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Abstract

Reconstructing high-fidelity, animatable human avatars
from monocular videos remains a critical challenge. Ex-
isting 3DGS-based human animation methods constrain
Gaussian parameters but exclude scale, which we argue
is crucial for adapting human poses to challenging out-
of-distribution poses. To achieve robust animation under
unseen poses, we propose Tavatar, which derives key pa-
rameters such as scale, rotation, and other geometric at-
tributes directly from the local mesh geometry, instead of
learning them through unconstrained optimization. This
paradigm shift enforces topological consistency by design,
as each Gaussian is analytically anchored to the local mesh
geometry, inheriting its spatial structure and deformation
behavior. Specifically, we bind Gaussians to mesh faces
and vertices, deriving their scales and orientations from tri-
angle properties and local edge lengths to ensure coherent
surface coverage. To ensure the stability of this analyti-
cal mapping, we introduce a crucial equilateral regulariza-
tion term that preserves mesh integrity. Extensive exper-
iments demonstrate that Tavatar achieves superior anima-
tion robustness on challenging out-of-distribution poses, re-
ducing normal error by 13.8% on X-Avatar and 17.9% on
PeopleSnapshot against the best baseline, while maintain-
ing competitive rendering quality. Project Page is ht t ps :
//hailin545.github.io/tavatar/.

1. Introduction

The creation of animatable 3D human avatars holds trans-
formative potential for immersive technologies like vir-
tual reality, gaming, and film production. Recent meth-
ods have integrated neural rendering techniques (e.g.,
NeRF [18], 3DGS [11]) with parametric human models
(e.g., SMPL [17]) to enable drivable avatar reconstruction
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from monocular video. While NeRF-based approaches [7,
8, 26] demonstrate high-quality results, they suffer from
prohibitive computational costs due to the intensive volume
rendering process. 3D Gaussian Splatting (3DGS) offers
a more efficient explicit geometry representation and real-
time rendering, leading recent methods [5, 14, 23, 34] to
adopt 3DGS for human reconstruction.

However, existing 3DGS-based methods typically treat
Gaussians as free-floating entities with independently op-
timized geometric attributes (rotation and scale). This in-
dependence, while offering modeling flexibility, fundamen-
tally lacks topological coherence. During animation, the
clothed human surface undergoes complex stretching and
compression that are constrained by the underlying mesh
topology. Without explicit topological constraints, these
freely optimized Gaussians decouple from the underlying
mesh’s deformation—they overfit to training poses (e.g.,
simple rotations) and fail for out-of-distribution (OOD)
poses (e.g., complex gestures), resulting in Gaussian de-
tachment (Fig. 2) or surface holes that noticeably degrade
immersion. Even recent improvements [23, 34] only con-
strain Gaussian rotation but leave scale unregulated, still
causing surface inconsistencies. Such a partial constraint is
insufficient: without topology-aware scale attribute deriva-
tion, Gaussians often fail to follow local surface deforma-
tion, inevitably leading to artifacts under novel poses.

To resolve this topological incoherence, we introduce
Tavatar, a geometry-driven paradigm for animatable human
avatar reconstruction. Instead of freely optimizing Gaussian
attributes, we analytically derive them from a deformable
mesh, ensuring topological consistency and robust general-
ization across poses. Concretely, Gaussians are attached to
a clothed mesh predicted from a canonical SMPL model and
animated via SMPL Linear Blend Skinning (LBS), which
provides the stable topological structure required for ana-
lytical computation. Building on this foundation, we detail
how Gaussian attributes are derived and how mesh quality
is maintained during animation.



Analytical Gaussian Attribute Derivation. Unlike exist-
ing methods that only regulate Gaussian orientation, we an-
alytically determine both orientation and scale from local
mesh geometry. For face-bound Gaussians, scales are com-
puted using the inscribed-circle radii of triangular faces for
structured surface coverage. For vertex-bound Gaussians,
scales are derived from local edge lengths, enabling sensi-
tivity to local geometric detail while preserving topological
consistency. This geometry-driven derivation keeps Gaus-
sian attributes coherent with mesh deformation, avoiding
the instability of free-form optimization.

