Supplementary Materials: Appendix of GeoSplatting

A. Overview

In the appendix, we provide a comprehensive explanation about the details of our work, including detailed
implementations and limitations of our method, as well as supplementary results from both quantitative and
qualitative experiments.

The appendix begins with a detailed explanation of the MGadapter in Appendix B, followed by an
overview of the implementation details for our loss functions in Appendix D. In Appendix E, we provide
details of the appearance refinement technique. Furthermore, to explore the limitations of our method, we
include a discussion on the input mask required during training in Appendix F and the impact of isosur-
face resolution in Appendix G. Finally, we demonstrate how name can be enhanced with an initial mesh in
Appendix H and incorporated with path tracing in Appendix .

B. Explanation of MGadapter

We first describe the details of our MGadapter. As discussed in Sec. 3.1, the MGadapter takes a triangle
mesh as input and generates a set of Gaussian points corresponding to the shape of the underlying mesh.
The core idea of MGadapter is to maintain shape consistency between the Gaussian points and the mesh
guidance.

B.1. Overview

The straightforward implementation of our MGadapter involves sampling several Gaussian points on the
mesh surface, which are then optimized in terms of scale and rotation to minimize the depth map difference
between the Gaussian points and the target mesh. However, this approach introduces an additional opti-
mization step that must be re-executed each time the mesh is modified, resulting in reduced optimization
efficiency and an unstable training process.

Instead of maintaining shape consistency in real-time, we propose utilizing a predefined heuristic function
T to achieve an approximate alignment. As described in Eq. 1 (Sec. 3.1), the MGadapter 7 takes arbitrary
triangle meshes as input and outputs Gaussian point attributes, including position u, scale S, rotation R, and
normal n. This process acts as a generalized adapter between the input meshes and the corresponding Gaus-
sian points. We provide a detailed implementation in Sec. B.2, followed by an analysis of shape consistency
between the underlying mesh and our generated Gaussian points in Sec. B.3. Then, we explain the OOM
issue at the beginning of the training stage and propose the vertex-sample stage to address it in Sec. B.4.

B.2. Implementation of Eq. 1

Specifically, given the triangle mesh, each triangle face F; comprises three vertices P; = (p;1, Pi2, Pi3s)
with their vertex normals N; = (n;1, n;2,n;3). We symmetrically sample 6 points on F; with barycentric



coordinates:
b; = (u,u,1 —2u) , by = (v,v,1—20) ,

by = (u,1 —2u,u) , bs=(v,1-2v,v) , @)
b; = (1 —2u,u,u) , bg=(1-2v,v,v) .
And we can obtain 6 midpoints m,:

by + by ( 1—u 1—u) by + bs ( 1—w 1—11)
mio = ———"=\U, —F— y My = ——(—— = | v, ) )

2 2 7 2 2 2 2
m‘:b2+b3: 1—u 1—’U,u m- :b5+b6: 1—w 1_UU ®)
23 2 5 5 ) 56 9 9 5 )
m _bs+b; 1—uu1—u m _bg+by 1—vU1—v
31 — 9 - 9 2 3 64 — 9 - 9 9

Given an attribute A; = (a;1, a;2, a;3) defined at the triangle vertices and a barycentric coordinate (q1, g2, q3),
we represent the barycentric interpolation as:

(q1,42,93) © Ai = qra; + gaai2 + g3z - )
Then, for each midpoint m, we sample a Gaussian point as:
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Here, Eq. 10 provide the formulation of our heuristic function 7, with u, v, 1, B;k, 01 as hyperparameters.
To achieve the generalized geometric alignment, we practically set these parameters as follows:

S, R,=nxR, ,

u = 0.07 ,
v =022,
g = a3 = az; = 0.80
Qs = a5 = agg = 2.08 (11

Bi2 = P23 = P31 = 15.0 ,
Bas = Bs6 = Bea = 13.0 ,
812 = 03 = 031 = 045 = 056 = Oga = 4.5 x 1077 .
B.3. Analysis of Shape Consistency

