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Abstract. We present PointGT, a point-based 3D representation that
enables simultaneous editing of object geometry and appearance. Ex-
isting reconstruction and view synthesis techniques produce volumetric
3D representations that are high-quality and photorealistic, but are dif-
ficult to edit. In particular, recent efforts to enable texture editing for
3D Gaussian Splatting representations are not compatible with geometry
edits and deformations. Our method combines a point-based represen-
tation that is well-suited for geometry deformations with a learned UV
mapping technique that enables high-resolution texture editing. We show
that PointGT enables fine-grained editing of both geometry and texture
in point-based neural representations with high rendering quality.

Keywords: Point neural representation - Geometry and texture editing

1 Introduction

Point-based radiance field representations, most notably 3D Gaussian Splatting
(3DGS) [9], have emerged as a powerful approach to novel view synthesis and 3D
reconstruction. These methods represent scenes as point clouds, where each point
is associated with a volumetric primitive (e.g. a 3D Gaussian distribution) that
has an opacity and a single view-dependent color. Rasterizing these volumetric
primitives is efficient, so techniques such as 3DGS can quickly optimize large
collections of primitives to represent detailed scenes.

However, since each Gaussian is assigned a single (view-dependent) color,
3DGS can only represent detailed appearance and textures by using many (of-
ten millions) of Gaussian primitives. This coupling of geometry and appearance
resolution prevents scenes reconstructed by 3DGS from being easily edited. Edit-
ing appearance is difficult because the textures of reconstructed scenes cannot be
modified at resolutions finer than the sizes of the reconstructed Gaussians, and
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Fig.1l: Overview Given multi-view captures (left), PointGT reconstructs a point-
based 3D representation and learns a global UV mapping onto 2D charts (middle left).
By maintaining a deformation-aware correspondence between canonical and deformed
space, PointGT ensures persistent texture edits under non-rigid geometry changes.
Users can simultaneously deform and retexture a reconstructed dress (top) or a real-
world table (bottom), with geometry and appearance fully decoupled and editable.

editing geometry is difficult because it is not clear how to non-rigidly transform
Gaussian primitives based on user manipulations.

Recent efforts to decouple appearance and geometry in Gaussian splatting
have extended 3DGS to include either global or per-primitive
UV maps. However, these techniques are still unable to enable both geometry
deformations and appearance editing. Learned global UV maps from 3D surface
points to 2D UV coordinates are no longer valid after geometry deformations,
and per-primitive UV maps have difficulties handling deformations that are finer
than the size of the Gaussian primitives.

We focus on another point-based representation that uses attention to render
a point cloud [1,[13}[30], which effectively avoids those limitations by modeling
scenes as a collection of infinitesimal points with learned features. These methods
render rays with a cross-attention mechanism between the ray and the K points
closest to the ray. This defines the aggregated feature of a ray as the interpolation
of the features from those K nearest points, which enables editing scene geometry
since these interpolation weights are still valid after deformations of the scene
points. While attention-based point representation is better suited for geometry
editing than 3DGS , appearance editing is still challenging as it is not possible
to locally edit textures by modifying the optimized point features.

In this paper, we propose PointGT, a representation that extends the attention-
based point renderer PAPR to enable simultaneous editing of geometry and
appearance. Our key contributions are:

— We extend PAPR to include a learned UV mapping from 3D points on
objects to a learned 2D texture map. (Sec.
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— We introduce two novel geometry regularizers that significantly improve the
fidelity of PAPR’s geometry representation and demonstrate that these are
crucial for effective UV mapping. (Sec.

— We propose a deformation-aware correspondence mechanism that explicitly
maps deformed-space ray intersections back to canonical space via displace-
ment fusion, preserving texture attachment under non-rigid edits. (Sec.

2 Related Work

Editing the geometry and appearance of 3D assets is a core part of the computer
graphics workflow for digital content creation. While there are many established
techniques and tools for editing widely-used mesh-based representations, editing
the 3D representations produced by recent view synthesis and 3D reconstruction
methods is much more challenging.

The geometry of neural scene representations such as Neural Radiance Fields
(NeRFs) |12] cannot be directly edited, so many works [7,/144/23}/25|27,28.311[33]
have focused on associating NeRFs with proxy geometry which can be edited,
and then converting this edited proxy geometry back into the NeRF represen-
tation. However, converting NeRFs to proxy geometry and back can introduce
approximation errors, and the choice of proxy geometry can limit the types of
edits that are possible.

