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Figure 1. We propose a high-fidelity head avatar method that combines analytic rigging with texel-space neural regression. Gaussian
attributes are predicted in UV space and lifted to 3D via interpolated deformation fields, enabling photorealistic 3D Gaussian Splatting.
Decoupling from fixed triangle bindings yields robust extrapolation to extreme expressions and poses. Left: unseen expressions show strong
muscle activations. Right: wrinkles and teeth remain consistent across mirrored views, highlighting robustness and view consistency.

Abstract

Constructing drivable and photorealistic 3D head
avatars has become a central task in AR/XR, enabling im-
mersive and expressive user experiences. With the emer-
gence of high-fidelity, efficient representations such as 3D
Gaussians, recent works have pushed toward ultra-detailed
head avatars. Existing approaches typically fall into two
categories: rule-based analytic rigging or neural network-
based deformation fields. While effective in constrained
settings, both approaches often fail to generalize to un-
seen expressions and poses—particularly in extreme reen-
actment scenarios. Other methods constrain Gaussians to
the global texel space of 3DMMs to reduce rendering com-
plexity. However, these texel-based avatars tend to un-
derutilize the underlying mesh structure. They apply min-
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imal analytic deformation and rely heavily on neural re-
gressors and heuristic regularization in UV space, which
weakens geometric consistency and limits extrapolation to
complex, out-of-distribution deformations. To address these
limitations, we introduce TexAvatars, a hybrid avatar rep-
resentation that combines the explicit geometric ground-
ing of analytic rigging with the spatial continuity of texel
space. Our approach predicts local geometric attributes in
UV space via CNNs, but drives 3D deformation through
mesh-aware Jacobians, enabling smooth and semantically
meaningful transitions across triangle boundaries. This
hybrid design separates semantic modeling from geomet-
ric control, resulting in improved generalization, inter-
pretability, and stability. Furthermore, TexAvatars captures
fine-grained expression effects—including muscle-induced
wrinkles, glabellar lines, and realistic mouth cavity geom-
etry—with high fidelity. Our method achieves state-of-the-
art performance under extreme pose and expression vari-



ations, demonstrating strong generalization in challenging
head reenactment settings.

1. Introduction

High-fidelity modeling of human head avatars remains a
central challenge in graphics, especially with the rising de-
mand for over 4K-quality avatars in telepresence, visual ef-
fects, and immersive media [31]. Recent advances in 3D
Gaussian Splatting (3DGS) [18] have shown impressive re-
sults in photorealistic reconstruction and real-time render-
ing. Building on this, 3DGS-based head avatars gener-
ally follow two paradigms: mesh-driven deformation in 3D
space or texel-driven attribute regression.

Mesh-based avatars [23, 25, 35, 39] leverage 3D Mor-
phable Models (3DMMs) [5, 26] for analytic, triangle-wise
rigging. This provides stability and interpretability, but lin-
ear mesh deformation struggles to capture fine non-linear
expressions like wrinkles or asymmetric activations. Fur-
thermore, since each Gaussian is tied to a single triangle,
neighboring Gaussians may deform inconsistently across
boundaries. ScaffoldAvatar [1] recently addresses this by
introducing spatial correlations in 3D, inspired by hierarchi-
cal frameworks [30], enabling more coherent local control
of facial regions.

Conversely, texel-based avatars [24, 38, 43, 52] leverage
the continuous nature of UV space, where attributes are re-
trieved via interpolative GridSampley,. Unlike analytic
rigging methods that operate on individually bound Gaus-
sians, this formulation introduces spatial correlation across
nearby texels for smoother representations. However, most
of these methods discard or minimally use 3DMM geome-
try and instead use CNNs to regress canonical-to-deformed
offsets without explicit mesh-driven modeling. As a re-
sult, deformation is fully learned rather than analytically
grounded, leading to poor extrapolation under extreme ex-
pressions (pose). Many also rely on heuristic offset regular-
izers, which are difficult to tune reliably.