Metrics We begin by providing a formal definition of shape consistency, as 3DGS points lack inherent
geometry boundaries. In the context of inverse rendering, geometry quality is critical for accurate light
transport modeling. Therefore, we measure shape consistency based on light transport accuracy, specifically
in terms of errors in light reflection directions and light transfer distances. For computational convenience,
we assess these errors using a ray-tracing approach. Specifically, given a reference mesh model and a set of
viewpoints, we compute the intersections between per-pixel camera rays and the underlying mesh surface in
screen space. By measuring the Mean Angular Error (MAE) of the reflected ray directions and the distance
between intersection points and the camera position, we evaluate shape consistency, as shown in Table 5.



Metrics Air balloons Chair Hotdog  Jugs

Reflecting Directions (MAE ) 1.23 0.81 0.74 0.89
Transfer Distance (L1 |) 0.016 0.010 0.012 0.013

Table 5. We measure shape consistency on the Synthetic4Relight dataset, including reflection directions (in degrees)
and transfer distances (relative to the size of the scene’s bounding box).

Discussion Numerous works have attempted to ground 3DGS points to the triangle mesh surface. While
many focus on making Gaussian points deformable [6, 16] or enhancing rendering quality [3, 9], only a few
have addressed the enhancement of geometry quality in 3DGS through mesh-Gaussian binding.

MeshSplats [15] converts Gaussian points into triangle slices, enabling ray tracing techniques for ad-
vanced lighting effects such as shadows and reflections. However, this method operates on pretrained Gaus-
sian points, aligning them with the mesh in a post-hoc manner. This approach is not compatible with inverse
rendering methods, which require a fully differentiable pipeline to propagate gradients from photometric loss
functions to the underlying geometry. Another method [8] proposes a simple technique for differentiable
mesh-Gaussian alignment, enabling end-to-end training. However, this technique only considers mesh-
Gaussian alignment along the normal direction, leaving tangent-space alignment uncontrolled—similar to
the ablated Gaussian sampling approach discussed in Sec. 4.4. As demonstrated in Table 3 of Sec. 4.4,
simply applying this method to inverse rendering tasks results in shape disparity between the 3DGS and the
mesh, leading to inaccurate light transport modeling and degraded decomposition results.

In contrast, we have carefully designed our MGadapter to ensure shape consistency between the Gaussian
points and the mesh guidance. The inherently shape-consistent nature of MGadapter allows for end-to-end
optimization of geometry guidance during training, enabling precise normal estimation and accurate light
transport modeling for superior inverse rendering performance.

B.4. Vertex-Sampling Stage

As outlined in Sec. B.2, we typically sample six Gaussian points from each tri-
angle surface. However, at the start of the training stage, the isovalues of Flexi-
Cubes are randomly initialized, leading to an excessive number of triangle slices,
as shown in Fig. 11. Directly sampling six Gaussian points per face in this con-
text can incur substantial memory costs and reduce training efficiency.

To address this issue, we implement an vertex-sampling stage for MGadapter
at the beginning of training (covering the first 5%). During this stage, MGadapter 2
outputs a significantly reduced number of Gaussian points by performing vertex Figure 11. Initial mesh
sampling. Specifically, given a mesh vertex v with its normal n,,, MGadapter slices of FlexiCubes.
samples a single Gaussian point with 4 = v, n = n,, and:

k
S, =S, = 3 Z Area(F;) , S, = 0jx ,
F; eStar(v) (12)

Rw:(0a071)xnv ,Ry=ny,xR; ,R,=n, .

Once the vertex-sampling stage concludes, MGadapter switches to face-sampling, as described in Sec. B.2.