Equilateral Regularization. Since the stability of this an-

alytical mapping depends on mesh quality, we introduce an

equilateral regularization term to prevent triangle degener-
acy during training and animation. By minimizing edge-
length variance and angular distortion, this regularizer pre-
serves mesh integrity and ensures stable Gaussian scaling
and complete surface coverage across poses.

In summary, our main contributions are:

e We propose Tavatar, a novel topology-aware framework
that shifts from optimization-based to geometry-driven
determination of Gaussian geometric attribute. In con-
trast to prior methods that partially rely on optimization to
infer Gaussian attributes, our approach determines them
directly from mesh structure, yielding topologically co-
herent representations.

* We introduce a novel Gaussian binding mechanism where
geometric attributes are analytically derived from local
mesh topology, ensuring deformation coherence and pre-
venting Gaussian detachment under complex poses.

e We design an equilateral regularization that maintains
mesh quality by minimizing edge length variance and
angular distortion, ensuring stable analytical mapping
throughout optimization and animation.

2. Related Work

Mesh-based Human Avatars Traditional 3D human
modeling often employs parametric human models, such
as SMPL [17] and SMPL-X [25]. These methods cap-
ture fundamental posture and overall shape by optimizing
model parameters, which can be predicted through regres-
sion [10, 22, 24] or optimization [4]. Some approaches
[13, 16, 19] directly regress 3D vertices. While these meth-
ods generate animatable meshes, they are limited in re-
constructing intricate geometric details like clothing wrin-
kles. Although some research extends parametric models
with deformation layers [2, 3] to simulate clothing, achiev-
ing precise reconstruction of high-frequency details while
maintaining topological consistency remains a significant
challenge, especially with sparse observational data.

NeRF-based Human Avatars Neural Radiance Fields
(NeRF) [6, 18] learn an implicit function for scene ge-

ometry and appearance, enabling high-quality novel view
synthesis. In human reconstruction, NeRF has been inte-
grated with parametric human models like SMPL [17] in
works such as Neural Body [27], MonoHuman [37], and
Human Nerf [35] to create drivable virtual humans by mod-
eling deformation as a warp field. Although NeRF-based
methods offer remarkable visual fidelity, they are compu-
tationally intensive, leading to slow training and inference
speeds. Their generalization capabilities are also limited for
out-of-training poses, often causing rendering artifacts. Ef-
forts to accelerate processing, such as Instant Avatar [7] and
Instant-N'VR [9], exist, but high memory consumption and
stability in complex dynamics persist as challenges.

3DGS-based Human Avatars 3D Gaussian Splatting
(3DGS) [11, 15] has emerged as a leading technique for
dynamic human reconstruction due to its exceptional train-
ing and rendering efficiency. Existing 3DGS-based avatar
methods can be categorized by their approach to topolog-
ical constraints: (1) Unconstrained Optimization: Many
methods [5, 14, 29] directly optimize free-form Gaussians
alongside SMPL deformations. Although recent works [20,
31] improve rendering fidelity or pose robustness through
SMPL-X alignment or pose-driven deformations, the un-
constrained Gaussian optimization often leads to geomet-
rically incoherent structures, causing floating artifacts and
surface discontinuities on out-of-distribution poses. (2) Par-
tial Topological Constraints: To address this, some works
introduce limited constraints. IHuman [23] constrains
Gaussian orientations via mesh normals but leaves their
scale unregulated, causing surface inconsistencies. GomA-
vatar [34] binds Gaussians to the SMPL mesh surface but
lacks mesh quality regularization, leading to unstable scal-
ing when mesh triangles are distorted. Other methods use
mesh priors for initialization [28, 32] but struggle to capture
fine details and maintain consistency during animation.

