into UV space, producing a canonical po-
sition map. Combined with densified scale, opacity, and
color maps, a set of spatially aligned coarse Gaussian at-
tribute maps Icoarse is formed in canonical space. Each UV
pixel within the mask corresponds to a potential Gaussian
primitive whose canonical attributes are initialized from
Tcoarse- Simultaneously, LBS weights from SMPL vertices
are propagated to all Gaussian points through k-NN diffu-
sion, endowing them with skeleton-driven motion.

“)

3.2. Dual-Space Synergistic Synthesis of Dynamic De-
tails

The personalized template provides a canonical foun-
dation yet lacks pose-dependent details, such as non-
rigid deformations and appearance variations essential for
high-fidelity reconstruction. To overcome this limitation,
we introduce a dual-space framework that applies global
pose-conditioned structural corrections in canonical space
and synthesizes fine-grained local details in the posed
space. Our synergistic architecture distributes modeling
tasks across dual coordinate systems. This balance main-
tains global stability while leveraging direct feedback from
the target posture to recover high-frequency textures.

3.2.1 Pose-Conditioned Attribute
Canonical Space

Adjustment in

In canonical space, pose-dependent global variations rela-
tive to the personalized template are modeled, encompass-
ing large-scale geometric deformations and surface appear-
ance changes. Compared with direct learning in the posed
space, this approach exhibits greater stability, as it operates
prior to skinning and leverages the template’s geometric pri-
ors. To effectively encode global pose information into the
detail-rich personalized template, a StyleUNet-based net-
work [42] is employed.

To obtain a compact pose representation, the canonical
position map is first transformed into the target pose via
LBS, yielding the posed position map Igﬂs. Subsequently, a
lightweight encoder &£pq maps this to a compact pose em-
bedding:

Zpose = gpnse (I;gotq) (5)

The pose embedding zp.. implicitly captures the tempo-
ral state of the motion sequence, driving the reconstruction
without requiring an explicit time index.

The coarse attribute maps I.o.se generated in Sec. 3.1
serve as the backbone input, offering stable global geom-
etry and surface priors. The low-dimensional pose vector
Zpose 18 injected as a style code to guide the prediction of
pose-conditioned residuals. Compared with directly using
the posed position map as input, our design offers two ad-
vantages: (i) Lcoarse integrates multi-view information, sup-
plying more complete geometric and appearance priors for
residual prediction; (ii) encoding pose into a compact style
embedding helps disentangle pose from identity, allowing
the network to focus on learning pose-dependent variations.
The network produces pose-conditioned residual attribute
maps:

Alcoarse = StyleUNet(Icoarse @ ILgotS’ Zpose)7 (6)

where @ denotes channel-wise concatenation. The residuals
are subsequently added to the canonical attributes, produc-
ing pre-adapted canonical maps that incorporate structural
compensation for the target pose.

3.2.2 Dynamic Geometric Refinement in the Posed
Space

Following structural compensation, the canonical attributes
are deformed to the target pose using LBS. We introduce
a Geometry-Aware Refinement Network (GARNet) dedi-
cated to geometric refinement, capturing fine-grained local
shape variations within the posed space.

Direct regression of final world coordinates is inherently
ill-posed due to the absence of geometric constraints, which
frequently leads to fragmented or noisy surfaces. To achieve
stable and physically plausible refinements, displacements



are predicted in the local tangent—bitangent—normal (TBN)
space of each point, constraining modifications to the sur-
face manifold and preventing spurious deformations. TBN-
based parameterization preserves local geometric consis-
tency, a crucial constraint absent in unconstrained global
coordinate regression. GARNet produces a multi-channel
detail map defined as:

{Aplbm AS, AO[} = GARNet(Nposed @ Pposed)a (7N

where Ppoeq is the posed position map obtained by apply-
ing LBS to the pre-adapted canonical geometry, Npoeq is
the corresponding normal map, Apgy, denotes local dis-
placement in the TBN space, and As, A« are residual
corrections for anisotropic scale and opacity, respectively.
Because the refinement operates directly on the deformed
geometry, GARNet synthesizes pose-dependent details that
remain coherent with the continuous skeletal motion.