C. Explanation of PBR Attribute Modeling

Since Gaussian points are generated in real time from the underlying mesh, directly modeling these attributes
as learnable parameters is impractical due to the varying number of Gaussian points during training. Instead,
as described in Eq. 4 (Sec. 3.2), we employ multi-resolution hash grids &4, & to construct attribute fields.
Specifically, the hash grids incorporate the multi-resolution hash encoders introduced in [11], followed by
small MLP headers. We implement them using tiny-cuda-nn[10]. Detailed parameters can be found in
Table 6.

Module Parameter Value

Number of levels 16
Max.entries per level (hash table size) 219
E4/€s HashEnc  Number of feature dimensions per entry 2

Coarsest resolution 32
Finest resolution 4096
MLP layers 32x32x32x%x6
&4 MLP Initialization Kaiming-uniform
Final activation Sigmoid
MLP layers 32x32x3
& MLP Initialization Kaiming-uniform
Final activation None

Table 6. Parameters of Spatial MLP

D. Details of Loss Functions

D.1. Photometric Term
During the training stage, for the i-th view , GeoSplatting differentiably renders a RGB image Ir()id €
RIXWX3 and takes the alpha channel as the mask Mégd € RHXWX1  Given the ground truth I (t) and

Mg(:) for view i, the photometric loss is computed as:
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Here, \gsim = 0.2 and A\,.5c = 5.0 for all the cases.

D.2. Entropy Regularization Term

Following DMTet and FlexiCubes [13, 14], we add an entropy loss to constrain the shape. Specifically, we
employ FlexiCubes as the underlying geometric representation, which defines a scalar function ¢ : R? — R
on the underlying cube grids G(V, £) and then extracts isosurfaces via the differential Dual Marching Cubes
introduced by [14]. Given an edge (v;, v;) from edge set &, the SDF values defined on the endpoints v;, v;
are respectively ¢(v;) and ¢(v;).

Then, we can compute the regularization term as:



Lsas = Z H(C(vi), sgn(C(v)))) + H(C(v;), sgn(C(vi))) (14)
(vi,v;)€E sgn(¢(vi))#sgn(¢(v;5))

Here, H denotes the binary cross entropy. By encouraging the same sign of ¢, such a regularization term
penalize internal geometry and floaters.

D.3. Smoothness Regularization Term

Following prior works [5, 7, 12], we apply smoothness regularization on albedo, roughness, and metallic to
prevent dramatic high-frequency variations. Given the positions p of Gaussian points, the albedo, roughness
and metallic attributes are generated by the hash grids:

While applying a small perturbation Ap ~ N'(0,02) on p can yield a different set of attributes:

a'=C&a(p+Ap) ,(p,m)=E(p+Au) . (16)

The smoothness is then computed as:

Esmooth = ||a*a/||1+|‘p7p/”1+HmimlHl (17)
Here, 0 = 0.01.

D.4. Light Regularization Term

Following NVdiffrecmc [7], we add a light regularization that is based on monochrome image loss between
the demodulated lighting terms and the reference image. Given the demodulated diffuse lighting Lg, the
specular lighting L, and the reference image I, the regularization is computed as follows:

Liight = ||Y (La + Ls) = V(Ig) || (18)

Here, Y (x) = (x, + x4 + X3)/3 is the luminance operator, and V' (x) = max(x,,X4,X;) is the HSV
value component. As discussed in the original paper [7], this regularization is based on the assumption that
the demodulated lighting is mostly monochrome, i.e., Y (x) ~ V(x), and it is proven to be effective for
shadow disentanglement.

D.5. Final Loss

The final loss £ is computed as:

L= Ephoto + )\sdf‘csdf + )\SH]OOth‘CSmOOth + Alight‘alight (19)
Here, Agq¢ is initially set to 0.2 at the start of the training stage and is linearly decreased to 0.01 by the
midpoint of the training, with Agmooth = 0.03 and Ajjghe = 0.15.
E. Explanation of Appearance Refinement

In this section, we provide a detailed explanation of the implementation of our appearance refinement tech-
nique. Specifically, we enable GeoSplatting to transition to deferred shading and optimize 3DGS attributes
to adjust their displacement, including positions, scales, rotations, and opacities.