We observe that mesh- and texel-based approaches of-
fer complementary strengths, and our method is designed
to leverage both. Mesh-based models inherently follow
the mesh deformation, which provides coarse but, physi-
cally plausible initialization. Their use of local-to-global
designs [23, 25, 35] enables regularization at the normalized
local level, making them well-suited for imposing physi-
cally meaningful constraints such as scale bounds or spatial
locality in normalized frame. These formulations also allow
Gaussians to deform coherently in accordance with the sur-
face geometry. On the other hand, texel-based approaches
benefit from operating in a CNN-regressed continuous UV
space with a uniform sampling grid. This formulation nat-
urally imposes spatial correlation among neighboring at-
tributes, which introduces a structured inductive bias into

learning [44]. As a result, it facilitates better generalization
and robustness in deformation prediction, especially when
learned attributes are shared across similar spatial contexts.

We propose a hybrid texel-3D rigging strategy that
unifies the advantages of mesh-driven and texel-driven
paradigms. Rather than predicting canonical-to-deformed
offsets or directly regressing in the deformed space, we
regress local Gaussian attributes in UV space. A key ob-
servation is that such attributes are not spatially coher-
ent until transformed into global texel space: standard
GridSampleyerp, implicitly assumes local linearity, yet lo-
cal positions and scales lack correlation in UV coordinates
where adjacent texels may correspond to distant mesh re-
gions. To resolve this, we remap triangle-driven Jaco-
bians into texel space and apply deformation analytically
prior to sampling, enabling interpolation to occur in a con-
sistent, linearizable domain, called Quasi-Phong Jacobian
Field. This design preserves geometric fidelity while re-
moving the rigid binding between Gaussians and mesh tri-
angles [23, 35], effectively binding them to a smoothly
blended neighborhood. Finally, to compensate for the limi-
tations of 3DMM-based expressions in capturing fine-scale
dynamics, we introduce a lightweight latent expression em-
bedding [10], allowing opacity and color to reflect wrinkles,
folds, and occlusions without the overhead of an additional
shading branch.

In summary, our contributions are threefold. First, Lo-
cal Flexible Gaussians in Texel Space. Instead of binding
Gaussians to specific mesh triangles, we regress expression-
dependent local attributes directly in texel space using
CNNs. This design allows Gaussians to adaptively vary
within their local coordinates, while still anchored by an-
alytic rigging for robust generalization. Second, Texel
Space Coupling for Coherent Deformation. By remap-
ping triangle-wise deformations into texel space and ap-
plying them to CNN-predicted local attributes, we form
a continuous Gaussian field across the surface. This de-
formation acts like a structured kernel over the CNN out-
put—injecting mesh-aware gradients that stabilize training
and reinforce geometric consistency. Last, Superior Gen-
eralization. Our approach outperforms prior methods by a
significant margin, particularly in cross-identity and cross-
expression driving, achieving robust rendering quality.

2. Related Work
2.1. Human Head Modeling

3D head modeling forms the foundation for dynamic
avatar construction. Traditional 3D Morphable Models
(3DMMs) [5] parameterize facial shape and appearance us-
ing PCA, but struggle to capture articulated components
such as the jaw, neck, and eyeballs. To address this,
FLAME [26] integrates linear blend skinning (LBS) from



body models like SMPL [29], while still relying on PCA
for expressions. More recently, NPHM [12, 13] proposed a
neural SDF-based model that improves expressiveness and
flexibility beyond FLAME, removing fixed topology. With
the rise of neural radiance fields (NeRFs) [33], methods
such as NerFACE [11], CAFCA [6], and IMAvatar [49]
model dynamic heads using 3DMM-conditioned volumetric
fields and blendshape-aware skinning. Other work [2, 7, 51]
leverage mesh-driven deformation, while neural render-
ing [4, 15, 21] enhances realism and modularity. Con-
currently, UV-space modeling [3, 28] enables convolution-
friendly, continuous representations.

