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Figure 1. Initial template Mesh of Human (SMPL) and Car Do-
main (Custom Made).

A. Details of Unfolded Layout Generation

In this section, we present additional information on the un-
folded layout generation process. The pipeline is divided
into three main stages: preprocessing, optimization, and
post-processing.

A.l. Pre-processing

Given an image-aligned template mesh (SMPL or car tem-
plate model) M;p(v,f) , we preprocess the data through
normalization and topology alignment. For normalization,
we uniformly scale the mesh so that the longest axis of
its 3D bounding box fits within [—1, 1], preserving the as-
pect ratio across all axes, and translate it so that its cen-
ter aligns with the origin [0, 0, 0]. For topology alignment,
we remap each mesh to establish a one-to-one vertex-wise
correspondence with the template UV map. Specifically,
we adopt the topology from DecoMR for human [17] and
a custom-designed template mesh for cars (See Figure 1).
This remapping is achieved by reordering the vertices of the
3D mesh and duplicating those lying on UV seam bound-
aries. This is necessary due to discontinuities in the tem-
plate UV map caused by seams, which break surface con-
nectivity. By duplicating seam vertices and updating the
face indices accordingly, we obtain a one-to-one mapping
between 3D mesh vertices v and their corresponding UV
layout coordinates t.

A.2. Optimization Procedure

Our optimization procedure is guided by an unfolding
network inspired by FoldingNet [15], whose ability to
model point-wise correspondences makes it well-suited for
geometry-aware optimization. We begin by encoding the
preprocessed 3D template mesh vertices v using the Fold-
ingNet encoder, modified to remove batch normalization.
The resulting latent feature is concatenated with the tem-
plate mesh vertex texture coordinate t, and the combined
vector is passed through a two-block MLP decoder:
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Figure 2. [llustration of a triangle face used during data generation.
This face utilizes internal angles function o and g8 for computing
angular distortion, and bounding box for computing repulsion.

* MLP 1 [514, 1024, 1024, 1024, 128] : processes the input
v and produces a 128-dimensional intermediate feature.

* MLP 2 [130,1024,1024,1024, 2] : takes input the con-
catenation of texture coordinate t and 128-dimensional
feature, outputs the final 2D prediction t.

We optimize each sample independently using AdamW
optimizer [9], with a learning rate schedule decaying from
1 x 1075 to 1 x 10~7 over 10,000 iterations. To sup-
port masked optimization, the occlusion mask AV is ren-
dered in image space at a resolution of 256 x 256 using
PyTorch3D [12]. The loss weights are set as:

Human: A" = 0.1, x*& = 0.01, Al = 10.0, A& = 0.01,
Cars: )\align _ 107 /\angle _ 0.17 )\local _ 0.17 )\global =0.0

The loss further incorporates three not yet defined key
components: angle calculation, bounding box, and repul-
sion mask. Figure 2 illustrates the mesh-face-derived struc-
tures that inform these terms, each contributing a distinct
role within the overall formulation. We detail each compo-
nent below.

Angle Calculation The angle denoted by ~ refers to the
internal angle of a triangle, calculated by o € R? in the 2D
domain or 8 € R? in the 3D domain. In Section 3.1 in the
main paper, we define a face as a triplet of vertices, with its
edges expressed as e = (poP1, P1D2, P2Po)- Accordingly,
the vectorized formulation of the edge set can be written as:

leo(p, ), e1(p.f),e2(p,f)] = [P1—Po, P2—P1, Po—P2)-

The internal angle ~y at each vertex of a triangle can be
computed as the angle between the two incident edge vec-
tors. Specifically:
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where e, and e; denote the two incident edge vectors of
face f meeting at vertex p, and ¢ is a small positive constant
added to ensure numerical stability.

Bounding Box Calculation Each 2D triangle face is en-
closed by a bounding box whose center is denoted as cpp,
and the radius is defined as r,, = max(r, ry, ), where r
and ry are half the width and height of the bounding box,
respectively.

