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Figure 1: GTAvatar broadens applications of monocular Gaussian Splatting head avatars beyond reenactment and relighting, enabling
interactive editing of textures for precise control of intrinsic appearance, while preserving training efficiency, rendering speed and visual
fidelity.

Abstract
Recent advancements in Gaussian Splatting have enabled increasingly accurate reconstruction of photorealistic head avatars,
opening the door to numerous applications in visual effects, videoconferencing, and virtual reality. This, however, comes with
the lack of intuitive editability offered by traditional triangle mesh-based methods. In contrast, we propose a method that com-
bines the accuracy and fidelity of 2D Gaussian Splatting with the intuitiveness of UV texture mapping. By embedding each
canonical Gaussian primitive’s local frame into a patch in the UV space of a template mesh in a computationally efficient man-
ner, we reconstruct continuous editable material head textures from a single monocular video on a conventional UV domain.
Furthermore, we leverage an efficient physically based reflectance model to enable relighting and editing of these intrinsic
material maps. Through extensive comparisons with state-of-the-art methods, we demonstrate the accuracy of our reconstruc-
tions, the quality of our relighting results, and the ability to provide intuitive controls for modifying an avatar’s appearance and
geometry via texture mapping without additional optimization.

1. Introduction

Gaussian Splatting based avatars have revolutionized the capture
and rendering of digital humans by delivering an unprecedented
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level of photorealism with real-time rendering capability, enabling
new possibilities for reanimating content from video inputs. How-
ever, this realism comes with a trade-off: unlike traditional texture-
map-based modeling, Gaussian avatars offer little flexibility for in-
tuitive appearance editing. This gap becomes critical in practice. In
film and visual effects, artists routinely adjust the smallest details of
a face – smoothing skin to create a flawless appearance, removing
distracting high-frequency features, or sculpting age and character
through wrinkles, scars and bruises. In gaming and virtual produc-
tion, creators seek the same level of control to personalize avatars
with tattoos, makeup, or stylized patterns using artist-friendly tools
that operate directly on material texture maps. Withoutsuch editing
capabilities, even the most realistic avatar remains a fixed reproduc-
tion, rather than a medium for creative expression.

This limitation stems from the fact that each Gaussian splat car-
ries its own color or material properties in isolation, without the
shared structure that texture maps naturally provide. As a result,
the surface lacks the local coherence needed to treat it as a contin-
uous canvas, making it difficult – if not impossible – to apply edits
consistently, whether to a small region of the face or to its over-
all appearance. Conversely, while mesh-based 3D inverse rendering
methods [MHS*22 ; BZH*23 ; BBC*24 ] inherit a coherent defacto
UV-domain fit for artist-friendly edits, they can suffer from topo-
logical rigidity when representing high-frequency details and are
hampered in their reconstructioncapacity due to the limitations of
differentiable rasterization when handling complex or translucent
geometries (cf. Table 1). Furthermore, naively embedding Gaus-
sians in UV domain leads to discontinuous texture maps that are
hard to edit successfully , as witnessed in our results (e.g. Figure 10)
and also in [ZWL*25 ]. The authors of FATE [ZWL*25 ] proposed
a second U-Net neural baking stage to alleviate this issue in the
context of non-relightable avatars.

Our goal is to reconstruct a head avatar from a single monocu-
lar RGB video, that can be rendered in real time, relit under arbi-
trary environmentmaps, animatedwith new poses and expressions,
and directly edited throughtexture mapping, yet without the added
postprocessing complexity of training a two-stage model or baking
lighting informationin texture directly.

Following seminal work [QKS*24 ; LKB*25a ], we adopt
FLAME-anchored [LBB*17 ] Gaussian splats. Our key observation
is that, unlike vanilla 3DGS [KKLD23b ], which operates directly
in screen space, the 2DGS variant [HYC*24 ] defines a local splat
coordinateframe and computes ray-splat intersections to query ker-
nels. We leverage this property to map ray-splat intersections into
the UV domain via an approximate orthographic projection from
the splat tangent space to its correspondingFLAME mesh triangle,
effectively mapping each splat plane to a continuousUV patch. We
devise an efficient method to compute this mapping using a single
matrix multiplication per intersection, which is highly importantto
maintainthe method’s efficiency given the very high numberof in-
tersections involved in rendering. PBR material attributes are then
sampled smoothly from learnable texture maps (albedo, roughness,
and specular reflectance) using bilinear filtering. The splat orien-
tations are combined with a residual normal map to produce the
final shading normals. We jointly optimize the FLAME parame-
ters, texture maps, 2D Gaussian positional parameters and environ-

ment lighting. This enables differentiable expression of outgoing
radiance via the Cook-Torrance BRDF [CT82] under the split-sum
approximation [Kar13], using splatted geometry and material G-
buffers in a deferred shading framework. Finally, we introduce a
novel UV regularization that is crucial for maintaining represen-
tation integrity by enforcing alignment of UV coordinates of ray-
splat intersections for a given ray. Figure 10 underlines the benefits
of our UV mapping and regularization compared to a naive UV
embedding strategy based on the projection of splat origins.

The advantages of our novel representationare twofold:

• Expressive Gaussian primitives. Spatially varying attributes
and normals, in a Phong shading [Pho75] fashion, as opposed
to single values, yield higher reconstruction quality with a
smaller total model size than state-of-the-art relightable avatar
competition [ZLL*25 ] (Figure 7b). While similar expressive-
ness can also be achieved with small per-primitive textures
(e.g. [RCB*25 ; SMAD24 ; CTP*25 ; YB25b ; XCW*24 ; WB24;
SLL*24 ]), our approach uses a compact global map, offering
both efficiency and editability.

• UV-based semantic control. Defining primitive attributes con-
tinuously on a standard 3DMM template UV map enables a
wide range of semantically grounded manipulations and en-
hancements, including:

– Intrinsic material supervision, such as our albedo regular-
ization with the FLAME albedo model that guides physical
decompositionmid-trainingand reduces artifacts (Figure 10).
We note that we also incorporate a diffusion-based albedo
prior in screen space, similar to [ZLL*25 ], to further disam-
biguate the decomposition.