3. Preliminaries

Skinned Multi-Person Linear model (SMPL). The
SMPL model [17] is a parametric framework that defines
a human body mesh using shape parameters 3 € R'? and
pose parameters @ € R3*K for K joints. It provides a canon-
ical template mesh, M. = (V, F'), which can be deformed
to match subject-specific shape and pose. The animation
is achieved via Linear Blend Skinning (LBS), which trans-
forms a given set of vertices V into a posed configuration
V,,. For each vertex v € 'V, its posed counterpart v,, is:

K
vy = wi (Re(0)v + t1(0)), (1)
k=1

where wy, is the predefined skinning weight for the vertex
with respect to the k-th joint, and Ry () € SO(3) and
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Figure 1. Method overview. We propose Tavatar, a geometry-driven paradigm that reconstructs high-quality animatable human avatars by
analytically deriving Gaussian attributes from a deformable mesh. Our approach includes: Analytical Gaussian Attribute Derivation:
All Gaussian positions, scales, and orientations are computed directly from mesh topology yielding structurally correct Gaussian place-
ment, improved surface coverage, and pose-consistent animation across challenging motions. Equilateral Geometry Regularization: An
equilateral constraint enforces stable Gaussian binding on the mesh, preventing degeneration and ensuring robust reconstruction quality,
especially under large deformations and in fine-detail regions such as hands and clothing folds. Indices in formulas are omitted for brevity.

tx(0) € R3 are the joint’s rotation and translation derived
from the pose parameters 6.

3D Gaussian Splatting. 3DGS [11] represents scenes as
a collection of anisotropic 3D Gaussians, G = {g;}. Each
Gaussian g; is defined by a position u; € R®, a covariance
matrix ; € R3*3, an opacity value a; € [0, 1], and color,
which is represented by Spherical Harmonics coefficients
sh; € R("D*X3 of degree n. To ensure positive semi-
definiteness, the covariance matrix is parameterized as:

¥; = R;S;SIRT, (2)

where R; € SO(3) is a rotation matrix represented by a
quaternion, and S; = diag(s;) is a diagonal scaling ma-
trix derived from a scaling vector s; € R3. For rendering,
each pixel’s color C' is computed through differentiable -
blending of Gaussians sorted by depth:

i-1
C= ZciaiH(l_%’)a )
iEN j=1

where A denotes the set of Gaussians ordered front-to-back
along the viewing ray, and ¢; is the view-dependent color

decoded from sh,. The Gaussian parameters are optimized
via photometric reconstruction loss. During training, 3DGS
adaptively refines the representation through periodic den-
sification and pruning operations, ensuring optimal spatial
distribution for high-quality scene representation.

4. Topology-Aware Gaussian Avatar

Overview. As illustrated in Fig. 1, our approach con-
sists of three key components: (i) We construct a per-
sonalized mesh representation (Sec. 4.1) by deforming a
canonical SMPL template [17] with learned vertex offsets,
which is then animated via Linear Blend Skinning (LBS).
(i) We introduce an analytical Gaussian binding mecha-
nism (Sec. 4.2) that derives all geometric attributes directly
from local mesh geometry, establishing inherent topologi-
cal coherence. (iii) We propose an equilateral regularization
(Sec. 4.3) to maintain mesh quality and ensure stable analyt-
ical mapping throughout optimization and animation. This
unified framework enables joint optimization of mesh ge-
ometry and Gaussian appearance, yielding avatars with both
photorealistic rendering and robust pose generalization.



4.1. Deformable Mesh Representation

Mesh parameterization. Our method builds upon a de-
formable mesh that provides the topological scaffold for
Gaussian binding. We initialize with a canonical SMPL
model [17] in T-pose, denoted as M. = (V.,F), where
V. = {v§}¥Y, € RV*3 represents N vertices and F =
{f; }JAil denotes M triangular faces with fixed topology.