Algorithm 1: Repulsion Mask Generation

Input: Occlusion mask for faces or vertices M vis
Output: Repulsion constraint mask M (e.g., Mt
or MbeX)

1 Initialize M as a zero matrix of size
Length(M"®) x Length(M"s);
2 for i = 1 to Length(M"") do
Set Mjy;) <= ocorl; // Self-repulsion
if M is not occluded then
for j = 1 to Length(M"") do
L L My < ocor1;
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Repulsion Mask Generation Algorithm Algorithm |
describes the generation of repulsion masks M*°™ or M/P*,
which are used to control the pairwise repulsion loss during
training. For both losses, local and global, we follow the
same principle: (1) self-repulsion is disabled, and (2) inter-
actions between two non-occluded points are masked out to
prevent them from repelling each other.

This ensures that only occluded-to-visible or occluded-
to-occluded interactions contribute to the repulsion loss, en-
couraging surface unfolding in challenging regions. The
implementation differs slightly between the two loss func-
tion types:

* local employs a masking strategy with large constants
(e.g., 00) to ignore masked distances in the KNN-based
computation.

 global uses binary masks and applies masked fill opera-
tion applied directly to the loss matrix.

This approach is inspired by adjacency matrix ma-
nipulation in graph theory, where selected edges are
suppressed either by exclusion or by assigning infinite
distances—effectively controlling which interactions con-
tribute to the loss.

A.3. Post-processing

Post-processing filters the training outputs to ensure suit-
ability for the Gaussian parameter prediction pipeline. Ev-
ery 1,000 epochs, we compute the edge intersection ratio

(ER) to assess the UV layout quality. The final ground-
truth parameterization is chosen based on the lowest edge
intersection ratio among epochs > 5000, ensuring that only
stable and well-converged layouts are selected.

B. Splatter Layout Framework and Its Appli-
cations to Downstream Tasks

Fig. 3 illustrates the overall pipeline of Splatter Layout,
which adopts the same U-Net architecture as Splatter Im-
age, with the only modification being the number of out-
put channels. Specifically, we add 9 additional channels: 2
for UV coordinates u, 3 for surface normals n, 3 for non-
rigid deformation offsets Ap,,, and 1 for the normal direc-
tion offset Ad,,. Splatter Layout also utilizes two raster-
izers, R—one renders Gaussian in Rf’empme space and one
in Rgriginal space. This representation supports various re-
construction formats, including meshes, point clouds, and
Gaussian splats, and further enables downstream tasks such
as animation and appearance editing. In the following sec-
tions, we describe how Splatter Layout facilitates mesh gen-
eration, motion animation, and direct editing of appearance.

B.1. Mesh Generation

We adopt two complementary strategies for mesh recon-
struction: one that directly preserves the template mesh
topology, and another that employs Poisson surface recon-
struction to handle geometric artifacts and holes, particu-
larly near UV seams.

The first strategy leverages our unified representation to
directly assign geometry and appearance to the canonical
set of a fixed number of template vertices v. We begin by
filtering valid pixels h from the predicted feature map us-
ing an opacity threshold of o > 0.7. For each valid pixel,
we identify the predicted UV coordinate u that is closest to
a predefined template UV location t, thereby establishing
a correspondence between dense pixel-wise predictions (at
resolution N x N) and the template mesh vertex set. Each
mesh vertex is assigned a new 3D position @ and color ¢
from its nearest valid pixel, while the original face topology
f is retained to preserve watertightness and connectivity.

As a second strategy, we explore mesh reconstruction
based on spatial neighborhood connectivity over the pre-
dicted surface. Specifically, adjacent pixels whose opacity
exceeds a threshold (o > 0.7) are connected to construct a
coarse surface mesh. This approach captures fine-grained
geometric details more effectively than the template mesh
vertex-based method. However, due to discontinuities near
seam boundaries, the resulting mesh often contains incon-
sistencies and holes. To address this, we apply Poisson sur-
face reconstruction, as implemented in Open3D [19] (with
depth = 15) to the coarse surface, producing a watertight
mesh. While this method produce smooth and continuous
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Figure 3. The overall pipeline of Splatter Layout, which employs an increased number of output channels and two Gaussian rasterizers to

enable multi-attribute rendering and supervision.

geometry, it also readjusts the topology, over-smooths local
details, and breaks vertex-level correspondences—making
it less suitable for downstream tasks such as animation or
appearance editing.

B.2. Appearance Editing

Editing the appearance is performed either by overlaying
image features onto the representation or by directly modi-
fying the color values to update the color attribute c. This
can be done using image manipulation software. Given a
pixel-wise one-to-one mapping, the changes are directly ap-
plied to the representation.