– Model compression at test time by downsampling the con-
verged textures with controllable loss in rendering quality
(Figure 8).

– Intuitive editing of material and normals directly in the
FLAME UV domain (e.g. Figures 1, 3, 6 and supplemen-
tary video), without requiring any furtheroptimization, while
seamlessly integrating with the avatar and maintaining com-
patibility with the physical lighting representation.

We demonstrate the benefits of our method compared to tra-
ditional splat-based reconstruction and rendering techniques, and
illustrate its versatility through various texture editing examples.
Our method produces highly realistic head reconstructionsthat not
only match or surpass the quality of state-of-the-art monocular re-
lightable avatar HRAvatar [ZLL*25 ] – despite its lack of explicit
texture representations– but also unlocks new possibilities for artis-
tic control.

2. Related work

Avatar Representations. The prior success of NeRFs [MST*20 ;
MESK22 ] brought impressive levels of photorealism in neu-
ral avatars based on differentiable volume rendering [HPX*22 ;
GTZN21; GCL*21 ]. Rasterization approaches can alleviate the
computational rendering burden of implicit neural ray casting.
However, mesh-based rasterization [MHS*22 ] can yield subpar
photometric reconstruction performance (e.g. FLARE [BZH*23 ]
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Figure 2: Method overview. GTAvatar takes as input a monocular video sequence and reconstructs it by optimizing parameters of 2D
Gaussians, alongside physically-based rendering material and environment lighting. The resulting head avatar can be animated, relit under
arbitrary lighting and edited in texture space. The key contribution lies in our efficient texture mapping technique that relates a splat’s tangent
space to a patch in canonical UV domain (see Section 3.4).

in Table 1) due to the limitations of meshes in modeling trans-
parent and complex geometry. The recent advent of Gaussian
Splatting [KKLD23b] has enabled state-of-the-art reconstruction
quality with real-time rendering [XCL*24; YLH*24; QKS*24].
Gaussian Splatting extends the EWA volume resampling frame-
work [ZPVG02; ZPVG01] to learnable [KB15] inverse render-
ing, modeling 3D scenes with explicit anisotropic Gaussian ker-
nel primitives that can be sorted and rasterized efficiently in tiles.
In this respect, the 2DGS variant [HYC*24] leverages planar
2D primitives instead of volumetric ones, and performs precise
2D kernel evaluation in object space as opposed to approximate
ones in screen space (3DGS), thus leading to superior geome-
try and multi-view consistency. The superior normals provided by
2DGS [LKB*25a; SCD*25; JOYB25; DXX*24] have shown to be
beneficial in physics-based inverse rendering [YZG*25; YB25b;
SGX*25; TLM*25; GWZ*25] where inferring precise reflection
directions [VHM*22] is pivotal. 2DGS also defines a local splat
coordinate frame that allows us to map ray-splat intersections to
our canonical UV space continuously, which is key in our novel
avatar representation. Generalizable models for 2DGS [CZC*25;
JVB25] have been recently proposed similarly to 3DGS [CLTS24;
CXZ*24] before.

Monocular & Relightable Avatars. Learning avatars from ca-
sual consumer grade videos paves the road to democratizing vol-
umetric capture, in contrast to the costly requirements of light
stages or multi-view setups [Deb12; GLD*19; YZF*23]. Re-
cent advances enable avatar learning from monocular video in-
put (e.g. [ZYW*23; XGGZ24; CWL*24; SWL*24; MWSZ24]),
thanks to built-in inductive biases and robust monocular facial

tracking (e.g. [FFBB21; DBB22; RFD*24; ZBT22]) and recon-
struction (e.g. [GKR*25; KBM*24; GKG*24; FWS*18; FBTB20])
methods. Rigging avatars with underlying 3D morphable mod-
els (3DMMs) [LBB*17; PKA*09; ABWB19; BRZ*18; RBSB18;
TL18; OBD*23] enables efficient and robust learning and para-
metric animation control. They define a canonical space for im-
plicit and explicit representations and factor out expression and
pose deformations. Several works leverage data captured under
controlled lighting conditions to produce relightable head avatars
[SSS*24; YZM*24] with dynamic radiance fields and physical re-
flectance models. Relightable Gaussian Codec Avatar [SSS*24]
has shown good relighting capabilities for full multi-view OLAT
captures through its material parameterization, and has also been
extended to the phone scan setting [LCS*24]. Despite the in-
creased ill-posedness of the problem, physics-based inverse ren-
dering and relighting from mere monocular videos or sparse im-
ages is possible through further regularizations or appearance pri-
ors, such as modeling reflectance via simplified bidirectional re-
flectance distribution functions (BRDF) [BZH*23; BBC*24], or
relying on large data corpora [LCS*24]. Closest to our context,
HRAvatar [ZLL*25] employs deferred shading of FLAME-rigged
3D Gaussians augmented with material attributes. In contrast to the
latter, we build on 2DGS deferred shading with the aim of extend-
ing controllability beyond relighting and reenactment, to addition-
ally include intuitive local editing on conformal material maps, in
the interest of more expressive and user-controllable avatar manip-
ulation without sacrificing performance.