2.2. 3DMM Rigging-based Head Avatars

With the advent of 3D Gaussian Splatting (3DGS)[ 18], the
community has shifted toward fast, rasterization-friendly
forward deformations. PointAvatar[50] pioneered point-
based avatars with isotropic splats driven by blendshape
bases, extending IMAvatar into a splatting-friendly regime.
Later works [23, 35, 39] tied Gaussians to 3DMM meshes
via analytic deformations, avoiding MLPs to preserve real-
time efficiency. Fully neural fields [9, 14, 37, 46, 47] regress
offsets with MLPs, but incur higher costs and weaker gen-
eralization. Hybrids [25, 32] blend 3DMM rigging with
neural offsets, yet still deform Gaussians independently, of-
ten lacking spatial coherence. ScaffoldAvatar [1] allevi-
ates this by patch-based correlation with anatomical pri-
ors. In contrast, our method leverages UV-unwrapped ge-
ometry and CNNs to couple Gaussians across texel space
while retaining analytic mesh rigging. Unlike mesh-bound
Gaussians [23, 35], our attributes vary with expressions but
remain anchored in continuous UV coordinates—yielding
both flexible expressiveness and stable rigging.

2.3. Texel-Based Head Avatars

Texel-space methods exploit UV-unwrapped facial meshes
for structured convolutions in dense attribute regression [22,
31, 38, 43, 45, 52]. Xiang et al. [46] initializes Gaussians in
UV space but applies no further deformation, while Lom-
bardi et al. [28] introduces analytic triangle-based rigging
with UV-aligned TBN spaces. Zielonka et al. [52] regresses
most attributes purely neurally, limiting semantic ground-
ing and robustness under expression extremes. Li et al. [25]
combines blendshape-based deformation with texel-space
features, and Saito et al. [38], Wang et al. [45] emphasize
improved appearance decoding. Kirschstein et al. [22] fol-
lows a 3D GAN pipeline, predicting Gaussian attributes via
UV-space CNNs. Despite these advances, most approaches
rely on neural deformation with heuristic regularization or
canonical-to-deformed mappings, which can be unstable in
extreme or novel settings.

Concurrent Work. TeGA [24] maps canonical UVD Gaus-
sians to 3D with Adaptive Density Control (ADC) and extra
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Figure 2. Overview. These local attributes are lifted to global
space by transforming them with precomputed Jacobians Juy,
remapped from the tracked mesh to texel space by remapping
function ¢ . This results in globally coherent attributes that are
continuous across surface regions via linear grid sampling.

MLPs for deformation and shading. In contrast, we regress
Gaussians per frame directly in UV space and lift them an-
alytically to 3D, avoiding ADC and learned offsets, leading
to better generalization under expression extrapolation.

3. Preliminaries

3.1. 3D Gaussian Splatting (3DGS)

3D Gaussian Splatting (3DGS) [18] represents a scene as
a set of Gaussian primitives, each defined by a position
i € R3, rotation r € R*, scale s € R3, SH color
SH € R3**16, and opacity o € R. The rotation and scale
are combined into a covariance matrix ¥ = RSSTR', and
rendering is performed by a tile-based differentiable raster-
izer using camera parameters.

3.2. Analytic Rigging-based Gaussian Head Avatars

GaussianAvatars [35] introduces an analytic rigging method
that maps local Gaussians to global 3D space via bind-
ing inheritance, where each Gaussian is associated with
a specific mesh triangle. During deformation, each tri-
angle propagates its transformation—using isotropic scal-
ing, barycentric positioning, and TBN-based rotation—to
its bound Gaussians. SurFhead [23] extends this idea by
adopting a Jacobian-based transformation inspired by the
DTF [42] formulation, replacing the scaled rotation model
in GaussianAvatars. This enables modeling of both stretch-
ing and anisotropic scaling. Throughout this paper, we use
superscript ¢ to denote local-space quantities. The global
deformation is defined as:
»=J307, u=Ju +T, 1)
where T is the triangle centroid and J is the deformation

matrix, realized as a scaled rotation in GaussianAvatars [35]
and as a full Jacobian in SurFhead [23].



3.3. 3D Morphable Head Models (3DMMs) and Im-
age Animation

3DMMs is a fundamental component in head avatar recon-
struction. In our method, we assume access to per-frame
tracked meshes, as obtained from a photometric tracker
identical to that used in Qian et al. [35]. Each tracked mesh
M is parameterized by an identity-agnostic expression pa-
rameter 1) € R0, an identity parameter 3 € R3%, and a
rigid pose parameter § € RS, Since our work focuses on
single-identity fitting, we omit the identity parameter S in
the remainder of the formulation.