To capture subject-specific details such as clothing wrin-
kles and body shape variations, we introduce a neural shape
encoder £, : R? — R? implemented via multi-resolution
hash encoding [21]. This encoder predicts per-vertex offsets
AV = {Av;}¥ , from canonical vertex positions, produc-
ing a personalized mesh:

Ve=V.+E,(V,)={vi=vi+Av}Y,, &

where M = (V,, F) retains the canonical topology while
adapting to subject-specific geometry.

Pose-driven deformation. To animate the personalized
mesh into arbitrary poses, we apply standard Linear Blend
Skinning (LBS) as defined in Eq. (1), driven by SMPL pose
parameters @ € R***3, This yields the final posed mesh
M, = (V,,F) with V,, = {vI'}V|, where each person-
alized vertex v; is transformed to its posed position v¥ via
the skinning weights and joint transformations.

Motivation for regularization. LBS may introduce mesh
distortion (e.g., stretched triangles near joints), which prop-
agates to Gaussian attributes and causes artifacts. This mo-
tivates our equilateral regularization (Sec. 4.3) to preserve
mesh quality.

4.2. Topology-Aware Gaussian Derivation

The core innovation lies in establishing a topology-aware
representation where Gaussian geometric attributes are an-
alytically derived from human mesh, ensuring intrinsic co-
herence during animation. We design two complementary
Gaussian types: Face Gaussians for coarse-grained surface
coverage, and Vertex Gaussians for fine-detail preservation
and junction blending. Both types’ attributes are analyt-
ically derived from mesh topology, ensuring deformation
coherence.

Gaussian parameterization. Each Gaussian is parame-
terized as G = {p, R, s, , ¢}, where u € R?, R € SO(3),
and s € Ri are the center, rotation, and scale, while
o € [0,1] and ¢ € REFTD* 3 denote opacity and L-order
SH coefficients. The covariance is ¥ = Rdiag(s®>)R .

Face Gaussians. For each triangular face f; € F with
vertices {Vv},,V;q, Vi 3}, we derive Face Gaussian G} by

analytically computing its geometric attributes from local
face geometry.

Position. The center is placed at the incenter, weighted
by opposite edge lengths I; = Hvﬁ(jﬂ) mod3

Vi(j+2) mod 3l

llvﬁl + l2V€2 + 13V£3
1 +1la+13

Orientation. The rotation R} = [t],t5,n}] € SO(3)

aligns with the face’s local coordinate frame, constructed
from the face normal:

pi = 5)

ni — (Vf,z - Vf,l) X (Vf,:s - Vf,1) ©)
Tl = Vi) x (Vs =il
and orthogonal tangent vectors:
, v, — v , , ,
th = 22—l th =n) xt]. ()
! ||V§),2 *Vf,lH’ !

Scale. The in-plane scale is tied to the inradius r; = A;/s;
(where A; is face area and s; = (I3 + lo + I3)/2 is the
semi-perimeter), making the Gaussian adapt to face size:

sh.=¢ (8)

with 8 = 0.5 and € = 10~ ensuring flat shapes. The opac-
ity is set to o[j} = 1.0 to ensure complete mesh coverage.

i oo
St =Sty =B Ti;

Vertex Gaussians. To capture fine details and ensure
seamless blending at face junctions, we introduce Vertex

Gaussians G, = {G/ }§V:1, one per vertex.

Position. The center is anchored directly at the vertex:
i — P

W, = V-

Orientation. The rotation aligns with the vertex normal,

computed by averaging normals of adjacent faces:

o doreni) Ay

= ) )
| Zfej\/(j) Ayl

where N(j) denotes adjacent faces. To construct an or-
thonormal frame R, = [t],t},n/] € SO(3), we select a
reference axis r = arg minycfe, e, e.} |u"n| that is most
perpendicular to n/ (maximizing cross-product stability),
then compute orthogonal tangents:
j_ rxmn i —nd xt!
t] = Tty =gty (10)
[[r > g |
Scale. The scale adapts to local mesh density by measuring
the minimum edge length to one-ring neighbors:
J o= i p
=" min VvV, —V
v,y Vi €N1(j) ” k

p j _
P, sh. =€ (11)

J
Sw,;c =S v,z

where N7 (j) denotes one-ring neighbors, v = 0.5, ¢ =
1072, and o = 1.0.