On the other hand, the appearance of reconstructed NeRFs can be edited by
optimizing UV mapping functions that map from 3D coordinates on the object
to 2D texture coordinates [19,24]. In this work, we use ideas from Nuvo [19] to
develop a UV mapping technique for point-based reconstruction techniques.

2.1 3D Shape Deformation and Correspondence

Classical geometry processing has a rich history of editing 3D shapes, leverag-
ing methods like As-Rigid-As-Possible (ARAP) deformation |18], Moving Least
Squares (MLS), and embedded deformation graphs [20] to manipulate surface
meshes or cages flexibly. While these approaches effectively manipulate geome-
try and preserve local structural rigidity, applying appearance edits to the de-
formed surfaces is relatively straightforward for meshes because texture coordi-
nates (UVs) are explicitly attached to vertices and interpolate naturally across
triangles.

However, projecting and interpolating high-resolution 2D textures onto un-
structured, dynamically-weighted point clouds is fundamentally difficult. As
point-based neural representations (like PAPR or 3DGS) lack explicit connectiv-
ity, the set of neighbors and attention weights used to define a surface point can
shift non-rigidly under deformation. PointGT directly targets this novel prob-
lem of establishing canonical correspondence within dynamic attention fields to
enable robust texture persistence.

More recent view synthesis techniques are based on 3D Gaussian Splatting
(3DGS), which is a point-based representation that optimizes parameters of a
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3D Gaussian along with a view-dependent color (parameterized using spherical
harmonics) for each point. 3DGS is more suitable for direct geometry editing,
since it is straightforward to move the position, orientation, and scale of any
particle in the representation.

While Gaussian splatting has proved to be a powerful representation for nu-
merous tasks, this paradigm has several limitations: (1) it often requires millions
of Gaussian primitives to enable high rendering quality and accurate scene recon-
structions, (2) it’s challenging to make appearance edits that are finer than the
size of an individual Gaussian, and (3) free-form geometry deformation remains
inconvenient without introducing geometry proxies.

Recent works tackle the first two issues by decoupling the appearance and ge-
ometry of Gaussian splatting. Texture-GS |26] learns a global UV mapping for all
the ray-Gaussian intersections and stores features of these intersections on a 2D
texture map. Instead of learning a global UV mapping with surface parameteriza-
tion constraints (e.g., simple topologies), another line of works |2}/15,(17]/211/22/29|
learn a per-primitive texture map for each Gaussian, where the Gaussians are
often restricted to be 2D surfels [4] so texture for each point on the surfel can
easily be queried from the texture map with their 2D UV coordinates. Since
the frequency of surface textures is often much higher than that of geometry,
decoupling the resolutions of geometry and texture representations allows these
methods to render scenes photo-realistically with only 5K points |2}(15]21}/261/29|
and enables manipulation of the textures with fine-grained details [15L(22}[26].

However, none of these methods can perform simultaneous geometry defor-
mation and texture editing. This limitation is rooted in the fundamental repre-
sentation of Gaussian splatting, where each point is represented as a volume of
space. In the case where per-primitive texture maps are learned, preserving tex-
tures after deformation requires not only the correct transformation (rotation,
scaling) of each Gaussian but also accurate splitting or cloning of primitives to
represent deformations that are finer than a Gaussian (as Gaussians are rigid and
cannot be bent). Such a process is often intractable in practice. In the case where
a global UV mapping is learned, in addition to the difficulties described above,
the UV mapping must be correctly found for the new intersection points after
deformation. The combination of these factors makes the simultaneous editing
of texture and geometry for Gaussian splatting extremely difficult.

3 Preliminaries

We briefly introduce the relevant background on attention-based point represen-
tations and neural UV mappings, and establish the notation used throughout.