B.3. Human Animation

Leveraging the topological structure of the SMPL mesh,
the prediction in the human domain animated using the se-
quences provided by the AMASS dataset [5, 10]. We first
obtain the vertex positions p from the mesh, generated ac-
cording to the setup described in Section B.1. Joint posi-
tions are then computed using the SMPL joint regressor.

To reconstruct the canonical T-pose, inverse transforma-
tions are applied to the relative joint poses. The animation is
subsequently driven via linear blend skinning (LBS). While
this inversion process may introduce twist ambiguities and
minor artifacts, it can be refined through manual rigging,
enabling more predictable and accurate motion control by
bypassing reliance on inverse kinematics. Finally, the re-
sulting animation is transferred to a Gaussian Splatting rep-
resentation, where blend weights are interpolated using a
rasterization-based interpolation scheme.

C. Experimental Setup

This section describes the training configuration and evalu-
ation protocol for our experiments. We provide details on
optimization settings, evaluation metrics, and datasets used
throughout analysis.

C.1. Training Setup

For all training experiments, Splatter Layout adopt a uni-
form setup with consistent camera configuration, hyperpa-
rameters, and supervision strategy. We use a learning rate
of 5 x 1075, a batch size of 8, and optimize with the
Adam optimizer [8], combined with exponential moving
average (EMA) updates following the Splatter Image con-
figuration. Training runs for 200,000 iterations and takes
approximately two days on a single NVIDIA A100 GPU.
Each input sample is rendered from a fixed input view at a
resolution of 256 x 256. For supervision, four novel target
views are sampled per iteration from a predefined set of 80
uniformly distributed viewpoints on a viewing sphere, and
used to compute the rendering loss, promoting generaliza-
tion and multi-view consistency.

C.2. Evaluation Metrics

A diverse set of metrics is employed to evaluate both the
surface layout quality and the final reconstruction perfor-
mance of the Splatter Layout framework. For layout evalua-
tion, we measure geometric consistency, bijectivity, and in-
put view alignment accuracy. For reconstruction, we assess
geometric fidelity, UV validity, and view synthesis quality
using both perceptual and pixel-level criteria.



Data Generation Metrics

¢ Mean Square Error (MSE): The mean squared {5 dis-
tance between the projected 3D vertex II(v) and its corre-
sponding UV coordinate t is used to evaluate input view
alignment accuracy. We report two variants of this met-

ric: MSEVW, computed over the visible vertex set PVis,
and MSEV, computed over the full vertex set. The metric
is defined as:

1
MSE = = > mw) —¢]*. 2

veV

* Edge Intersection Ratio (ER): To evaluate the bijectiv-
ity of the Splatter Layout framework, the ratio of inter-
secting edges within the mapping is computed. Here, in-
tersections of each edge are efficiently detected using the
[1] sweep line algorithm. This ratio is formally expressed
by the following formula:

intersected edges

= 1 .
total number of edges X 100% )

¢ Angular Distortion (AD) Similar to prior work [13],
which optimizes angular metrics in radians, we define an
Angular Distortion (AD) metric that explicitly operates in
degrees. This metric evaluates how well the internal an-
gles of the 3D surface Msp(v, f) are preserved in the 2D
layout Mpp(t,f). For each triangle f € F, we denote
the set of internal angles in 3D as 3 and in 2D as o, both
measured in degrees. Analogous to the angle preservation
term in 7""°!, the angular distortion is defined as:

[ F]
1
AD = g ; la(t, £;) — B(v,£)]. (4)

Splatter Layout used Metrics

e Chamfer Distance (CD): To evaluate geometric accu-
racy, we use the Chamfer Distance (CD), which measures
the similarity between two point clouds. CD is defined as
the sum of squared Euclidean distances from each point
in one set to its nearest neighbor in the other. In our setup,
CD is computed between the predicted Gaussian centers
p € G and a reference point set P. We evaluate two
variants: CDT, where p is obtained via barycentric inter-
polation over the template mesh provided by DecoMR or
template car uv map B*(Map(t, f)) and CD™, where p
is generated by applying Poisson disk sampling at resolu-
tion 1282 on the original mesh using Open3D [19]. The
metric is defined as:

CD = in || — p|? in[|p — )%
> minflp—pl*+ > minfp—pul” )
neg peP

* Reprojection Error (RE): Reprojection error is com-
puted as the average Euclidean distance between the pre-
dicted 3D points obtained via mapping from the predicted

UV ¢~ !(u) and the corresponding ground-truth vertices
v. This metric evaluates the quality of mapping for 2D-
to-3D, providing a measure of reconstruction consistency
and spatial accuracy, defined as:

1 N
RE = =" |67 (w) = vil| ©)
i=1

* PSNR/LPIPS/SSIM: Following the previous works [14],
we evaluate the quality of view synthesis using Peak
Signal-to-Noise Ratio (PSNR), Learned Perceptual Im-
age Patch Similarity (LPIPS), and Structural Similarity
Index (SSIM). During training, we utilize source views to
generate images from novel camera viewpoints and eval-
uate their fidelity and perceptual consistency based on the
aforementioned metrics.

C.3. Dataset Overview

The constructed dataset comprises 742 human meshes
sourced from five public datasets: CustomHuman [7], THu-
man2.0 [16], TightCap [4], CLOTH4D [20], and Rock-
etbox [6], as well as 100 car meshes collected from
ShapeNet [3] and MeshFleet [2]. For the human dataset, we
employ the SMPL model together with DecoMR UV pa-
rameterization [17] to construct a consistent template mesh.
For the car dataset, we design a watertight sedan template
mesh and generate its UV parameterization using Blender
to ensure a topology-consistent representation.

In human domain, to obtain each SMPL mesh, Cus-
tomHuman provides SMPL-X fittings, which we convert
directly to SMPL format. THuman2.0 includes pre-fitted
SMPL models. For the remaining datasets, we estimate
SMPL parameters using a multi-view image-based fitting
approach based on PaMIR [18]. We perform manual clean-
ing only on the TightCap dataset’s 3D original mesh due to
the presence of unprocessed and noisy scans. All processed
data are passed through our data generation pipeline to pro-
duce the unfolded surface ground truth used for training.

For the car dataset, we align the template mesh to each
target mesh using ICP, and then refine the alignment by pro-
jecting every template vertex onto the nearest target trian-
gles, yielding a deformed template that conforms closely
to the target surface. Although this procedure is not yet as
mature as the human template, which is already more uni-
form, it nevertheless ensures bijectivity and symmetry, both
of which are crucial for constructing a consistent template.
We acknowledge that more advanced methods for template
construction may exist, but exploring them lies beyond the
scope of this paper. Importantly, our results demonstrate
that the proposed method remains effective as long as a bi-
jective template is available.

All meshes are rendered in Blender using a perspective
camera setup, with 80 viewpoints for humans and 50 for
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Figure 4. A sample of the data used for supervision is illustrated here. We apply barycentric interpolation on B(M(t, f)(M (%, f)) to

construct per-pixel surface attributes for £,

cars, uniformly distributed around the subject at distances
of 3.5 meters and 4 meters, respectively. The entire dataset
is then processed through our data generation pipeline to
produce the ground-truth used for supervision. Specifically,
from the template meshes we render per-vertex UV coordi-
nates and normal maps, while the original meshes are ren-
dered with textures to provide appearance supervision.

For the human tasks, we split the dataset into 90% for
training and 10% for evaluation, while for the car tasks,
we use an 80%-20% split. All data samples are gener-
ated through our data generation pipeline, producing tuples
of interpolated 2D unfolded layouts Myp(t,f) and corre-
sponding rendered images Y, as illustrated in Fig. 4.

C.4. Barycentric Interpolation Pre-computation

Since the unfolded layout Mop (%, f) is inherently sparse,
we precompute a rasterization-based barycentric interpola-
tion B¢ to bridge the gap between the vertex-based attribute
space RIV*P and the dense image grid RV*N*P Each
vertex v on the 2D surface M is associated with attributes a,
including opacity o, position p, UV coordinate u, and nor-
mal n. By rasterizing these attributes into dense per-pixel
maps, we enable geometry-aware, pixel-level supervision
directly aligned with the unfolded layout.