Complete Gaussian Representation. Our complete rep-
resentation consists of M + N Gaussians: G = {Q;c MU
{gg,}f;l where all geometric attributes (u, R,s) are an-
alytically derived from mesh M, and only color is opti-
mized. This ensures Gaussian deformations remain coher-
ent with mesh animation, enabling robust pose generaliza-
tion without per-pose optimization. Unlike standard 3DGS,
our method intentionally forgoes adaptive densification to
maintain strict correspondence between Gaussians and the
underlying mesh, which is crucial for stability in animation.

4.3. Optimization Framework

We optimize the model end-to-end by learning: (i) the pa-
rameters 1) of the shape encoder E and (ii) the SH coeffi-
cients {c;, c/ } of all Gaussians. Critically, all geometric at-
tributes (u, R, s) are not optimized but remain analytically
determined by the mesh, enforcing topological coherence.

Photometric and geometric losses. We supervise both
RGB and normal map rendering to ensure appearance fi-
delity and geometric consistency. The photometric loss Ly,
and normal 1oss L,omar are defined as:

Legp = Assiv - Lssiv (L I) + (1 — Assi) [T = I1,
(12)

Loormar = Assiv - Lssiv (N, N) + (1 — Assiv) [N — N1,
(13)

where both losses combine an L; term and an SSIM term
Lssim = 1 — SSIM(-, -) with Asspy = 0.2. For the nor-
mal loss, we supervise the rendered normal map N against
pseudo-ground-truth normals N from a pre-trained estima-
tor [12]. The rendered normals are obtained by replacing
the SH coefficients with mesh normals during rendering.
This pseudo-supervision provides geometric guidance dur-
ing training, while our geometric evaluation (Sec. 5.2) em-
ploys predictor-independent metrics to ensure fairness.

Equilateral regularization. Since Gaussian scales are
analytically tied to local mesh (inradius for faces, edge
length for vertices), LBS may introduce mesh distortion
(e.g., stretched triangles near joints), which propagates to
Gaussian attributes and causes artifacts, degenerate trian-
gles cause extreme scale values and rendering instability.
To maintain well-conditioned mesh geometry, we regularize
the personalized mesh M by penalizing deviations from
equilateral geometry:

L=y | Var({lles], llezl, lles]}) + D (1 —cos¢)?

fEF ¢E@f
(14

GART ITHuman Ours

Training Pose

OOD Pose

Figure 2. Gaussian distribution under OOD poses on Peo-
pleSnapshot. Our topology-aware binding maintains structured,
mesh-coherent Gaussian layouts across pose variations, while
GART and [Human exhibit floating Gaussians and geometric arti-
facts, demonstrating the necessity of analytical attribute derivation
for robust animation.

where ey, e;, e3 are the three edges of face f, and ©; =
{6,031} are the interior angles. The equilateral reg-
ularization consists of two terms: (l)edge length vari-
ance minimizes deviations from uniform edge lengths, and
(2)angular term penalizes deviations from 60°, jointly pre-
venting triangular degeneracy that would distort Gaussian
scale/rotation derived from mesh geometry.

Mesh smoothness. To prevent high-frequency noise in
the personalized mesh, we apply standard geometric reg-
ularization:

Emesh = Elap + Enm (15)

where Li,, enforces Laplacian smoothness on vertex posi-
tions and L, penalizes normal inconsistency across adja-
cent faces.

Overall objective. The complete loss function is:
‘Ctotal = Ergb + )\nﬁnormal + Amﬁmesh + )\tﬁtria (16)

where A\, A, and \; are hyperparameters that balance the
contributions of normal supervision, mesh regularization,
and equilateral constraints, respectively. This joint opti-
mization yields avatars with high visual quality, stable ge-
ometry, and robust pose generalization.