3.1 Attention-Based Point Renderers

Attention-based point renderers (like PAPR [30] and Pointersect |1]) repre-
sent scenes as unstructured point clouds coupled with an attention interpola-
tion mechanism. For instance, PAPR represents a scene as IN learnable points
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P = {(p;, fj)}é\’:l, where p; € R is the spatial position and f; € R" is a feature
vector. To render ray r;, PAPR selects the K points nearest to it by perpendic-
ular distance as the local neighborhood. A learned cross-attention mechanism
then assigns a softmax weight a;; to each neighbor point j, and the ray’s feature
£ is computed as the weighted sum of their features:

K
£ =" a; £y, (1)
j=1

where f;; denotes the feature associated with the j-th selected neighbor point
pi; for ray i. The aggregated feature map is then decoded by a UNet [16] to
predict the RGB colors. Given the same attention weights, these methods typ-
ically predict the intersection point x; € R? where the ray hits the surface by
interpolating the point positions:

K
X; = Z aij p” (2)
j=1

Note that x; is an attention-weighted average of point positions, not a true
geometric intersection: its quality depends on how concentrated the weights are
and how well-placed the supporting points are. This sensitivity motivates the
geometry regularizers introduced in Sec.

Canonical and deformed space. We call the point positions after training the
canonical positions pj*". The corresponding canonical intersection

K

can __ can can
X, = E Qi Pij (3)
i=1

is what the UV mapping is trained on. At edit time, a non-rigid deformation

displaces each point to pd®f, producing a deformed intersection

J
K

def __ def __ def

X —E Qi Pij (4)
j=1

in deformed space, where direct UV lookup is no longer valid. Bridging this gap
is the central problem addressed in Sec. [£.3]

3.2 Neural UV Mapping

Neural UV mapping methods (like Nuvo [19] and NeuTex [24]) parameterize
surface textures by learning continuous mappings from 3D space to 2D texture
atlases. For example, Nuvo learns a multi-chart UV atlas and texture map from
a set of surface points G (in our setting, G = {x§*"}). It uses cycle-consistency
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(bijectivity) losses and additional regularizers to learn the UV mappings; we
refer readers to for full details.

To enable texture editing and to encourage an even allocation of texture res-
olution over the scene, Nuvo also penalizes mapping distortion using conformal
and stretch regularizers that operate on the differential of each chart’s 3D— 2D
UV mapping [19]. These regularizers require the surface normal at each surface
point to construct tangent-space directions, which are not explicitly available for
raw attention-interpolated intersection points x{*". We therefore use a normal-

free distortion loss in Sec. that removes the need for surface normals.
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Fig. 2: Comparison of geometry deformations of textured Gaussian splatting methods
and PointGT. Left: Since each Gaussian is a linear primitive, these methods struggle
to preserve surface smoothness under large non-rigid deformations. Right: PointGT
maintains surface continuity after deformation by predicting ray—surface points via
attention-based interpolation on a point cloud.

4 Method

The goal of PointGT is to enable persistent texture edits under non-rigid defor-
mation for point-based neural representations. While applying texture edits to
deformed surfaces is relatively straightforward for meshes—where texture coor-
dinates (UVs) are explicitly attached to vertices and interpolate naturally across
triangles—point clouds lack this explicit connectivity. Consequently, maintain-
ing a consistent mapping between the deformed geometry and a 2D texture map
becomes fundamentally difficult, often causing texture edits to drift or break
when the underlying points move non-rigidly.

To tackle this challenge, the choice of the underlying point-based represen-
tation is critical. As discussed, Gaussian Splatting-based methods struggle to
preserve surface continuity under non-rigid deformations (Fig. |2} left), and may
break continuous texture mapping. In contrast, attention-based renderers like
PAPR maintain surface continuity via smooth point interpolation (Fig.
right), providing the stable surface points required for consistent UV mapping.

Building upon this insight, PointGT introduces a framework for simultane-
ous geometry and texture editing. To ensure the attention-based surface points
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are suitable for learning a multi-chart UV atlas and texture map [19], we first
propose geometry regularization losses that condition the ray—surface inter-
sections to accurately reflect the true geometry (Sec. . Then, to preserve
texture attachment during edits, we introduce a deformation-aware canoni-
cal correspondence mechanism (Sec. . This explicitly maps the deformed-
space intersections reliably back to the original canonical space for consistent UV
lookup, ensuring that texture edits persist seamlessly regardless of the applied
geometric deformation.

4.1 Learning PAPR with Geometry Regularization

To enable reliable UV learning and stable editing, we require accurate and well-
conditioned ray—surface intersection points. In PAPR, the predicted surface point
for ray i is an attention-weighted average of K ray-nearest neighbors (Eq. ,
which can be sensitive to sparse attention and imperfect point geometry. Without
additional constraints, predicted intersection points may collapse toward discrete
support points and/or be supported by noisy off-surface neighborhoods (Fig. |§|
and , which harms the sampled surface point set used to train the UV atlas.
We therefore add two geometry regularizers during PAPR pre-training.