Clothing-related high-frequency details are strongly cor-
related with second-order surface geometry. To capture
these effects, Pposeq and Npgeeq are augmented with two ad-
ditional features prior to inputting them into GARNet: (i)
Fourier positional encodings derived from UV coordinates
for absolute spatial awareness, and (ii) curvature maps com-
puted from the normal field to characterize local surface
bending. These features focus the network on intricate cloth
folds, thereby concentrating visual gains on the most chal-
lenging high-frequency regions.

To efficiently process high-resolution feature maps, we
introduce a hybrid block architecture. Lightweight resid-
ual blocks are used at high-resolution stages, and gated
geometry-aware blocks at lower-resolution stages. Guided
by curvature maps, these blocks combine convolution ker-
nels with varying dilation rates, adapting the receptive
field to local geometric complexity. Gated geometry-aware
blocks’ outputs are modulated by gating signals from global
features, effectively ensuring that fine-grained local refine-
ments remain consistent with the global articulated motion.

In the final attribute integration stage, the tangent-space
basis My,, at each point is computed from the gradients
of Pposed. The final refined position Pgpy is obtained
by adding a world-space displacement map AP, to the
posed geometry:

Phna = Pposed + APmapa 3
where APmap = Mtbn ' Aptbn-

Direct regression of 3D rotations is challenging and
prone to invalid solutions. Instead of predicting rotations
directly, we deterministically determine the final rotation
from the TBN basis of the refined geometry Py, . This ba-
sis is computed from the gradients of the refined positions
and then converted from its matrix representation to the final
quaternion. Other geometric attributes are updated residu-

ally. A lightweight MLP is employed to refine canonical-
space color predictions conditioned on the viewing direc-
tion, accounting for view-dependent effects such as specu-
lar highlights.

3.3. Training

Our total training loss £ consists of two main parts: a
photometric loss Lpnoto and a regularization loss Lreg:

L= 'Cphoto + £reg~ 9

1) Photometric Loss: The photometric loss enforces con-
sistency between the rendered image and the ground-truth
observation. It comprises an L1 loss, a perceptual LPIPS
loss, and an SSIM loss:

Ephoto = )\ll'cll + )\lpipsﬁlpips + )\ssimﬁssim- (10)

The L1 loss enforces pixel-level color fidelity. The
LPIPS and SSIM losses are computed on randomly sampled
image patches, emphasizing perceptual quality and high-
frequency structural details, respectively.

2) Regularization Loss: To ensure training stability and
maintain geometric plausibility, a regularization loss L is
employed:

£reg = )\offsetﬁoffset + /\lapﬁlap + )\scaleLscale- (1 1)

Here, Lo 1S an L2 loss used to constrain the predicted
offsets of the Gaussian points in the canonical space. L,
denotes a curvature-aware regularizer that constrains the
magnitude of corrections in the posed space displacement
field, formulated as a weighted norm of the discrete Lapla-
cian vectors:

Ligp = Ey [[[W(u) - (V2APpgp)(u)ll2] ,  (12)

where the weight map W (u) is designed to be adaptive to
the local surface curvature. We define it as:

W) = (145 |V Npea(@)|l2) . (13)

Here, the curvature is approximated by the Laplacian of
the posed normal map Npeq. The hyperparameter « bal-
ances the sensitivity to this curvature. Consequently, the
penalty is stronger in flatter regions (low curvature) and re-
duced in high-curvature areas, such as clothing folds, pre-
serving sharp details. Finally, Ly penalizes large Gaus-
sian scales to encourage compactness.
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Figure 2. Comparison on ZJU-MoCap. “GoM” means GoMAvatar and “GH” means GauHuman. Our method generates fewer artifacts
and achieves a significant improvement in the reconstruction of clothing regions.

4. Experiments
4.1. Datasets and Evaluation Metrics

4.1.1 Datasets

To rigorously evaluate the proposed methodology, we per-
formed comprehensive experiments on two established hu-

man modeling benchmarks: ZJU-MoCap [34] and Peo-
pleSnapshot [3]. The ZJU-MoCap dataset comprises multi-
view sequences captured by a system of over 20 synchro-
nized cameras recording subjects performing complex mo-
tions. To evaluate the reconstruction performance of our
method under sparse-view conditions, we selected six sub-
jects for evaluation. For each subject, five camera views



were used for training, while the remaining unseen views
were utilized to assess novel view synthesis quality. The
PeopleSnapshot dataset consists of monocular videos fea-
turing subjects rotating before a static camera. To main-
tain standardized and comparable experimental conditions,
we adopted the same evaluation protocol as GauHuman
and Instant-Avatar, reporting average quantitative metrics
across the dataset.Although prior work like GauHuman [17]
utilizes a single-view setting, we adopt a 5-view configura-
tion to introduce stronger multi-view constraints, which are
essential for recovering the high-frequency garment details
and complex non-rigid deformations that FiGA is designed
to address.