UV Mapping & Editing. Recent research has sought to com-
bine explicit surface parameterization with neural representa-
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Reconstruction Edit Albedo texture

Figure 3: Examples of simple albedo texture editing using our method; adding a star decal, changing hair, teeth or eye colors, removing skin
imperfections or adding make-up. Changes remain consistent across poses and expressions.

tions. Within the NeRF [MST*20 ] framework, works such
as NeuTex [XXH*21 ], Neural Gauge Field [ZLKT23 ] and
Nuvo [SGV*24 ] learn neural UV mappings that establish bijective
correspondences between surfaces and textures, enabling surface-
aware rendering across general or category-specific domains. Si-
multaneously, Gaussian Splatting can support 3D domain editing
throughsemantic grouping and manipulation[YDYK24 ], dynamic
4D content [YJM*24 ], text-driven scene modifications [CCZ*24 ],
or brush painting [PHF*25]. Editing via screen-space gradients
[SCL*24 ; WKS*25 ; GXZ*24 ], which relies mostly on extensive
optimizationwith pretraineddiffusion models [ZYC*24 ; ZYL*25 ]
such as Instruct-Pix2Pix [BHE23 ], suffers from high computa-
tional costs and lacks precise controllability. UV-domain editing
requires continuous texture maps. While some methods struc-
ture Gaussians in the UV domain [KGT*24 ; AYS*24 ; SWL*24 ;
XGGZ24 ; WKS*25 ], most still operate with discontinuous sparse
maps. Texture-GS [XHL*24 ] learns a neural UV mapping for

3DGS primitives for static objects, whilst we aim to use a prede-
fined UV map for semantically groundededits of a dynamic avatar.
Contemporarywork FATE [ZWL*25 ] attempts to alleviate the tex-
ture map continuity issue for non-relightable dynamic Gaussian
head avatars. However, it requires a separate learning stage involv-
ing neural baking via additional networks to obtain smootheditable
textures and fails to preserve sharp details when edited, as shown
in Figure 12. Our method avoids these multiple stages, bypassing
the need for any neural UV mapping or neural baking. Moreover,
to our knowledge, our approach is the first Gaussian head avatar
to conjointly enable relighting and UV editing of appearance and
normals.

2D Image-based relighting. A significant area of research ad-
dresses portrait relighting from monocular inputs directly, bypass-
ing the need for full 3D reconstruction. Many approaches de-
compose the input image into various intrinsic components such
as albedo, normals and specular reflectance [WZL*09 ; SYH*17 ;
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SKCJ18 ; LK19 ; PEL*21 ], leveraging priors for accurate light-
ing decomposition. These priors often include parametric face
models [BV99 ; LBB*17 ; ABWB19 ; BRZ*18 ; RBSB18 ; TL18;
OBD*23 ], light-stage datasets [DHT*00] or simplified physi-
cal models [Pho75; CT82]. In recent years, many works have
used encoder-decoder architectures [MHP*19; SBT*19 ; ZHSJ19 ;
WYL*20 ; NLML20 ; PEL*21 ; RFM*24 ] or diffusion models
[PTS23 ; ZDP*24 ; CRH*25 ] that can directly synthesize relit im-
ages. While these methods can capture complex illumination ef-
fects (e.g. hard shadows, inter-reflections and subsurface scatter-
ing), disentanglement of lighting from other factors remains diffi-
cult in the under-constrained monocular setting. Additionally, the
lack of explicit 3D representations severely limits their ability to
render novel viewpoints.

3. Method

Our method reconstructs a relightable and animatable 3D head
avatar from a single monocular video by embedding 2D Gaussians
onto the surface of a template mesh, where each Gaussian inher-
its physical material properties from texture maps dynamically. An
overview is of the pipeline is shown in Figure 2. The approach
builds on the FLAME morphable model, which provides a para-
metric representation of head geometry and facial deformations.
We first review the FLAME model and the principles of Gaussian
splatting. We then describe how Gaussians are bound to mesh tri-
angles, introduce our novel UV-space mapping that enables differ-
entiable texturing, and present our real-time image-based lighting
formulation for physically plausible shading.

3.1. FLAME

The FLAME [LBB*17 ] 3D morphable model provides a template
head mesh with joints for eyes, jaw and neck, and a statistical model
for identity and expressions. Identity and expression deformations
are expressed as blendshapes while the joints transform vertices
through Linear Blend Skinning [MLT88]. For simplicity, we refer
to FLAME as template vertex positionsVt ∈R3V , triangle topology
[0..V −1]3F and a deformation functionF :

Vd = F(Vt ,Ψ)

where the identity parameters are fixed and Ψ is the concate-
nation of pose and expression parameters. We refer the reader
to [LBB*17 ] for exhaustive details on this 3DMM. Additionally,
FLAME provides per-corner UV coordinates for texturing (i.e. UV
parameterizationfor the unwrapped template mesh).

3.2. Gaussian Splatting

3D Gaussian Splatting [KKLD23a ] (3DGS) uses 3D Gaussians
primitives to reconstruct a 3D scene from a set of images. Each
Gaussian is defined with a position µ, a rotation matrix R (pa-
rameterized as a quaternion), scales s ∈ R3 , opacity o and view-
dependent color c as spherical harmonics coefficients. For render-
ing, Gaussians are projected to screen space and alpha-blended
front-to-back, yielding the final color:

C = ∑
i

cioiGi(x)
i−1

∏
j=1

(1−o jG j(x))

where G(x) = exp(− 1
2 (x− µ)T

Σ
−1(x− µ)) is the Gaussian func-

tion, Σ = RSST RT the covariance matrix and S the diagonal scaling
matrix derived from s.

2D Gaussian Splatting [HYC*24 ] (2DGS) extends this by us-
ing flat 2D surfels better suited for reconstructinghigh-fidelity sur-
faces. Each gaussian defines a local tangent plane in world space,
which is parameterized as:

P(s, t) = p+ s s+ t t

where s ∈ R3 and t ∈ R3 are the scaled tangential vectors of the
splat and p ∈ R3 its center position. Contrary to 3DGS, 2DGS en-
ables computation of closed-form normal vectors n = s×t

||s×t|| and
precise depth at ray-splat intersections. Please note that we pur-
posefully use (s, t) coordinates to describe the Gaussian tangent
planes in place of the more common (u,v) to avoid confusion with
(u,v) coordinates used for texture sampling.

3.3. Mesh Binding

Representation. Similarly to existing Gaussian head avatars
[QKS*24 ; LKB*25b ; ZLL*25 ; XGGZ24 ], we bind Gaussians to
triangles of the FLAME mesh. Within each triangle, n splats are
initialized with random barycentric coordinates within [0,1]. Each
Gaussian has a learnable rotation r relative to the orientationof its
triangle (represented as a quaternion),a displacement d ∈ R along
the triangle normal, scales s ∈ R2 , and opacity o ∈ [0,1].