Image Animation, first introduced by Zakharov et al.
[48], transfers expression and pose from a driving image
to a source image while preserving the source identity.
In our setting, we extract an expression-related parameter
n € R'2® from Drobyshev et al. [10], which serves as an
auxiliary signal to the 3DMM expression code for transfer-
ring fine-grained expressions, such as wrinkles, that are not
well captured by standard 3DMMs.

4. Method

In this work, we introduce a novel parameterization that
integrates the strengths of both mesh-based and UV-based
rigging to achieve more robust and generalizable deforma-
tions. Instead of relying solely on fixed local Gaussians
or black-box neural deformations, we regress local Gaus-
sian attributes that are explicitly anchored to mesh triangles
within the UV layout. These Gaussians are defined in a lo-
cal texel space and subsequently mapped into a global (de-
formed) texel space via triangle’s transformations, similar
to [35]. However, our formulation enables the model to ex-
ploit both the geometric structure of the mesh topology and
the spatial continuity of texel-aligned CNN features. We be-
gin in Sec. 4.1 by describing how we regress local attributes,
colors, and opacity using CNNs. In Sec. 4.2, we explain
how we construct a continuous global texel space using
triangle-wise Jacobians derived from the 3DMM mesh. Fi-
nally, in Sec. 4.3, we present our regularization strategy,
which operates directly in this continuous texel space.

4.1. Local Texel-Attribute Parameterization

Intuition. Qian et al. [35] and Lee et al. [23] achieve ef-
ficient rendering by binding Gaussians to 3DMM meshes
via analytic rigging from local to global space. However,
in their setup, the local Gaussian attributes are fixed with
respect to the expression parameters and merely follow the
mesh deformation. This rigid coupling restricts expressive-
ness, as the Gaussians cannot adapt beyond the mesh artic-
ulation, leading to limited interpolation capacity.

In this work, since we perform local-to-global transformations without
explicitly defining a canonical space, we use the term “global” to denote
the deformed space.

In contrast, we regress local Gaussian attributes with
a network conditioned on expression, rather than fixing
identical attributes across expressions, while still ground-
ing them in analytic rigging. This yields twofold benefits:
(1) the learned attributes increase representational flexibil-
ity within bounded local coordinates, enhancing interpo-
lation; and (ii) since the predictions remain governed by
the smooth global Jacobian, gradients are well-conditioned,
acting as a stabilizing kernel. This prevents uncontrolled
drift and supports more reliable extrapolation under out-of-
distribution expressions.
Analysis. In the texel-based regime, Zielonka et al. [52]
and Saito et al. [38] predict canonical-to-deformed offsets
or directly regressed deformed quantities. In their formula-
tion, G4 = G. + AG, where G denotes Gaussian attributes
and subscripts d and ¢ denote deformed and canonical re-
spectively, the gradient of the image-space training loss £
with respect to the Gaussian texel map decoder fy’s param-
eters 6 is

o _ OL 9G4 _ 9L 9AG
0~ T 9c, 96 ~ aG,; 06

which directly scales with the magnitude of global-space
displacements AG and can therefore become unstable un-
der large deformations. To mitigate this, prior methods of-
ten resort to heuristic regularizers that shrink offsets toward
zero—e.g., penalizing scale or position displacements—to
avoid divergence, at the cost of reduced expressiveness.

In contrast, our local parameterization adopts G4 =
T(Gy) with Gy = fy(z) denoting local Gaussian attributes
regressed in normalized local space. Consequently, 83%
remains bounded, independent of the global displacement
scale. The gradient then becomes

0L 0G4 0Gy
VoL = oG, G, 00
——
J

Here, J denotes the Jacobian of the analytic mesh-based
transformation T. Since face-level deformations are domi-
nated by rotations and only mild shear or scaling, J is near-
isometric with singular values close to unity, i.e., || J|| < C.
Thus the gradient magnitude is bounded:

Ivocl < C |2

0Gy
00

3

ensuring stable training, even Gy was predicted from neu-
ral networks. In summary, because errors remain confined
to bounded local coordinates and cannot be arbitrarily am-
plified in global space, our formulation balances interpola-
tion capacity with extrapolation stability.