On-ray regularizer (close-to-ray). As shown in Fig. |§|, sparse attention weights
can cause predicted intersection points to cluster around discrete point supports.
This degrades the effective geometric resolution of x; to the resolution of the
point cloud and yields unstable surface samples for UV supervision. Since a valid
ray—surface intersection point should lie on its ray by definition, we minimize the
distance between each predicted point x; and its orthogonal projection x; onto
the corresponding ray r;:

M
Eclose2ray = M Z ||X’L - X;H27 (5>
i=1
where M is the number of rays in a batch.

On-surface neighborhood regularizer (close-to-surface). Even when intersections
can be predicted, the underlying point cloud may contain off-surface points. This
is problematic when starting from sparse points and densifying: new points may
gather around an off-surface location, and a ray may then select a neighborhood
whose convex hull does not cover the true surface. To regularize neighborhood
geometry, we encourage each selected neighbor point p;; to move toward the
predicted surface point x;:

M K
1
Eclose2surface = W ;; Hpij - Sg(xi)HQ (6)
that encourages all the nearby points to move closer to the predicted intersec-
tion point. Note that we stop the gradients backpropagating to x; from this
regularizer for training stability. To prevent early geometry collapse, we apply
Leclose2surtace 1 the middle of training after a coarse geometry is learned.
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Objective. We combine the regularizers with PAPR’s rendering loss for pre-
training:

ﬁrendering + EcloseQray +n ﬁcloseZsurfacea (7)

where Liendering 15 PAPR’s rendering loss, v and 7 are the coefficients of the
regularizers.

4.2 Learning UV Mapping

Building upon the regularized point cloud geometry, we extract ray—surface in-
tersections to learn a multi-chart UV atlas and a 2D texture map. We sample
foreground rays from the training views, compute their canonical-space inter-
section points x{*", and optimize a continuous neural UV parameterization over

these surface samples.

Distortion loss without normals (Jacobian regularization). To enable consistent
texture editing and encourage an even allocation of texture resolution across the
scene, it is crucial to minimize the distortion of the learned UV mappings. While
existing surface parameterization methods [19] typically rely on ground-truth
geometry normals to compute conformal and stretch penalties, point-based rep-
resentations natively lack this explicit geometric connectivity and normal infor-
mation. To overcome this, we define a distortion loss directly over the Jacobians
of the texture coordinate mappings.

Specifically, for each chart k in our multi-chart texture maps, we compute
the Jacobian matrix J;;, € R?*3 of the UV mapping by taking the gradients
of the texture coordinates u;; € R? w.r.t. the 3D point coordinates x;. The
Jacobian’s singular values o}, and o2, characterize the local scaling behavior
of the mapping. To minimize anisotropic scaling distortion, we minimize the
squared difference of the singular values across all charts:

n
Lecaios = g D03 (ke = %)’ ©

i=1 k=1
where G is the total number of 3D points. This encourages the texture co-
ordinate network to learn mappings with isotropic scaling (where o' = o2).
While Lgcaling minimizes anisotropy, it does not explicitly prevent area shrink-
age or blow-up. To address this, we also define an area distortion penalty,
Larea = o iG:1 >, (log(c}.02,))?, which regularizes the local scale to re-
main close to 1 and heavily penalizes near-zero areas, preventing degenerate

mappings. We define the distortion loss as the sum of these two terms:

Edistortion = ﬁscaling + Larea- (9)

In practice, we optimize the UV atlas by minimizing a weighted sum of
Nuvo [19]’s losses (excluding the normal-based distortion terms) and the pro-
posed distortion loss Lgistortion- We jointly learn a 2D RGB texture map by
supervising rays with PAPR-predicted colors using bilinear sampling on the at-
las; we use the learned texture map for texture editing.
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4.3 Geometry and Texture Editing

Texture editing in UV space. PointGT supports texture editing by directly mod-
ifying the 2D texture atlas. Given an edited texture map T, we generate a mask
map M € [0, 1]"*"*% by comparing the original atlas T and the edited atlas T",
where the pixel values are marked as 1 in edited regions and 0 otherwise. During
rendering, for each ray we compute the UV coordinate u; of its intersection and
replace the sampled color with the edited texture when m; = M(u;) > 0.95
(both using bilinear interpolation on the atlas).