. | >

;
7
4
n

4
3

Tavatar (Ours) . Ground Truth
Figure 3. Qualitative comparison on X-Avatar dataset. Our method achieves superior RGB rendering and accurate normal maps
across challenging OOD poses. Topology-aware Gaussian binding preserves high-fidelity surface details with anatomically plausible

deformations, while baselines exhibit geometric artifacts and surface inconsistencies, validating the effectiveness of our method.

Table 1. Quantitative comparison on PeopleSnapshot dataset. The best scores are bold, and the second best scores of ours are underlined.

Methods male-3-casual male-4-casual female-3-casual female-4-casual
PSNR?1 SSIM?T LPIPS| PSNRt SSIM?T LPIPS| PSNR{ SSIM7T LPIPS| PSNRt SSIM?T LPIPS|)

InstantAvatar 26.73 09411 0.0395 24.80 0.9312 0.0648 22.62 0.9381 0.0512 25.33 0.9354 0.0387
GomAvatar  28.27 0.9697 0.0228 25.31 0.9570 0.0388 24.13 0.9528 0.0361 27.15 0.9655 0.0239

IHuman 26.31 09362 0.0202 24.32 0.9263 0.0363 21.27 009135 0.0544 25.72 0.9358 0.0260

GART 30.21 0.9702 0.0359 27.55 0.9590 0.0589 26.14 0.9671 0.0465 28.14 0.9640 0.0352

Ours 28.93 0.9705 0.0168 27.56 0.9621 0.0261 25.27 0.9611 0.0323 27.84 0.9661 0.0224
5. Experiments setup follows [7].

X-Avatar [30] features 12 subjects executing complex ac-

5.1. Experimental Setup tions with diverse poses. The dataset includes ground-truth

Datasets. We conduct comprehensive evaluations on two meshes. Critically, training and testing poses exhibit signif-
challenging datasets to validate both reconstruction quality icant distribution gaps, making this dataset ideal for evalu-
and generalization capability. ating out-of-distribution (OOD) pose generalization—the

core strength of our topology-aware approach. We evaluate
on four subjects (00016, 00017, 00018, 00019) with chal-
lenging motions and varying body shapes.

PeopleSnapshot [1] comprises 24 subjects with diverse
clothing styles performing simple rotating motions in
front of a camera. Following established protocols, we
evaluate on four representative subjects (female-3-casual,
female-4-casual, male-3-casual, male-4-casual) to assess Evaluation Metrics. We evaluate both photometric qual-
in-distribution reconstruction quality. The experimental ity and geometric accuracy comprehensively. For render-



Table 2. Quantitative comparison on X-Avatar. The best scores are bold, and the second best scores of ours are underlined.

Methods 00016 00017 00018 00019

PSNR{ SSIM{ LPIPS| PSNR{ SSIM{ LPIPS| PSNRt SSIM{ LPIPS| PSNR{ SSIM{ LPIPS]
[Human 2734 09560 0.0311 23.75 0.9453 0.0356 25.17 0.9688 0.0259 27.00 0.9742 0.0203
GomAvatar 28.86 0.9594 0.0222 24.87 0.9527 0.0225 2677 0.9743 0.0187 27.86 0.9772 0.0140
GART 28.08 0.9615 0.0278 2524 09560 0.0296 25.69 09720 0.0235 25.66 0.9692 0.0250
Ours 29.03 0.9705 0.0247 25.24 0.9614 0.0250 26.82 0.9784 0.0174 28.11 0.9813 0.0135

Table 3. Geometric accuracy comparison on PeopleSnapshot and
X-Avatar datasets. Our method significantly outperforms existing
approaches in geometry quality. The best scores are bold.