Deformation. Given pose and expression parameters for FLAME,
we first compute the deformed vertex positions Vd ∈ R3V and
face normals Nd ∈ R3F . The position of each Gaussian is ob-
tained by interpolating the deformed vertex positions of its triangle
with barycentric coordinates. The rotation is the Gaussian’s rela-
tive rotationr multiplied by the triangle’s orientationmatrix, whose
columns are a tangent, bi-tangent and normal vector of the triangle
plane.

3.4. UV-Mapping for Textured Gaussians

2D splat

texture

mesh triangle

camera ray

Figure 4: From ray-splat intersection to (u,v) texture coordinates.
The local 2D splat coordinate (s, t) is orthogonally projected onto
the splat’s reference triangle, expressed as triangle barycentric co-
ordinates and subsequently mapped to a (u,v) position.

Our method extends Gaussian Splatting by replacing the color
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of Gaussians with texture patches. Contrary to existing works that
enhance the representation power of Gaussians with small per-
primitive textures [RCB*25 ; SMAD24 ; CTP*25 ], we seek to em-
bed Gaussians into a single texture space with a semantic mapping
predefined on the template mesh. To achieve this, we map the tan-
gent plane of each splat to a continuous patch in the mesh’s UV
space. We modify the Gaussian Splatting rasterizer to retrieve col-
ors by sampling a texture at the mapped UV coordinates efficiently
with bilinear filtering. This texture is learned alongside the Gaus-
sian parameters.

Given a ray-splat intersection position (s, t) in the tangent space
of the splat, an intuitive and practical solution for the mapping
to (u,v) coordinates is to use the nearest mesh point. For ease of
computation,we approximate this point as the nearest point on the
primitive’s bound triangle plane, i.e. the orthogonal projection of
the ray-splat intersection point on its triangle plane as illustrated
in Figure 4. The final UV coordinates are thus obtained by lin-
early interpolating the UV coordinates of the triangle vertices at
this projection location. Irregularities resulting from the projection
falling outside the triangle are mitigated by the splat scales remain-
ing generally smaller than triangles, and by our UV regularization
loss introducedin Section 4.3.

Minimizing the number of operations per ray-splat intersection
is key to maintaining high rendering speed. To this end, we de-
vise a method that only requires a single matrix multiplication per
intersection to compute the final UV coordinates, as naive alterna-
tives do not scale well with the large number of ray-splat intersec-
tions involved in rendering. For a splat attached to a mesh triangle
with UV coordinatesUVX ∈ [0,1]2 and FLAME-deformed vertices
VX ∈R3 (X ∈ {A,B,C}), we adopt triangle barycentric coordinates
with origin at VA and define two functions that map from barycen-
tric coordinates (b,c) to world space and UV respectively:

v(b,c) = VA + Jv

[
b
c

]
uv(b,c) = UVA + Juv

[
b
c

]
where Jv and Juv denote the Jacobians of the two transformations:

Jv =
[
VB −VA VC −VA

]
∈ R3×2

Juv =
[
UVB −UVA UVC −UVA

]
∈ R2×2

Similarly, let f denote the transformationfrom the splat’s tangential
space to world space:

f (s, t) = p+ Jst

[
s
t

]
, Jst =

[
s t

]
∈ R3×2

Assuming a non-degenerate triangle, v is invertible and its in-
verse is defined on the triangle plane. Thus, if the Gaussian
is aligned with the triangle plane, we can define the mapping
(u,v) =M(s, t) = (uv◦ v−1 ◦ f )(s, t). We exploit the linearity of
uv, v, f andM to rewrite it as follows:

uv0 =M(0,0) Jst→uv =
∂M
∂st

= JuvJ†v Jst (1)

M(s, t) = uv0 + Jst→uv

[
s
t

]
(2)

where J†v is the pseudo-inverse of Jv and uv0 the UV coordinates

at the center of the splat, computed using the Gaussian’s barycen-
tric coordinates directly. We extend this to Gaussians that are not
aligned with their triangle by noting that JvJ†v is the orthogonal
projector onto the column space of Jv (the triangle plane) and
x 7→ J†v (x−VA) yields the barycentric coordinates of the projec-
tion. Thus, M maps (s, t) to the UV coordinates of this projection
(the J†v VA term is accounted for in uv0). The pseudo-inversion is
implemented by solving a least-squares problem, which does not
back-propagate gradients to the template vertices.

This lightweight mapping only requires a single matrix multipli-
cation at each ray-splat intersection during rendering. The largest
computational costs are the pseudo-inversion of J†v for each trian-
gle and the bilinear texture filtering; the latter is a well-understood
cost of graphics pipelines that can be mitigated with hardware ac-
celeration. Notice that Jv – and its pseudo-inverse J†v – are mesh
and expression-dependentbut do not need to be updated for view-
point changes. See Section 5.5 for more details on rendering speed
and a comparison with a naive projection baseline.

3.5. Appearance Modeling

The final per-pixel color is derived using deferred shading on the G-
buffers obtained through Gaussian Splatting. For a given pixel, let
n∈R3 denote the splatted normalvector (normalized)and ω0 ∈R3

the view direction. We replace typical per-Gaussian spherical har-
monics with a 5-channel material texture: albedo ρ∈ [0,1]3 , rough-
ness r ∈ [0,1] and specular reflectance f0 ∈ [0,1]. After rasteriza-
tion, we retrieve those values per-pixel in the G-buffers.