Geometry editing and the correspondence problem. Geometry editing applies a
non-rigid deformation to the learned point cloud, producing deformed point po-
sitions p;ief from canonical positions p§*" (Sec. . Rendering after deformation
produces a deformed-space ray—surface point by interpolating deformed neighbor
positions with deformed-space attention weights:

K
sdef def __def
X; = a5 Pij s (10)

j=1

def
ij

point cloud, and the weights a?ff are re-inferred in deformed space (i.e., both the
neighbor set and weights are recomputed after deformation). However, the UV
atlas is trained in canonical space, so we must transfer x{*f back to a canonical

coordinate before UV lookup.

where the top-K neighbors p$s' are selected by ray proximity in the deformed

Why a naive transfer fails. A natural approach is to reuse the deformed attention
weights to directly interpolate canonical neighbor positions:

K

can _ def __can

Xi,naive_E aij pij . (11)
i=1

In practice, attention weights in PAPR are often sparse; Eq. therefore col-
lapses many rays’ canonical lookup points onto a small subset of support points,
causing discontinuous UV jumps across neighboring rays and visible texture pop-
ping/drift under deformation. While the on-ray regularizer (Sec. improves
training stability, it does not guarantee that intersections remain exactly on rays
under extreme non-rigid, non-training deformations.

Deformation-aware canonical correspondence. To address this, we propose an
edit-time transfer rule that maps each deformed-space ray—surface point back to
canonical space while keeping samples well-distributed. Step 1 (point-to-ray
projection). We strictly enforce the on-ray constraint by orthogonally project-

ing f(?ef onto its ray r;:

x{°t = IT,, (%), (12)

(2 7
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Fig. 3: Illustration of the deformation-aware canonical correspondence. In deformed
space (left), a ray intersects the deformed point cloud to predict a surface point (red).
Each deformed neighbor (dark blue) has a stored canonical counterpart (light blue);
the per-neighbor displacements (dashed gray arrow) are fused with the deformed-space
attention weights to transfer the intersection back to canonical space (middle), where
UV lookup retrieves the texture (right).

Step 2 (attention-weighted displacement fusion). Since point identity is
preserved under deformation, each deformed neighbor p?ff has a corresponding
canonical position pg;". We compute per-neighbor displacements and fuse them
using the same deformed-space attention weights, then transfer the ray-projected

deformed intersection back to canonical space:
K
6= al’ (P - P, X = x4 b (13)
j=1

We then query the UV atlas at x{*" and sample the (edited) texture map to ren-
der appearance. Intuitively, even if attention weights are sparse, ray projection
keeps x¢ distributed along rays, and the fused displacement provides a stable
canonical transfer for UV lookup.

Edit-order interchangeability. PointGT supports flexible and simultaneous ge-
ometry and texture editing; the order of applying geometry and texture edits is
interchangeable, which is important for applications such as 3D character design
where edits are applied iteratively in varying order.

5 Experiments

We evaluate PointGT along two axes: (i) simultaneous geometry and tex-
ture editing under non-rigid deformation, where texture edits should persist
without drifting (Sec. , and (ii) novel view synthesis quality compared to
recent textured Gaussian splatting baselines.

5.1 Implementation Details

When pre-training PAPR with geometry regularization (Sec. , we use vy =
0.002 and 1 = 0.01 for the close-to-ray and close-to-surface losses. Since geometry
is unreliable early in training, we start applying the regularizers at step 25,000
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(i.e., after 1/10 of total steps). When learning the UV atlas and 2D texture map
(Sec. , we follow Nuvo’s optimization settings and use weight 0.4 for the
proposed Lgistortion and 0.04 for Liexture. We use n = 4 or 8 charts depending
on the complexity of the geometry, and fix memory usage by using a texture
resolution of 2561/2/n x 2564/2/n for each chart. For editing evaluation, we
use Objaverse assets with artist-created motion sequences to evaluate persistent
editing under realistic deformation scenarios (Sec. .

5.2 Simultaneous Geometry and Texture Editing

PointGT supports texture editing by modifying the 2D texture atlas, and geom-
etry editing by applying non-rigid deformations to the point cloud while preserv-
ing canonical UV lookup via our edit-time canonical correspondence (Sec. .
We evaluate this capability under non-rigid deformations and both local edits
(e.g., paste an icon into a localized region) and global edits (e.g., recolor or
material-style changes).