Methods PeopleSnapshot X-Avatar
Normal] Normal, CDJ P2S|
GART 4.263 3.531 0.141 0.154
GomAuvatar 3.876 3.344  0.155 0.169
[Human 2.055 2.056 0.132 0.126
Ours 1.687 1.772  0.111 0.107

ing quality, we report PSNR, SSIM [33], and LPIPS [38].
For geometric fidelity, we measure surface normal er-
ror(Normal [36]) on both datasets using pseudo-ground-
truth normals predicted by Sapiens [12], which provides
consistent evaluation across all methods. Additionally,
on X-Avatar (which provides ground-truth meshes), we
compute mesh-based metrics including Chamfer Distance
(CD) and Point-to-Surface Distance (P2S) [36] between
reconstructed and ground-truth mesh geometries, offering
predictor-independent geometric validation. Normal er-
rors are scaled by 103 for clarity. These metrics jointly
assess our method’s capability to maintain photorealis-
tic appearance while preserving accurate geometric struc-
ture—essential for robust animation.

Implementation Details. We implement our framework
in PyTorch and train on a single NVIDIA RTX-3090 GPU
for 2,000 iterations per subject using the Adam optimizer
(learning rate: 1073). The shape encoder E, employs
multi-resolution hash encoding [21] with 16 levels. Loss
weights are set as: Agsiy = 0.2, A\, = 0.05, \,,, = 0.01,
A¢ = 0.01. All Gaussians have fixed opacity « = 1.0
with learnable second-order spherical harmonics for color.
The out-of-plane scale factor ¢ = 1073 enforces disk-like
shapes, while in-plane scales use § = v = 0.5 for Face
and Vertex Gaussians. Ground-truth normals are extracted
using Sapiens [12].

Baselines. We compare against state-of-the-art meth-
ods for monocular video-based avatar reconstruction:

three 3DGS-based approaches—GART [14], IHu-
man [23], GomAvatar [34]—and one NeRF-based
method—InstantAvatar [7]. All baselines reconstruct
articulated avatars from single RGB videos for novel view
and pose synthesis. Unlike these methods with free-floating
or partially constrained Gaussians, our method achieves
superior geometric fidelity and OOD pose robustness.

5.2. Comparison with State-of-the-Art

We conduct comprehensive comparisons on PeopleSnap-
shot and X-Avatar datasets, evaluating both photometric
quality and geometric accuracy.

Geometric Accuracy. Tab. 3 demonstrates that our
method achieves superior geometric fidelity across all met-
rics (Normal, CD, P2S). Compared to the best baseline,
we reduce normal error by 13.8% on X-Avatar and 17.9 %
on PeopleSnapshot, directly validating our core hypothe-
sis: analytically deriving Gaussian attributes from mesh
topology ensures geometric coherence during animation.
We note that all compared methods use identical Sapiens-
predicted normals for supervision during training to ensure
fair comparison. Fig. 2 provides visual evidence—while
GART and [Human exhibit floating Gaussians and surface
holes under OOD poses, our Gaussians maintain structured,
topology-aware distributions that strictly follow mesh de-
formation. The normal map comparisons in Fig. 3 fur-
ther confirm accurate surface orientation recovery, demon-
strating the practical effectiveness of our geometry-driven
paradigm for robust avatar animation.

Rendering Quality. Tab. | and 2 show that our method
achieves state-of-the-art photometric quality on the chal-
lenging X-Avatar dataset and competitive performance on
PeopleSnapshot. Notably, while GART slightly outper-
forms on PeopleSnapshot’s simple rotations (where free-
floating Gaussians can overfit easily), our method excels on
X-Avatar’s OOD poses, demonstrating the critical advan-
tage of topology-aware constraints for generalization. This
trade-off validates our design principle: sacrificing minor
fitting flexibility for substantial robustness gains. Fig. 3
presents qualitative comparisons on X-Avatar, highlighting



Table 4. Quantitative ablation result on X-Avatar subject 00019.