3.5.1. Real-time Physically-Based Rendering

We adopt the real-time shading model of [Kar13], which we briefly
summarize in this section. The rendering equation expresses the
outgoing light L0 leaving surface point x in the camera direction
ω0 by integrating the light reaching it from all directions:

L0(x,ω0) =
∫

Ω

fr(x,ωi,ω0)Li(x,ωi)(ωi ·n)dωi

where fr is the bidirectional reflectance distribution function of the
material (BRDF). We decompose the BRDF as a diffuse Lamber-
tian term independentof incoming light direction:

L0,diffuse = ρ
∫

Ω

Li(x,ωi)(ωi ·n)dωi (3)

and a view-dependentspecular term, calculated using the split-sum
approximation[Kar13]:

L0,spec =

(∫
Ω

fr,spec(x,ωi,ω0)dωi

)(∫
Ω

Li(x,ωi)(ωi ·n)dωi

)
(4)

Similarly to previous relightable head avatars [MHS*22 ; BZH*23 ;
ZLL*25 ], we adopt the Cook-Torrance microfacet reflectance
model [CT82], which parameterizes the specular BDRF with sur-
face roughness r and specular reflectance at normal incidence f0 .
In practice, the second integral incorporates parts of fr,spec that are
not dependent on ω0, and is stored as a pre-filtered environment
map L(ωr,r) with mip levels sampled by spatially-varying rough-
ness r, where ωr is the reflection of ω0 onto the normal. We learn
this function as a RGB cubemap that represents the lighting of the
scene. The first integral is only dependent on material properties
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and viewing angle and independentof lighting. It is pre-computed
in a look-up table; for conciseness, we refer the reader to [Kar13]
for details and denote this reflectance term as R( f0,r,ω0 ·n). Note
that due to properties of the BRDF omitted here, the integral in Eq.
3 can be computed as L(n,0). Hence the final color is:

L0(x,ω0) =L0,diffuse +L0,spec

=ρ ·L(n,0)+R( f0,r,ω0 ·n) ·L(ωr,r) (5)

3.5.2. Normal Mapping

The use of Texture Mapping for appearance properties increases
the representation power of each Gaussian. However, the shading
model described in Section 3.5.1 requires precise surface normals
to achieve photo-realistic results. Relying solely on increasing the
number of Gaussians to model this high-frequency geometry is in-
efficient and can lead to a prohibitively large memory footprint.
Instead, inspired by classical normal mapping in real-time graph-
ics, we augment our material texture with two additional channels
that define a local perturbationrelative to the splat’s own geometric
normal. This allows a single, relatively large Gaussian to represent
a surface patch with intricate geometric detail.

From 2D Texture to 3D Tangent-Space Normal. The two normal
map channels, (nx,ny), parameterize a 3D unit normal vector, nt ,
within the local tangent space of the splat. The splat’s local coor-
dinate system is defined by its orthonormalbasis: the two principal
tangential vectors (s, t) and its geometric normal ng = s×t

||s×t|| . To
reconstruct the full 3D vector from the 2-channel texture, the third
componentnz is derived assuming the normal points away from the
surface (z > 0):

nt =
[
nx ny

√
1−n2

x −n2
y

]T
(6)

The resulting unit vector nt represents the high-frequency surface
normal in the splat’s local space. A value of (0,0) in the texture
corresponds to the tangent-space normal [0,0,1]T , representing no
perturbationfrom the splat’s geometric normal ng.

Transformation to World Space. During rendering, we sample
the tangent-space normal nt from our texture. This local normal is
then transformedinto world space by multiplying it with the splat’s
rotationmatrix R:

nw = Rnt , where R =
[
s t ng

]
(7)

This final perturbed world-space normal, nw, is then used for all
shading calculations as described in Section 3.5.1 . This strategy
enables higher-quality shading and more accurate reconstruction
of fine details with a significantly reduced number of primitives.
Figure 9 shows examples of the detailed normal maps recovered by
our method and demonstrates the resulting improvement in render-
ing quality compared to using only the base splat normals.

4. Training

Our model is trained end-to-end from a monocular RGB video.
Following previous work [ZYW*23 ; BZH*23 ; ZLL*25 ], the in-
put video is preprocessed prior to training to extract alpha masks
using a matting method [LYSS21 ] and initial FLAME parameters
using an off-the-shelf facial tracker [RFD*24 ]. During training,

we simultaneously optimize the parameters of our 2D Gaussians
(barycentric coordinates, relative rotation, scale, displacement and
opacity), the textures (albedo, roughness, specular reflectance and
normals) and the scene’s lighting environment map (a 6× 322 × 3
RGB cubemap). Gaussians undergo densification and pruning as
in other Gaussian-based methods [KKLD23b ; HYC*24 ; QKS*24 ;
ZLL*25 ]. We also optimize the FLAME model (template mesh and
deformation basis) for higher fidelity and fine-tune the expression
encoder from the FLAME tracker [RFD*24 ] while continuously
predicting updated expression parameters during training, follow-
ing recent work [ZLL*25 ]. We train for 15 epochs using Adam
optimizer [KB15 ], requiring one to two hours on an NVIDIA RTX
A5000 GPU. Learning rates are given in Table 3a.

Our total loss function is a weighted sum of terms designed to
supervise the image reconstruction,guide the physical propertydis-
entanglement, regularize our novel UV mapping, and ensure geo-
metric stability. The overall objective is:

Ltotal = Lphoto+LPBR +Luv +Lgeom (8)

Values used for the weights referenced in this section are provided
in Table 3b.

4.1. Image Reconstruction Losses

The primary supervisory signal comes from comparing the ren-
dered image with the groundtruth.Let I and M be the ground-truth
image and foreground mask for a given frame. Let Î and M̂ be our
corresponding rendered image and alpha mask. The photometric
loss Lphoto is a combination of an L1 loss, a structural similarity
(SSIM) loss and a mask loss.

Lphoto = λL1 ||I − Î||1 +λSSIM (1− SSIM(I, Î))

+λmask||M− M̂||1
(9)

4.2. Priors for Physical Disentanglement

Decomposing appearance into intrinsic physical properties from a
monocular video is a highly ill-posed problem. To guide this de-
composition, we introduce a set of priors, LPBR .

First, we supervise the rendered albedo Îρ with a diffusion-based
prior Iρ [XSD*24 ] precomputedfor every third frame of the video,
as recent work has proven this effective for disentangling albedo
and lighting [ZLL*25 ].