Non-rigid deformation with local and global edits. Figure [ shows qualitative re-
sults on Objaverse assets with artist-created motion. PointGT preserves surface
continuity under deformation and maintains edit attachment: the edited texture
remains aligned with the deforming surface without noticeable drifting or pop-
ping. In particular, we encourage readers to view the supplementary video, which
visually demonstrates this robust texture-attachment (e.g., tracking a checker-
board pattern) under continuous deformation sequences.

Comparison to GSTex. We choose GSTex [15] as the baseline for simultaneous
geometry and texture editing. While Texture-GS [26] learns a texture map, the
quality of its learned texture map is insuflicient for reliable texture-space editing
in practice, with evidence in the supplementary. Textured Gaussians [2] is archi-
tecturally close to GSTex, they both learn a per-Gaussian texture map which
is queried by ray-Gaussian intersection. Since texture editing is not its focus
and its released code does not provide an editing pipeline, we treat GSTex as
the representative method of this family. NeST-Splatting [29] stores texture in
a global shell texture anchored in world space rather than to individual Gaus-
sians, so deforming the geometry causes ray—Gaussian intersections to sample
the texture at the wrong locations. It thus cannot edit geometry without exter-
nal proxies such as cages [25/28|, and it also does not release an editing pipeline.
We provide the full analysis of both in the supplementary.

In Figure [5| we add a “rocket” icon to a butterfly scene from Objaverse [3].
We edit PointGT by pasting the icon into the desired region on the 2D texture
map. GSTex performs texture editing by editing a rendered view and projecting
the edited pixels back to Gaussians. To apply the same local edit to the same
region for a fair comparison, we use the edited pixels from our method’s ren-
dered view as the editing input for GSTex. As shown, our method maintains
sharp edit details across different point budgets (1,000 to 30,000), while GSTex
renders blurry textures, especially with 1,000 or 60,000 Gaussians. Moreover, as
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Fig. 4: Simultaneous geometry and texture editing under non-rigid deformation with
both local and global texture edits.

shown in Figure [4] our method maintains surface continuity after non-rigid de-
formation, while GSTex exhibits extruded Gaussians and surface artifacts under
deformations.

Quantitative Evaluation. Due to the lack of ground truth, we use VBench [5] to
quantitatively evaluate the editing quality of our method and GSTex. VBench is
a benchmark suite that assesses generated videos along several dimensions, and
is now widely used for video quality evaluation in general @ Specifically,
for each of the five scenes in Fig. [4] we render a 360° orbit video in which the
edited texture is shown while the geometry is animated over the video’s time
span using their artist-created motions. As shown in Table[I] our method either
outperforms or matches GSTex across all five dimensions.

5.3 Novel View Synthesis

We compare PointGT for novel view synthesis to PAPR [30], Texture-GS ,
GSTex , NeST-Splatting , and Textured Gaussians 2| on the Blender |12]
dataset and the DTU dataset . Table [2| shows quantitative results for novel
view synthesis on the Blender and DTU datasets. We compare against baselines
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Fig. 5: Texture editing compared with GSTex with different number of primitives.

Table 1: VBench evaluation for Figure@ A% is the relative improvement.

Method subject consistency bkg consistency motion smooth aesthetic quality imaging quality

GSTex 0.827 0.923 0.985 0.434 0.520
Ours 0.844 0.925 0.982 0.437 0.585
A% +2.16 +0.24 —0.40 +0.55 +12.48

in two settings: (1) the original settings reported in prior works (no cap on the
number of primitives), and (2) capping all methods at 5,000 primitives. As shown
in Table 2] our method outperforms baselines in both settings.

5.4 Ablation Study

Evaluation of the Geometry Regularizers We ablate the two regularizers
described in Sec. [£11

On-ray regqularizer. Figure@ shows the ablation of the on-ray loss (close-to-ray).
We visualize the predicted surface points from a camera view, the same points in
UV space (across 4 atlas maps), and crops of the final renderings using varying
loss weights. Without the on-ray loss, the predicted surface points collapse and
cluster around discrete support points. Consequently, querying the texture map
with these points fails to smoothly interpolate the texture, degrading the effective
texture resolution. With the on-ray loss, the surface points are continuous and
smoothly interpolate the surface, yielding much clearer details in the renderings.