Design. We employ two expression-dependent CNN de-
coders inspired by the architecture of Saito et al. [38]:
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Figure 3. Extreme Self- and Cross-Reenactment Scenario. Our approach demonstrates significantly higher fidelity under extreme
facial motions and rigid head rotations (subjects from NeRSemble [20], FREE corpus). Notably, our model accurately reconstructs high-
frequency features such as nasolabial lines, hair strands, and detailed oral cavity structures. These results highlight the effectiveness of our
hybrid texel-rigging framework in preserving semantic details even under highly expressive and challenging settings.

a view-dependent appearance decoder D,, and a view-
independent geometry decoder D,. Both decoders are con-
ditioned on the FLAME expression parameters 1, pose
parameters 6, and the image-driven expression code 7
from Drobyshev et al. [10]. While D, predicts view-
invariant geometry and opacity, D, additionally takes the
view direction 7 as input to produce view-dependent ap-
pearance. We also replace the spherical-harmonics color
representation with a precomputed RGB color ¢ € R?, re-
gressed per texel.

(b, vt st an} CGw ()
Cav € Auy 3)

Guv = Dg(l/%ea??),
Auv = Da(w)07na7r)a

Here, the subscript uv indicates texel-space attributes,
while the superscript ¢ denotes local-space representations.
Unlike Li et al. [24], who introduce an additional shad-
ing network to address baked-in effects such as wrinkles or
ambient occlusion in Gaussian-based avatars, we find that
simply predicting dynamic color and opacity with the extra

expression code 7 is already sufficient to capture these ap-
pearance variations in practice, without requiring an extra
shading stage.

4.2. Rigging from Local Texel to 3D space

Naive Solution. We begin with a naive approach where
local Gaussian attributes—such as rotation 7, scale s¢, and
position p‘—are predicted in texel space and interpolated
via bilinear sampling:

[uf,r%, 5] = GridSample,q,, ([l 6y, 551 (@)

The interpolated attributes are then lifted to 3D space using
the affine transform of the associated triangle F:

p=Jpp' +Tp, T =JpxJL. 5)

Here, Jr and T g denote the Jacobian and translation for
face F'. While texels within the same triangle share a
common local frame, discontinuities arise across triangle
boundaries, since each triangle defines its frame indepen-
dently. This leads to ambiguous or inconsistent deforma-
tions when interpolating attributes across adjacent texels.
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Figure 4. Comparison with RGCA [38]. RGCA adopts a rel-
atively large mesh scale to stabilize training by keeping offsets
small, which works well in most cases but can still cause blobby
artifacts such as blurred nasal lines under strong stretching.

Prior binding strategies [35] inherit the same issue, produc-
ing piecewise-discontinuous fields.

Quasi-Phong Jacobian Field. While our analytic rigging
ensures stability, the per-face Jacobians Jr are inherently
piecewise-constant across mesh faces, leading to disconti-
nuities at face boundaries. To address this, we introduce a
smooth global texel field by unwrapping triangle Jacobians
into UV space. Let ¢ : A2 — Q denote the parameter-
ization map from the barycentric simplex A? of face F to
the global UV domain 2 C R?. We define the texel-space
Jacobian field by

Juw(w) = > 1g,(a2)(u) Ip, (6)
FeF

where 14, (a2) indicates texels covered by face F.

Although J,, is piecewise-constant, we resample
it via bilinear interpolation in UV space, yielding a
continuous Jacobian field analogous to Phong surface
[40].  We prioritize interpolation behavior, so we set
align_corners=False in GridSamplei,, even when
the sampling size matches the source resolution, ensur-
ing center-based bilinear interpolation rather than corner-
aligned identity mapping. The final formulation is

p = GridSample,,(J wtthy + Ty, @)
3 = GridSample,, (Juv Sk I oy )- 8)

Crucially, our network-predicted local scale and rotation pa-
rameters are merged into covariance form, ensuring that 3
still remains positive semi-definite. This guarantees that the
resampled covariance lies in a smooth tangent space, en-
abling spatially coherent interpolation across texels. Fig. 2
provides an overview of our method.