4.1.2 Evaluation Metrics

For quantitative assessment of rendering quality, we em-
ployed three established metrics: Peak Signal-to-Noise Ra-
tio (PSNR), Structural Similarity Index (SSIM) [44], and
Learned Perceptual Image Patch Similarity (LPIPS) [51].
PSNR quantifies pixel-level fidelity between rendered and
ground-truth images, SSIM evaluates structural consis-
tency, and LPIPS measures perceptual similarity using deep
feature representations, thereby providing better alignment
with human visual assessment.To further demonstrate the
temporal stability of our results, which cannot be fully cap-
tured by per-frame metrics, we provide reconstructed se-
quences in the supplementary video.

Method PSNRT SSIM{ LPIPS/

GauHuman 31.74 0.964 28.97
3DGS-Avatar  32.51 0.973 27.52
GoMAvatar 32.04 0.961 27.95
ARAH 31.53 0.972 35.82
Ours 34.65 0.982 22.43

Table 1. Quantitative results on ZJU-MoCap.

4.2. Implementation Details

4.2.1 Network Architecture

The Geometry-Aware Refinement Network is designed as
a hybrid U-Net architecture. Input position and normal
maps with a resolution of 512 x 512 are transformed into
a seven-channel Gaussian geometric attribute correction
map while maintaining the original resolution. Fourier
positional encodings of UV coordinates serve as auxil-
iary inputs to enhance global spatial awareness. Within
the encoder, lightweight residual blocks are deployed at
the highest-resolution layer to reduce computational cost,
whereas deeper layers and the bottleneck employ gated
geometry-aware blocks. Each gated geometry-aware block

employs three depthwise 3 x 3 convolutions with dilation
rates of 1, 2, and 3, respectively. These multi-scale features
are dynamically fused using curvature maps derived from
the input normal map. The fused feature stream is subse-
quently modulated through a spatial gating mechanism and
a feature-wise linear modulation (FiLM) layer [35]. Spa-
tial resolution is symmetrically restored in the decoder us-
ing transposed convolutions. Instance Normalization and
LeakyReLU activation are applied to all convolutional lay-
ers except the output layer. The final output is produced
by three parallel 1 x 1 convolution heads, yielding position
with three channels, scale with three channels, and opacity
with one channel.

4.2.2 Training Setup

The network is optimized using Adam with a learning rate
of 5 x 10™*. Training on the ZJU-MoCap dataset is per-
formed for 300,000 iterations with a batch size of one.
Loss weights are assigned as A\jj = 1.0, Apips = 0.1, and
Assim = 0.1 for the photometric loss, and Aofey = 0.01,
Alap = 0.1, and Agcqre = 0.1 for the regularization terms.

4.3. Comparisons

To comprehensively assess the proposed method, com-
parisons are conducted against four state-of-the-art dynamic
human modeling approaches: GauHuman [!7], GoMA-
vatar [45], 3DGS-Avatar [36], and ARAH [43]. On the
ZJU-MoCap dataset, all baselines are extended to multi-
view inputs under identical experimental settings to ensure
fairness. Quantitative results in Tables 1 and 2 show that the
proposed approach consistently outperforms the baselines
in PSNR, SSIM, and LPIPS. Notably, the improvements in
LPIPS indicate a stronger alignment with human percep-
tual judgments of visual quality. Qualitative comparisons
in Figures 2 and 3 further corroborate these results. Other
CNN-driven methods typically rely on dense-view inputs
or body templates with more extensive prior information.
Our evaluation thus focuses on representative 3DGS frame-
works within a standard sparse-view SMPL configuration.

Method PSNRt1 SSIM{ LPIPS)

GauHuman 30.55 0.963 2243
3DGS-Avatar  32.53 0.974 19.75
GoMAvatar 31.28 0.957 23.31
Ours 33.13 0.982 19.22

Table 2. Quantitative results on PeopleSnapshot.