3
ap = Z:wz a,;, Wwhere E w; =1, w; > 0.

i=1

Here, w; are the barycentric coordinates of pixel i with
respect to face f, ensuring a;, is computed as a convex com-
bination of the three vertex attributes a,,,. This interpolation
produces smooth per-pixel transitions and enables dense 2D
maps of 3D attributes aligned with the unfolded layout.

D. Comprehensive Experimental Analysis

We conduct a thorough experimental analysis on the Human
domain to evaluate the contribution of each component in
our framework and to validate the effectiveness of our de-
sign choices. This section presents a series of experiments,
including ablations on the Splatter Layout pipeline and eval-
uations of generalization to in-the-wild scenarios. Together,
these experiments provide a comprehensive understanding
of how each module and supervision strategy contributes to
the final performance.

Table 1. Ablation Study on attribute of B(Mop(t, f)) for £
supervision

LPIPS| RE| CDWM)/|
(+) B™ (+) B* supervision 0.070 2.883 2.44
(-) B™ (+) B* supervision 0.066 3.179 2.58
(+) B™ (-) B* supervision 0.071 10.902 2.97
(-) B™ (-) B" supervision 0.068 11.914 2.67

D.1. Ablation Studies of Splatter Layout

Table 1 shows that the choice of supervised attribute a in
B (Mop(t, f)) for £ affects the tradeoff between ren-
dering quality and geometric accuracy. Using UV super-
vision on B" results in a higher Chamfer Distance (CD),
indicating improved geometric fidelity. In contrast, super-
vision on 5™ leads to better positional alignment and corre-
spondence with the SMPL surface, as evidenced by lower
Reprojection Error (RE). However, the improvement in ge-
ometric quality from normal supervision comes at the cost
of reduced rendering quality, indicating a trade-off between
appearance fidelity and structural precision.



D.2. In the wild result

To evaluate the Splatter Layout generalization ability, we
test its performance on in-the-wild images beyond the train-
ing dataset. We use inputs sourced from real-world pho-
tographs and SDXL [11]-generated content, demonstrating
the robustness of our method under diverse visual condi-
tions. Backgrounds are removed and replaced with uniform
white color, and the images are processed using the same
camera parameters as during training. The resulting recon-
structions are shown in Fig. 5.

E. Visual Results

To support and complement our main findings, we present
extended visual results in Figure 6, 7, 8, 9, 10, 11, 12,
and 13. Figure 6, 7, and 8 highlight SMPL-based down-
stream tasks such as mesh reconstruction, appearance edit-
ing, and animation, showing that our representation pre-
serves surface connectivity, supports localized texture ed-
its without undesirable propagation to occluded regions,
and maintains stability under animation. Figure 9 (human)
and Figure 10 (car) compare the features produced by our
method with those from Splatter Image, demonstrating that
unfolded surface supervision yields more faithful geometry,
smoother connectivity, and sharper normals; since Splatter
Image does not directly predict normals, its normals shown
here are estimated using the Open3D implementation [19].
Finally, Figure 11 and 12 (human), and Figure 13 (car)
provide detailed qualitative comparisons in challenging re-
gions such as hands and wheels, further illustrating that
our method consistently reconstructs fine-grained geometry
with higher accuracy than Splatter Image, producing results
that are both visually convincing and structurally reliable.
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Figure 5. Qualitative in-the-wild results. Our method is applicable to both (a) real-world images and (b) synthetic images generated by
SDXL, demonstrating its potential to generalize across diverse input types.

(b) The in the wild result from SDXL



(a) Frontal and back views for SMPL mesh reconstruction result.

(b) Frontal and back views for Poisson sampled mesh reconstruction result.

Figure 6. Mesh reconstruction results obtained from two different pipelines: one from mapping to SMPL topology, and the other by
Poisson reconstruction
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Figure 8. Animation pipeline using AMASS dataset. Joint motions are extracted through inverse transformation to reconstruct the full-body
animation.
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Figure 9. Qualitative comparison showcasing the difference between features produced by our method and Splatter Image.
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Figure 11. Qualitative comparison showcasing improved reconstruction of fine-scale details, particularly in facial features and hand geom-
etry. Our method preserves local structure more faithfully, resulting in sharper and more accurate surface detail.
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Figure 12. Additional Qualitative comparison showcasing improved reconstruction of fine-scale details, particularly in facial features and
hand geometry. Our method preserves local structure more faithfully, resulting in sharper and more accurate surface detail.
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