Ldiff_albedo = M||Iρ− Îρ||1

Second, we enforce smoothness on the learned material maps,
which is a natural prior for skin appearance. We apply a total vari-
ation (TV) loss to the roughness (Tr) and specular reflectance (T f0 )
textures:

Lsmooth = TV(Tr)+TV(T f0 )

Finally, we regularize the detailed normal map (Tn) toward the
default up-vector [0,0,1]T , encouraging it to capture only necessary
deviations from the base splat normal:

Lnormal_reg = ||Tn − [0,0,1]T ||1
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Groundtruth Render Normal Albedo Relight

Figure 5: Reconstruction and relighting examples obtained with our method. From left to right: original frame, reconstruction, rendered
normals and albedo, relighting under various environment maps.

The total PBR loss writes:
LPBR = λdiff_albedoLdiff_albedo +λsmoothLsmooth+

λnormal_regLnormal_reg
(10)

4.3. UV-Mapping Regularization

A key goal of our method is to produce continuous, artifact-free
texture maps suitable for editing. Since multiple semi-transparent
Gaussian splats can contribute to a single pixel, it is crucial that
they all map to a consistent location in the UV texture for a given
ray. To enforce this, we introduceLuv, a set of novel regularization
terms.

UV Distortion Loss. Inspired by the depth distortion loss in

2DGS [HYC*24 ], we propose a UV distortion loss to concentrate
the texture coordinates of all ray-splat intersections contributing to
a single ray. For a given pixel ray, we minimize the weighted pair-
wise distance between the UV coordinates of all ray-splat intersec-
tions. Let uvi be the (u,v) coordinate derived from the i-th splat
intersection along a ray. The loss then writes:

Luv_dist = ∑
rays

∑
i, j

ωiω j||uvi −uv j||2

where ωi is the volumetric blending weight of the i-th splat inter-
section: ωi = αiGi ∏

i−1
j=1(1−α jG j), where αi and Gi are the opac-

ity and Gaussian value at the intersection respectively. This loss
penalizes rays where multiple highly-weighted splats contribute to
the same pixel but map to distant UV coordinates. Minimizing this
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Method Relighting Texture
editing

INSTA dataset HDTF dataset

PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓

[ZBT23 ] INSTA × × 27.85 0.9110 0.1047 25.03 0.8475 0.1614
[ZYW*23 ] Point-avatar × × 26.84 0.8970 0.0926 25.14 0.8385 0.1278
[SWL*24 ] Splatting-avatar × × 28.71 0.9271 0.0862 26.66 0.8611 0.1351
[XGGZ24 ] Flash-avatar × × 29.13 0.9255 0.0719 27.58 0.8664 0.1095
[MWSZ24] GBS × × 29.64 0.9394 0.0823 27.81 0.8915 0.1297

[BZH*23 ] FLARE ✓ × 26.80 0.9063 0.0816 25.55 0.8479 0.1183
[ZLL*25 ] HRAvatar ✓ × 30.36 0.9482 0.0569 28.55 0.9089 0.0825

GTAvatar (ours) ✓ ✓ 30.52 0.9537 0.0552 28.83 0.9130 0.0794

Table 1: Results of various methods for the self-reenactment task on the INSTA and HDTF datasets. Our method outperforms all others in
PSNR, SSIM and LPIPS.

Reconstruction Edit Relight
Normals Render Normals Render Full model w/o normal map

Figure 6: Texture editing with off-the-shelf PBR material maps. Our method enables consistent rendering of edited avatars under varying
illumination with conventional material definitions. The last column underlines the importance of normal mapping for creating edits that
interact with lighting convincingly.

term forces the UV projections of overlapping Gaussians to con-
verge to a single, sharp point in the texture map, preventing blurry
or "ghosting" artifacts and creating an editable texture.

UV Mask Loss. To prevent Gaussians from sampling invalid areas
of the texture atlas (i.e. the gaps between UV islands), we introduce
a boundaryloss. We pre-computea binary mask Muv that is 0 inside
valid triangle regions of the UV map and 1 elsewhere. The loss
regularizes the intensity of texels outside of valid areas:

Luv_boundary = Muv||T −Tinit||1

where Tinit is the initial value for that texture – [0,0,0] for albedo,
0.5 for roughness, 0.05 for specular reflectance and [0,0,1] for nor-
mals.

Statistical Albedo The albedo texture (Tρ) is further regularized
using the texture-space PCA albedo prior provided by FLAME.
PCA coefficients ωρ are optimized duringtraining, yielding pseudo
ground-truthtexture T̃ρ = T̃ρ,mean+ωρT̃ρ,basis , used in:

Lstat_albedo = ||Tρ−T̃ρ||1

Together, Luv = λuv_distLuv_dist + λboundaryLuv_boundary +

λstat_albedoLstat_albedo. These terms are critical for producing
high-quality editable textures as shown in Figure 10.

4.4. Geometric and Gaussian Regularization

Finally, to maintain a stable and plausible underlying structure, we
use a set of geometric regularizers, Lgeom.

Surface Normal Consistency. To ensure that our 2D splats align
locally with the overall reconstructedsurface, we adopt the normal
consistency loss from 2DGS [HYC*24 ]. This loss aligns the normal
of each individual splat ni with the macro-scale surface normal N,
derived from the screen-space gradients of the rendereddepth map.
The loss for each ray is expressed as:

Lnormal_consist = ∑
i

ωi(1−n⊤
i N)

This encourages the formationof a smooth, coherentgeometric sur-
face, which is an importantfoundationfor a stable UV mapping.

FLAME mesh regularization. Following prior work on driv-
able avatars [BZH*23 ], we maintain the structure of the under-
lying mesh through a Laplacian smoothing loss that regularizes
the offsets between the original and the fine-tuned FLAME mesh:
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(a) LPIPS for varying numberof Gaussians and texture resolutions.
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(b) LPIPS for varying number of learned parameters, accounting for Gaus-
sians and texture resolution. For our method, we vary both simultaneously
to find a trade-off between quality and model size. As indicated by the dot-
ted line, our methodachieves the same quality with significantly lower size.