The neural implicit field-based method ARAH recon-
structs clothing silhouettes with reasonable accuracy; how-
ever, its reliance on MLPs introduces a low-frequency bias
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Figure 3. Comparison on PeopleSnapshot. “GoM” means GoMAvatar and “GH” means GauHuman.

that limits the fidelity of fine-grained textures. GauHu-
man omits expressive nonlinear deformation modules and
instead optimizes offsets of LBS weights, enabling faster
training. This simplified deformation modeling, however,
shows limitations in representing complex non-rigid mo-
tions. Although GauHuman attains competitive PSNR
scores, as illustrated in the second column of Figure 2, its
reconstructions suffer from pronounced blurring in cloth-

ing regions. In contrast, 3DGS-Avatar estimates pose-
dependent non-rigid displacements in canonical space us-
ing MLPs. However, the lack of direct optimization in
the posed space substantially degrades accuracy in regions
where rigid and non-rigid motions are tightly coupled, par-
ticularly in clothing folds around joints. GoMAvatar pro-
poses a hybrid ‘Gaussians-on-Mesh’ representation that an-
chors Gaussians to explicit mesh patches. This design pro-



vides a stable geometric foundation at the cost of limiting
the expressive capacity of the Gaussian point cloud. Con-
sequently, the method is prone to tearing artifacts in cloth-
ing during large human motions and frequently fails to dis-
entangle albedo from shading, as shown in Figure 3. In
comparison, the proposed approach achieves superior per-
formance in both appearance details and geometric fidelity.
Notably, the reconstructions exhibit sharper and more natu-
ral rendering of clothing wrinkles and fine-grained textures.

Figure 4. Qualitative results of our method on unseen poses. Sub-
jects are from ZJU-MoCap (top row) and PeopleSnapshot (bottom
TOW).

Our qualitative comparisons in Figures 2 and 3 already
demonstrate the high fidelity achieved by our method. To
further illustrate its robustness under challenging dynamic
conditions, we visualize reconstruction results on a set of
novel poses unseen during training. As shown in Figure 4,
our method preserves fine-grained geometric details and re-
mains stable across highly articulated poses, highlighting its
generalization to unseen motions.

Method PSNRT SSIMT LPIPS|
w/o Canonical Adj  29.45 0.962 34.67
w/o Posed Ref 33.72 0.979 24.76
w/XYZ Ref 30.14 0.971 30.56
Full model 34.65 0.982 22.43

Table 3. Quantitative ablation study of the dual-space framework.

4.4. Effectiveness Analysis of the Dual-Space Frame-
work

The core of our approach is a dual-space framework that
effectively decouples global structural adjustment from lo-
cal detail synthesis. To validate its efficacy, we systemat-
ically ablate key components and technical designs in this

section. Qualitative results are illustrated in Figure 5, and
quantitative evaluations are provided in Table 3.

1) Pose-conditioned adjustment in canonical space (w/o
Canonical Adj). The StyleUNet module in canonical
space is designed to model large-scale, pose-dependent geo-
metric and appearance variations. To assess its contribution,
we disable its optimization of geometric attributes, requir-
ing all non-rigid deformations to be learned exclusively in
the posed space. As shown in Figure 5 (c), in the absence
of canonical-space correction, the Gaussian template trans-
formed through LBS alone yields an unreliable foundation
for the subsequent refinement network. This leads to signifi-
cant volumetric distortions and blurred appearance in the fi-
nal reconstructions. These results demonstrate that without
coarse, pose-aware geometric corrections in the canonical
space, the refinement network alone struggles to compen-
sate for the large-scale structural errors introduced by LBS.

2) Dynamic geometric refinement in the posed space
(w/o Posed Ref): The refinement network operating
in the posed space is employed to synthesize high-frequency
non-rigid details and correct geometric inaccuracies intro-
duced by LBS. An ablation of this module is conducted to
assess its contribution. As presented in Figure 5 (b), al-
though the overall shape remains plausible, a loss of fine
details is observed around joint regions such as shoulders
and elbows. These results confirm that refinement in the
posed space is essential for achieving realistic deformations
in highly articulated areas.

3) Geometric refinement in local TBN space (w/XYZ
Ref): Our method predicts geometric displacements in
the local TBN space of each point, constraining deforma-
tions to the surface manifold. In comparison, a variant that
regresses displacements directly in the global world coor-
dinate system (XYZ) fails to produce continuous surfaces,
as shown in Figure 5 (d), resulting in noisy artifacts and
fragmented structures. This result validates the importance
of local TBN space for maintaining surface continuity and
geometric integrity during refinement, and highlights the in-
herent instability of unconstrained displacement regression.