Unlike [35], which operate on piecewise flat surface
frames, our formulation blends Jacobians across adja-
cent faces in UV space. This Quasi-Phong Jacobian
Field yields smooth, continuous deformations analogous
to Phong shading, mitigating discontinuities and providing
better-conditioned gradients for optimization.

4.3. Constraint for Local Texel Space

This step is crucial since our local space is not bound to
a single triangle. Whereas Qian et al. [35] regularize lo-
cal parameters within triangle coordinates, our texel-space
Jacobian field allows interpolated texels to correspond to
blended triangles, yielding a continuous family of global
coordinate systems. Thus, local attributes only gain seman-
tic meaning after Jacobian transformation, remaining valid
even under blended interpolations. For stability, we fol-
low Qian et al. [35] and impose per-texel lower bounds ¢,
and €, on predicted positions and scales:

‘Creg“ = ” max(ﬂfuv; 6u)||7 9
Lreg, = || max(suy, €5)]|. (10)
4.4. Optimization

Our overall training objective integrates photometric recon-
struction, perceptual similarity, and stability regularization
into a unified loss:

Ltotal = Erecon+)\vgg'£VGG +)\regu '»CregH +)\regs ‘Acregs . (1 1)

The reconstruction loss L., balances pixel-level accuracy
and structural fidelity between the rendered image I and the
ground-truth I:

Liecon = Az, - |IT = I||1 + Assov - (1 — SSIM(Z, T)). (12)

Following 3DGS [18], we set Ay, = 0.8 and Assiv =
1 — Az,. We incorporate a perceptual loss Lygc com-
puted using VGG features to enhance high-frequency fi-
delity. However, introducing it from the beginning desta-
bilizes training and hampers PSNR and SSIM. To mitigate
this, we activate the perceptual loss only after 300K itera-
tions (out of 600K total), using a small weight Ag, there-
after. As introduced in Sec. 4.3, we include two regular-
ization terms to prevent degenerate Gaussians by enforc-
ing lower bounds on predicted local means and scales. The
coefficient A controls their influence and remains active
throughout training.

5. Experiment
5.1. Baseline Nomination

We compare our method against five recent state-of-the-
art baselines: GaussianAvatars [35], SurFhead [23], RG-
BAuvatar [25], GEM [52] and Relightable Gaussian Codec
Avatar [38].



Table 1. Simplified comparison across three evaluation settings: Novel Expression (Held-out), Novel Expression (FREE), and Novel

View. Best and second-best scores are highlighted.

‘ Novel Expression (Held-out) ‘ Novel Expression (FREE) ‘ Novel View

Method ‘ LPIPS | SSIM 1 PSNR 1 ‘ LPIPS | SSIM + PSNR 1 ‘ LPIPS | SSIM t PSNR 1

GaussianAvatars [35] | 0.092 +0.018 = 0.897 &+ 0.028 25.00 +2.84 | 0.123 +£0.024 0.858 £0.030 22.01 £2.58 | 0.087 +£0.021 0.919 £0.021 29.23 +£1.82
SurFhead [23] 0.117 £0.040 0.884 +£0.030 2447 £2.64 | 0.150 +£0.036 0.854 £0.035 22.06 £2.53 | 0.180 £0.122 0.872+£0.032 23.80+2.78
RGBAvatar [25] 0.101 £0.014 0.889 +£0.025 2451 +1.58 | 0.134 £0.019 0.860 £0.028 21.76 £ 1.68 | 0.084 +0.013 0.924 £0.017 28.26 £ 1.01
GEM [52] 0.199 £0.025 0.885+0.036 24.12+1.82 | 0.154 £0.027 = 0.863 £0.034 22.01 £2.07 | 0.181 £0.021 0.918 £0.028 28.16 + 1.72
RGCA [38] 0.050 £0.013  0.890 +0.032 25.55+£2.07 0.086+0.025 0.854 £0.035 22.68 £2.59 | 0.030£0.006 0.943 £0.013 34.24 +1.23
Ours 0.048 £0.013 0.894 +£0.030 ' 25.61 £2.10 0.077 £0.017 0.861 +£0.033 = 22.84 £ 2.05 ‘ 0.030 £0.005 0.947 £0.013 35.15+1.33

Analytic Rigging Methods

* GaussianAvatars (GA) employs explicit triangle-wise rig-
ging using the TBN frame of 3DMM mesh triangles.