On-surface regularizer. Figureshovvs the ablation of the on-surface loss (close-
to-surface). We visualize a depth map from a selected view alongside a side-view
of the learned point cloud. Without the on-surface loss, the point cloud contains
many noisy, off-surface points. Adding the on-surface loss significantly reduces
these noisy points, resulting in a much smoother depth map with fewer holes.

Evaluation of Distortion Loss Figure [§| shows how the learned texture map
depends on the weight of the proposed distortion loss in Sec.[4:2] Increasing the
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Table 2: Quantitative comparison of Novel-view Synthesis.

DTU NeRF Synthetic
Method PSNR 1 SSIM 1 LPIPS | # Pts PSNR 1 SSIM 1 LPIPS | # Pts
Authors’ recommended primitive counts
Texture-GS 30.53 0.920 0.083 90k 28.97 0.938 0.055 90k
GSTex 32.87 0.956  0.038 186k 33.25 0.969 0.024 100k
Textured-Gaussian 33.61 0.970 0.056 240k 33.24 0.967 0.043 190k

NeST Splatting 33.65 0.964  0.042 80k 33.37 0.967 0.032 73k

PAPR [30] 29.34  0.952 0.073 30k 32.07 0.971 0.038 30k
Ours 33.48 0.973 0.023 30k 33.57 0.982 0.021 30k
Fized primitive count (5k)

Texture-GS 26.81 0.833  0.206 5k 19.29 0.795  0.213 5k
GSTex 28.92 0.932 0.072 5k 30.20 0.897  0.149 5k
Textured-Gaussian [2] 29.58 0.912  0.080 5k 26.21 0.919 0.086 5k
NeST Splatting 32.68 0.966 0.056 5k 30.48 0.958  0.057 5k
PAPR 24.87 0.846  0.040 5k 30.38 0.963  0.048 5k
Ours 33.25 0.970 0.024 5k 31.01 0.976 0.039 5k

01

Fig. 6: Ablation of the on-ray regularizer with different weights. For each weight, we
show the predicted surface points in 3D (left), the corresponding UV coordinates in
the 2D atlas (middle), and the final rendered texture from texture maps (right). As
shown, the on-ray loss ensures a better coverage of the surface, which leads to more
uniform UV coordinates and gives a sharper texture in the renderings.

>\on-ray =0.0 )\on—ray = 0.

distortion-loss weight reduces UV distortion, which is crucial for preserving the
shape of the edited texture.

Correspondence Stability Under Deformation We ablate the edit-time
canonical correspondence used for UV lookup after deformation (Sec.|4.3)). Specif-
ically, we compare our deformation-aware canonical transfer (Eq. against
the naive alternative that directly interpolates canonical neighbor positions us-
ing deformed-space attention weights (Eq. . Figure shows that the naive
transfer leads to discontinuous UV jumps and visible texture drift /popping un-
der non-rigid deformations, while our transfer better preserves correspondence
and keeps texture edits attached.

6 Conclusion and Limitation

We presented PointGT, a representation based on PAPR that enables simulta-
neous editing of geometry and texture for point-based representations. PointGT
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w/o on-surface loss  w/ on-surface loss baseline + on-ray regularizer + deform-aware corr.

(a) The on-surface regularizer reduces (b) Ablation of canonical correspondence. Naive correspon-
noisy points and produces a smoother ~dence (Eq. exhibits texture drift while our deformation-
surface as shown in the depth maps. aware correspondence (Eq.[13)) improves stability.

Fig. 7: Ablation studies on geometry regularization and canonical correspondence.

Adistortion = 0 Adistortion = 0.01 Adistortion = 0.4
-

Fig. 8: Learned UV mapping under different weights of the proposed distortion loss.

successfully achieves this by learning a UV mapping which maps 3D points to a
learned 2D texture map. To improve geometry accuracy, we introduced two novel
geometry regularizers, which have been demonstrated to improve the geometry
significantly. We also introduced a novel correspondence mechanism to main-
tain UV mapping under deformation, which has been demonstrated to be highly
effective. Comparison with baselines showed that PointGT preserves texture ed-
its under large deformations while the baseline exhibits artifacts and surface
discontinuities. Furthermore, we showed that PointGT outperforms competi-
tive baselines on novel view synthesis with a much smaller number of primitives.
Our method currently relies on an optimization-based UV parameterization ,
which can struggle to produce clean and low-distortion charts for objects with
complex topology, which we believe could be alleviated by learning-based UV-

mapping methods in the future.
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