Figure 7: Reconstruction quality on unseen frames averaged over
10 videos of the INSTA dataset, compared with HRAvatar [ZLL*25]
(LPIPS, lower is better). Densification and pruning of Gaussians
are disabled in these experiments for manual control of splat count.
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Figure 8: Normals and render for different levels of texture scaling
after training with a 1024 × 1024 texture. As the texture is down-
scaled, the reconstruction quality decreases gradually.

Llap = ||L(F(Vt ,Ψ)−F̃(Ṽt ,Ψ̃))||22 where F̃ denotes FLAME with
optimized basis, Ṽt the tuned template vertices, Ψ̃ the FLAME pa-
rameters with expression computed using the tuned encoder and
L the graph Laplacian of the mesh [Sor05]. We additionally reg-
ularize the difference in all attributes of FLAME with a L2 loss
LFLAME . Finally, we bias the predicted expression parameters to-
wards the initial values to prevent excessive divergence from the
initial tracker: Lexpr = ||Ψ̃expression−Ψexpression||22 . Together, these
losses ensure our underlying mesh maintains geometric integrity
and the surface UV mapping is preserved.

Lastly, we encourage Gaussian primitives to remainnear the cen-
ter of their parent triangle by regularizing their barycentric coordi-
nates b: Lbary = ||b− [ 1

3 ,
1
3 ,

1
3 ]

T ||22 .

In summary, the total geometric loss is Lgeom =
λnormalLnormal_consist+ λlapLlap + λFLAME LFLAME + λexprLexpr +
λbaryLbary.

Normal Close-up Relight
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w
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m
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Figure 9: Ablation test on the normal map. 3D reconstruction is
performed without relying on the normal map, i.e. normals are
only computed from the Gaussian splats and fine surface details
are baked in the other channels (top row), compared to reconstruc-
tion with a normal map (bottom row).

5. Results

Dataset. We evaluate various aspects of our method on two com-
mondatasets for monocularavatar reconstruction:INSTA [ZBT23 ]
and HDTF [ZLDF21 ]. Both provide 2-3 minute 512 × 512 resolu-
tion talking head videos. Our experimental setting aligns with that
of our main baseline, HRAvatar [ZLL*25 ]: we use 10 subjects from
the INSTA dataset, and 8 from HDTF. For self-reenactment evalu-
ation, the last 350 frames are left out of training for the former, and
the last 500 frames for the latter.

5.1. Self-reenactment

In this section, we validate the quality of our reconstructionsin the
self-reenactment setting. Unseen frames from the video are tracked
to recover FLAME parameters using the tuned encoder, then re-
constructed. In Table 1 we report average PSNR, SSIM and VGG-
based LPIPS metrics for the INSTA and HDTF datasets, compared
to state-of-the-art monocular avatar reconstruction methods as re-
ported by the authors of HRAvatar [ZLL*25 ]. Our method dis-
plays state of the art performance, comparably with HRAvatar, out-
performing all baselines. Qualitative reconstruction examples are
shown in Figures 5 and 13. Figure 11 showcases our method’s abil-
ity to render realistic avatars from novel viewpoints.

Moreover, we assess the effect of primitive count and texture
resolution in Figure 7. Average LPIPS on the INSTA dataset is
reported for various primitive counts and texture resolutions. For
fair comparison with HRAvatar which does not have textures, we
also compare with equal parameter counts. These results under-
line the efficiency of our method, enabling on-par reconstruction
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Reconstruction Texture edit Rec. texture

Full method

w/o UV distortionloss

w/o FLAME statistical albedo

w/o FLAME statistical albedo, Jst→uv = 0

Figure 10: Ablation of key aspects of our texturing approach. While
the reconstruction quality remains similar, the UV distortion regu-
larization yields a sharper UV mapping and helps maintain high-
frequency details from the texture. The statistical albedo smooths
the texture and reduces artifacts. In the last row, we set Jst→uv to
zero (see Section 3.4), resulting in a discontinuous texture that only
uses a sparse set of texels. Please zoom in for details.

quality with a significantly smaller model size. The added repre-
sentation power of textures reduces the number of primitives re-
quired througha compact representationof normal and appearance
attributes enabled by the UV-space locality of adjacent splats.

In Figure 8, we render an avatar with textures down-scaled to
lower resolutions at test time without any additional tuning. As
shown, our texture-based modeling enables intuitive control of
model size, an importantcapability for bandwidth-adaptive appli-
cations. Note that training with lower resolution textures directly
would yield better results thandown-scaling the textures post-facto,
as the optimization process can adapt to the reduced representation
power.

5.2. Texture Editing

In this section, we show that our texture mapping approach enables
several editing use cases that would be very difficult if not impos-
sible to implement with standard Gaussian Splatting rasterization.

Figure 3 demonstrates overlay of sharp decals, precise editing
of local features and color-shifting face regions. Figure 6 show-
cases more substantial edits using off-the-shelf PBR materials, ren-

Groundtruth Rec. Novel views

Figure 11: Examples of reconstructions and novel viewpoints.

FATE (55k) FATE (93k) Ours (10k)

Figure 12: Visual comparison of our results with FATE [ZWL*25].
While both approaches provide texture editing features, our UV
mapping technique yields sharper renders with high-frequency de-
tails. Numbers indicate the respective number of splats.

dered under varying illumination to validate the accuracy of our
physically-based rendering with conventional material definitions.
Our results show that the edited avatars maintain sharpness and
consistency across variations in pose, expression and illumination.

In Figure 10, we perform an ablation study of several aspects of
our methodaimed at improving the texture mapping and the quality
of reconstructed textures. First, we validate that the UV distortion
loss enhances the sharpness of our render. While the reconstruction
converges well without the regularization, mapping a texture with
high-frequency details reveals some blurriness. Next, we show that
the statistical albedo regularization is able to fill-in the holes in the
textures, remove distracting artifacts and better preserve the struc-
ture of the texture space. Finally, we set our Jacobians (see Sec-
tion 3.4) to zero, which equates to using a single UV coordinate
per splat. This per-primitive mappingyields a discontinuoustexture
with only a sparse set of texels being used (note that we disable the
statistical albedo regularization to better visualize those texels), and
cannot be edited at high resolution unless the numberof primitives
is impractically high.