* SurFhead (SF) generalizes GA with a Jacobian-based de-
formation that supports stretching and anisotropic scal-
ing, introducing Jacobian Blend Skinning by blending ad-
jacent triangle Jacobians.

Texel-Neural Hybrid Methods

* RGBAvatar (RGBA) formulates Gaussians in texel space
with TBN-based binding, augmented by neural Gaussian
blendshapes [32].

* Gaussian Eigen Model (GEM) regresses canonical-to-
deformed Gaussian offsets via a style-based CNNs [17].

* Relightable Gaussian Codec Avatar (RGCA) directly pre-
dicts deformed Gaussians (positions as mesh-relative off-
sets) and stabilizes training by enlarging mesh scale,
keeping offsets and scales well-conditioned.

5.2. Dataset

We utilize the NeRSemble [20] dataset, following the same
train, novel view and novel expression evaluation protocol
as GaussianAvatars [35]. Specifically, training uses 10 cor-
pora and 15 cameras, holding out 1 near-frontal camera for
novel-view testing, while a single corpus is reserved for
novel-expression evaluation. In addition, we introduce an
extra test split, denoted as FREE, consisting of longer and
more unconstrained sequences with arbitrary expressions
and head motions, to assess generalization beyond scripted
motions [20].

5.3. Comparisons

As shown in Fig. 3, GEM underperforms under extreme ex-
pressions and poses, such as strong neck rotations or fine-
scale details like glabellar wrinkles and nasal lines, which
are tightly linked to subtle muscle activations. While GEM
performs reasonably on frontal or mildly expressive frames,
it struggles with extreme scenarios due to its reliance on
CNN-predicted deltas—from a fixed canonical space to the
deformed space—for position, scale, rotation, and opacity.
Although position is transformed via a scaled rotation Ja-
cobian, scale and rotation are directly regressed, and color
remains pose-invariant, often resulting in the loss of pho-
tometric richness. RA adopts a hybrid approach by com-
bining analytic rigging with MLP-predicted blendshapes of

Gaussian attributes. However, it still suffers under unseen
expressions, as the learned blendshape basis does not ex-
trapolate well—especially when expression parameters fall
far from the training manifold. SF proposes a continuous
deformation field via learned Jacobian blending weights.
Yet, this data-driven blending can be unstable in OOD set-
tings due to its reliance on local examples. GA, leveraging
analytic rigging, demonstrates strong generalization across
expressions and poses. However, it lacks fine-scale geomet-
ric expressiveness and fails to model anisotropic deforma-
tion due to its use of isotropic scaled rotation, leading to
blob-like artifacts in curved regions—as highlighted in the
zoomed-in areas of Fig. 3.

In contrast, our method achieves consistently sharper re-
constructions, accurately modeling fine wrinkles, realistic
mouth cavities, and sharp boundaries around facial hair. We
attribute this to our hybrid rigging mechanism, which com-
bines analytic structure with the adaptability of neural re-
gression. These qualitative improvements are corroborated
by quantitative gains (Table 1)

Additional Comparison with RGCA [38]. RGCA [38]
was originally proposed as relightable head avatars. Their
practical trick—scaling the tracked mesh relatively large so
that offsets remain small—makes training stable and inter-
polation reliable, which is why we selected it as a strong
baseline. However, the same design backfires: under strong
stretching or out-of-distribution expressions, the tiny offset
budget leads to dotted artifacts (Fig. 4). In contrast, our
method predicts Gaussians adaptively in normalized local
UV space, achieving both stability and expressiveness with-
out relying on such tricks.

More Qualitatives. Additional visual results, including ex-
treme expressions and large head motions, are provided in
the supplementary due to space constraints, further high-
lighting the robustness and fidelity of our approach.

5.4. Ablations

We curate four types of ablations including our contribu-
tions. Refer the Table 2 for each ablation. Note that quali-
tative ablation for VGG loss is curated in supplementary.