Settings PSNRT SSIM? LPIPSi‘NormalL CDJ

w/o FG 26.89 0.9721 0.0189 | 2.143 0.128
w/o VG 25.67 0.9654 0.0231 | 2.687 0.145
w/o ER 27.83 09798 0.0142| 1.834 0.115
Full 28.11 0.9813 0.0135 | 1.772 0.111

our superior RGB rendering and surface detail preserva-
tion across challenging poses. Our topology-aware bind-
ing maintains anatomically plausible deformations without
visual artifacts, while baselines suffer from surface incon-
sistencies and geometric breakdown during animation.

5.3. Ablation Study

We validate each component of our topology-aware frame-
work through systematic ablations on X-Avatar subject
00019, removing Face Gaussians (FG), Vertex Gaussians
(VG), and Equilateral Regularization (ER). Tab. 4 and
Fig. 4 reveal the necessity of each design choice.

Component Analysis. We conduct qualitative analysis to
dissect the contribution of each key component, with visual
results presented in Fig. 4. (w/o FG) When removing Face
Gaussians, we make the scale of Vertex Gaussians learnable
(akin to IHuman) to compensate. Nevertheless, the model
produces a sparse representation with significant render-
ing gaps, demonstrating the necessity of our analytically-
derived Face Gaussians for establishing coarse geometric
integrity. (w/o VG) Conversely, ablating Vertex Gaussians,
which target fine-grained features, leads to a loss of surface
detail and visible discontinuities at mesh junctions. This
highlights their complementary role in representing intri-
cate geometry. (w/o ER) Disabling the Equilateral Regu-
larization leads to a degraded mesh parameterization. This
breakdown disrupts our analytical mapping, causing chaotic
and misaligned Gaussian distributions. This outcome un-
derscores a core principle of our method: the stability of
the analytical attribute derivation is directly dependent on
the quality of the underlying mesh geometry.

Quantitative Validation. Tab. 4 quantitatively confirms
our design’s efficacy. Combining Face and Vertex Gaus-
sians (FG and VG) substantially improves all metrics
(PSNR: 27.83, Normal: 1.834), demonstrating their syner-
gistic contribution to accuracy. Adding Equilateral Regular-
ization (ER) provides further significant gains by stabilizing
the analytical mapping from a well-formed mesh. These
results validate our dual-primitive design and the critical
role of mesh quality preservation for robust topology-aware
binding. More visualization results, experiment setup and
comprehensive performance evaluations are provided in the
supplementary material.

3DGS-Rand

w/o FG

w/o VG w/o ER Full

Figure 4. Qualitative ablation result on X-Avatar subject 00019.

6. Conclusion

We introduced Tavatar, a paradigm-shifting approach to
animatable human avatar creation that imposes geometric
structure onto the traditionally unstructured 3D Gaussian
Splatting representation. By analytically deriving Gaus-
sian attributes from an underlying mesh topology, we move
beyond simple point-based optimization and establish an
explicit, coherent link between geometry and appearance.
This core innovation not only guarantees topological con-
sistency but also unlocks robust, high-fidelity animation
under novel poses where prior methods often degrade.
Our geometry-driven methodology, further stabilized by an
equilateral regularization, sets a new state-of-the-art in both
geometric accuracy and animation quality. More impor-
tantly, it redefines the pathway toward creating physically-
grounded and reliable digital humans, bridging the gap be-
tween explicit mesh-based representations and the expres-
sive power of implicit rendering.

Limitations and Future Work. The performance of
Tavatar, like other state-of-the-art methods in this domain,
is inherently linked to the fidelity of the underlying para-
metric body model. As such, its accuracy is coupled with
the quality of the initial body model fitting. This shared de-
pendency highlights a broader opportunity for community-
wide advancements in pose and shape estimation to bene-
fit all avatar creation techniques. Future work will extend
Tavatar to dynamic clothing by integrating physics-based
garment simulation, leveraging our explicit mesh connec-
tivity for enhanced realism.
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