FATE [ZWL*25 ] allows texture-based editing of Gaussian
Avatars. However, their methodrelies on per-primitive color, which
severely limits the quality of renderingfor high-frequency textures.
Figure 12 compares renders with the same texture for FATE and
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Figure 13: Visual comparison of our method with HRAvatar [ZLL*25] and FLARE [BZH*23] for reconstruction and environment map
relighting.
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GTAvatar. Our method outperforms FATE even while increasing
the numberof primitives FATE uses well beyond its default.

5.3. Normal mapping

In Figure 9, we demonstrate the impact of our normal mapping on
the sharpness of rasterized normals and the quality of relit renders.
Furthermore, Figure 6 shows how handcrafted normal maps sub-
stantially improve the realism for material editing under dynamic
lighting.

5.4. Relighting

Figure 13 presents relighting examples compared with HRAvatar
and FLARE. Our method achieves comparable or superior quality
relative to both baselines, which employ the same physically-based
rendering formulation. We provide further examples in Figure 5 to
illustrate the relighting capabilities of our method.

5.5. Rendering time

Sampling a texture at every ray-splat intersection comes with a
computationalcost. To minimize this cost, our implementationuses
hardware acceleration at test time for more efficient access via
CUDA texture objects. In Table 2, we compare rendering speed
with other methods, and with variants of our method without hard-
ware acceleration, with more Gaussians and with naive projection
instead of the fast UV mapping described in Section 3.4. In the
latter, we explicitly perform orthogonal projection to the triangle
plane and calculate barycentric coordinates at ray-splat intersec-
tion. We report FPS for both static and dynamic geometry, as we
found FLAME deformations and, in our case, updating the Jaco-
bians, to be a significant contributorto renderingtime. Note that the
static geometry case still enables camera movement and relighting.
While our method performs slower than the HRAvatar baseline for
a given number of primitives, ours requires less (as shown in Fig-
ure 7a), yielding on par rendering time for comparable or better
reconstruction quality. The final trained avatar can be rendered at
more than 170 FPS with static geometry, or 80 FPS with dynamic
geometry on a RTX A5000.

6. Ethics

This research aims at pushing forward the precision and authen-
ticity of 3D facial reconstruction for legitimate applications such
as visual effects or virtual interactions. We do not condone the
use of our work for producing unconsented deepfakes or decep-
tive content of any kind. Our focus remains on contributing to sci-
entific progress and industry innovation in alignment with ethical
standards. We also encourage ongoing dialogue and the develop-
ment of regulations to safeguard individual rights as this technol-
ogy evolves.

7. Conclusion

We presented a novel UV-domain Gaussian splatting framework
that combines the fidelity and efficiency of EWA volume resam-
pling enabled physics-based inverse rendering with the intuitive-

Method FPS FPS LPIPS ↓(static) (dynamic)

FLARE [BZH*23 ] 31 27 0.082
HRAvatar 80k [ZLL*25 ] 136 88 0.062
HRAvatar 10k [ZLL*25 ] 165 105 0.071

Ours 10k 121 64(no hw. acceleration) 0.060
Ours 10k 152 67(naive projection) 0.060
Ours 80k 109 64(more Gaussians) 0.058

Ours 10k 175 83 0.060

Table 2: Comparison of rendering speed at inference for static and
dynamic geometry on a NVIDIA RTX A5000 GPU, and average
LPIPS for unseen frames of the INSTA dataset. Numbers next to
method names indicate the number of Gaussians used, when appli-
cable (densification and pruning are disabled for manual control).
Despite the additional overhead of texture sampling, our method
achieves competitive speed by reducing the number of Gaussians
required to achieve a photorealistic reconstruction.

Parameter LR

Barycentric coords. 1e−3
Rotation 1e−3
Scale 5e−3
Displacement 2e−5
Opacity 5e−2
Expression encoder 5e−5
Material texture 5e−3
Normal texture 1e−3
Environmentmap 2e−2
FLAME template vertices 1e−5
FLAME LBS weights 1e−4
FLAME expr. and pose shapes 1e−6
FLAME statistical albedo 5e−2

(a) Learning rates.

Weight Value

λL1 0.80
λSSIM 0.20
λmask 0.10
λdiff_albedo 0.25
λstat_albedo 0.0001
λexpr 0.01
λsmooth 0.01
λnormal_reg 0.01
λnormal_consist 0.05
λuv_dist 50
λboundary 1
λbary 0.1
λlap 200
λFLAME 0.001

(b) Objective function weights.

Table 3: Hyperparameters used for training our method.

ness of texture-based editing, enabling photorealistic, easily ed-
itable, and relightable head avatars from monocular videos. Our
methodachieves state-of-the-artreconstructionand relighting qual-
ity while introducing efficient, semantically meaningful solutions
for material and geometry control.

Several limitations remain. The use of image-based lighting to
represent scene illumination enables intuitive manipulation of the
environment, but comes with shortcomings. Most importantly, this
approach can only model light at infinity and is unable to repre-
sent point lights. Furthermore,effects such as indirect illumination
and shadows are not represented, and will thus be baked into other
properties, yielding inaccurate physical decomposition.

As part of future work, several avenues remain to fur-
ther improve our representation. The texture-mapping contribu-
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tion could be integrated in a Gaussian rasterizer that enables
more advanced lighting representations, e.g. through ray-tracing
[MMP*24 ; XCX*24 ; GWZ*25 ; SGX*25 ]. Reducing aliasing ar-
tifacts is also a key challenge: incorporating anti-aliasing strate-
gies, either through trilinear texture filtering in the UV domain or
directly within the 2DGS splatting stage [YB25a ] could enhance
visual smoothness and stability of avatars and edits. In addition,
extending this representation to the better-constrained multi-view
setting could enable further uses. Such extensions would make our
method even more suitable for production-gradeapplications.
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