Global vs. Local Grid Sampling Interpolating local
Gaussian attributes (e.g., position and covariance) directly
in local texel space leads to perceptual blurring, especially
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Figure 5. Effect of Image Animation Model. It enables the synthe-
sis of details that are not explicitly represented in 3DMMs, such
as wrinkles or subtle skin deformations, thereby enhancing real-
ism under dynamic expressions.
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Table 2. Ablation Studies for FREE testset. ‘w/o’ denotes removal
of an individual component (not sequential subtraction); mean and
standard deviation are computed across identities within a single
run. Best score is highlighted.

Method | LPIPS| SSIM 1 PSNR 1
Ours | 0.077£0.017 0.861 £0.033 22.84 £ 2.05
wio VGG 0.096 +0.021  0.859 +0.034  22.66 + 2.24

w/o Global UV 0.096 +0.028  0.855 £ 0.035  22.46 +2.39
w/o Jacobian 0.080 £ 0.018  0.859 £0.035  22.77 £ 2.13
w/o Image Animation () | 0.078 £0.017 0.853 £0.034  22.69 + 1.97

around regions with high geometric variation such as the
mouth (Fig. 6). This occurs because these attributes are
defined in triangle-specific local frames, and interpolation
across triangle boundaries introduces semantic misalign-
ment when UV-adjacent texels map to distant 3D positions.
In contrast, we remap mesh-aware Jacobians into global UV
space prior to interpolation, enabling geometrically coher-
ent deformation blending. As shown in Fig. 6 and supported
by Table 2, our formulation better preserves detail and spa-
tial coherence under challenging articulation.

Jacobian vs. Scaled Rotation Without stretch-friendly
Jacobian, models relying solely on scaled rotation deforma-
tion—such as in GaussianAvatars [35]—struggle to capture
anisotropic changes and are prone to producing blob-like ar-
tifacts in highly deformed regions. These limitations arise
from the inability of isotropic scaling to account for direc-
tional stretch, leading to unnatural shape distortion.

Effect of Image Animation Model We find it crucial for
capturing fine-grained details such as wrinkles. As shown
in Fig. 5, even in self-driving scenarios, missing 1 can re-
sult in absent wrinkles, which we attribute to the limitations
of the FLAME expression space. Since the same FLAME
parameters can correspond to different surface details (e.g.,
with or without muscle activation), we introduce 7 to disam-
biguate such cases, and observe noticeable improvements.

Ours w/o Global UV

GT GT
. Ours w/o Jacobian
GT
GT
Figure 6. Effect of Global UV Sampling and Jacobian. Remap-
ping mesh Jacobians to texel space enables smooth blending of
attributes across triangle boundaries. Jacobian-based deformation

effectively models stretch and anisotropic scaling while reducing
blob-like artifacts.

6. Conclusion

While TexAvatars demonstrates robust extrapolation of ex-
pression and pose across both self- and cross-driving sce-
narios, several limitations remain. Our pipeline relies on
local texel space predictions modulated by a smooth Jaco-
bian field via linear grid sampling in tangent space, which
provides spatially coherent and analytically grounded rig-
ging. This allows us to capture high-frequency details such
as wrinkles and nasolabial folds, as well as complex cav-
ities like the mouth interior. However, the method is not
without its constraints. We provide detailed discussion in
the supplementary material and briefly highlight key points:
1) Hair Motion. Our mesh-based representation cannot
model dynamic hair, leading to artifacts under motion. Fu-
ture work could incorporate strand-based dynamics [27].
2) Tongue Articulation. FLAME [26] does not include
tongue geometry; thus, articulation inside the mouth is not
captured. Extending the topology is a promising direction.
3) Specular Effects. High-frequency view-dependent ef-
fects like eye glints or sebum are insufficiently modeled;
explicit specular rendering could address this.

4) Fixed Number of Primitives. For the sake of training
stability, the number of Gaussians is fixed throughout opti-
mization. While this design choice sacrifices certain high-
frequency details (e.g., pores and facial hair), it also opens
up avenues for future work to better capture such fine-scale
structures.
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