4.5. Evaluation of Personalized Priors and Regulariza-
tion Strategies

This section conducts ablation studies to evaluate two
core components of our method: the personalized template
and curvature-aware regularization. The personalized tem-
plate serves as a critical source of identity-specific geomet-
ric and appearance priors, while the curvature-aware reg-
ularization enforces geometric smoothness and plausibility
during dynamic detail synthesis.
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Figure 5. Ablation study of the dual-space framework.

(a) SMPL + Pos (b) Template + Pos (c) Full Model

(d) GT

Figure 6. Ablation study of our personalized template.

Method PSNRT SSIM{ LPIPS,

SMPL + Pos 31.45 0.968 28.76
Template + Pos  33.14 0.978 24.67
Full model 34.65 0.982 22.43

Table 4. Quantitative results for the personalized template ablation.

4.5.1 Effectiveness of the personalized template

To evaluate the contribution of the personalized template,
the complete model is compared with two degraded vari-
ants. SMPL + Pos denotes the direct use of position maps
generated from the generic SMPL model as network input.
Template + Pos employs position maps derived from the
personalized geometric template but excludes the coarse at-
tribute map as an appearance prior. Qualitative and quan-
titative comparisons are presented in Figure 6 and Table 4,
respectively. The baseline relying solely on generic priors
produces blurry reconstructions, where hand structures are
indistinguishable and T-shirt logos collapse into indistinct
patches. Although the Template + Pos benefits from person-
alized geometry, the absence of a stable multi-view attribute

basis forces the network to hallucinate appearance details,
leading to incoherent textures and floating artifacts, particu-
larly around the arms. These comparisons demonstrate that
the complete personalized template, through I.oare, pro-
vides a robust geometric and appearance basis. This de-
sign reformulates the ill-posed direct synthesis problem as
a constrained residual learning task, which is essential for
suppressing artifacts and recovering high-frequency details.

Method PSNRT SSIM?T LPIPS|

Uniform Ly, — 32.45 0.972 25.26
W/0 Ligp 33.66 0.981 23.43
Full model 34.65 0.982 22.43

Table 5. Quantitative evaluation of different regularization strate-
gies.

(a) wio L (b) Uniform L,,, (c) Full Model (d) GT

lap lap

Figure 7. Ablation study on our regularization strategy. Our

curvature-aware weighting suppresses noise on flat surfaces while
preserving sharp geometric details.



4.5.2 Role of Curvature-Aware Regularization

The proposed curvature-aware Laplacian loss L., regu-
larizes the predicted displacement field while preserving
high-frequency geometric details. Its effectiveness is as-
sessed through comparisons with two alternatives, with re-
sults reported in Figure 7 and Table 5. Standard uniform-
weight regularization (Uniform L,,,) imposes indiscrimi-
nate smoothing priors on the surface, which ensures over-
all smoothness but undesirably removes fine details such as
belt edges. Removing the loss entirely (w/o Ly,,) eliminates
essential geometric constraints, resulting in severe artifacts
in flat regions due to overfitting to noise. By contrast, the
curvature-aware weighting adaptively modulates the regu-
larization strength according to local geometric complexity,
effectively suppressing noise in smooth regions while main-
taining authentic features in high-curvature areas.

5. Conclusion

In this paper, a high-quality digital human reconstruction
method based on 3D Gaussian Splatting is presented. A per-
sonalized Gaussian template is first constructed by optimiz-
ing the mesh and its anchored Gaussian attributes, which
are then parameterized into UV space to provide a stable
geometric and appearance foundation. Building on this
template, a dual-space optimization framework powered
by 2D CNNs is introduced to model pose-dependent non-
rigid deformations, thereby improving both training stabil-
ity and dynamic performance. Experimental results show
that the proposed method outperforms existing approaches
in rendering quality and multiple quantitative metrics, while
also demonstrating strong potential for downstream appli-
cations. However, our design inherently couples the topol-
ogy of the rendered Gaussian cloud to the fixed SMPL do-
main. While the proposed learnable offsets effectively cap-
ture loose attire such as hoodies, representing garments with
fundamentally different topologies, such as skirts or long
coats, remains a challenge. Future work will investigate hy-
brid representations that integrate the stable, template-based
foundation with additional topology-adaptive components,
thereby extending applicability to a wider range of clothing
styles.
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