Deferred Shading As described in Sec. 3.2, we extract per-Gaussian PBR attributes and conduct Monte
Carlo sampling to obtain Gaussian-wise colors. Then, we utilize alpha-blending to rasterize Gaussian-wise
colors into screen-space pixels, which constitute the forward shading:

cgs = PBR(p,n,a,p,m) , Irgp = Rasterize(cgs) - (20)

During the appearance Refinement, we conduct deferred shading instead. Specifically, we render per-
Gaussian attributes into screen-space attribute map.

I, = Rasterize(u) , I,, = Rasterize(n) , 1)
I, = Rasterize(a) , I, = Rasterize(p) , Iy, = Rasterize(m) .

Then, PBR is conducted in screen-space:

Irgs =PBR(I,, I, I, I, In) . (22)

Optimization Details Since the transition from forward shading to deferred shading is not seamless and
may introduce artifacts, we perform a slight optimization using a learning rate of 0.001 for 100 steps (ap-
proximately 1 minute). This optimization adjusts the displacement of the 3DGS. During this process, we
unlock the geometry constraints, allowing the 3DGS to modify its positions, scales, rotations, normals, and
opacities. As shown in Table 7, this adjustment does not significantly alter these attributes, ensuring that the
Gaussian-mesh consistency remains well-preserved.

Dataset positions Ay scales AS  rotations AR opacities Ao normals An
TensoIR Synthetic Dataset 0.0014 0.0003 0.0148 0.0131 0.0146
Shiny Blender Dataset 0.0011 0.0002 0.0118 0.0168 0.0087

Table 7. We measure the average L1 difference between the unoptimized and optimized attributes to validate that this
technique does not significantly degrade geometry quality.

F. Discussion on Mask Requirements

Benefiting from the explicit mesh normals and the opaque mesh surface, our GeoSplatting achieves im-
proved light transport modeling compared to previous 3DGS-based inverse rendering approaches. However,
as mentioned in Sec. 3.4, optimizing explicit surfaces is quite challenging, and existing isosurface-based
approaches [7, 12] typically require an object mask loss for background removal. Similar to these methods,
our GeoSplatting also relies on input masks. In this section, we discuss how to mitigate this limitation and
adapt our approach for real-world applications in the absence of ground truth masks.

As analyzed in prior work [12], isosurface techniques are not highly sensitive to mask quality, and a
coarse input mask is sufficient. Therefore, we use vanilla 3DGS to develop a simple solution that effectively
approximates object masks for wild captures. Specifically, given a set of multi-view captures, we first train
a standard 3DGS for only 5000 steps (2-4 minutes) to obtain Gaussian points. Then, we simply choose a
bounding box and clip the Gaussian points outside the bounding box. As illustrated in Fig. 12, the rendering
results of the remaining Gaussian points naturally form a coarse mask, which can be used for background
removal. Based on this mask estimation trick, our GeoSplatting can be applied to object decomposition for
wild captures. As shown in Fig. 13, we demonstrate the decomposition and relighting results for the Garden
scene.



(a) Original Capture (b) Binary Mask (c) Masked Capture

Figure 12. Coarse mask estimated on Garden from the Mip-NeRF 360 Dataset [1].

(c) Relit 2
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(d) Normal (e) Albedo (f) Roughness
Figure 13. Decomposition and relighting results of Garden from the Mip-NeRF 360 Dataset [1].

G. Analysis of Resolution

As discussed in Sec. 5, one of the most significant limitations of our GeoSplatting is the resolution constraint.
Due to the limited grid resolution of the isosurface technique (FlexiCubes), GeoSplatting struggles with thin
structures and surfaces featuring complicated geometry. This issue can be mitigated by simply increasing the
FlexiCubes resolution. We present a comparison in Fig. 14 to demonstrate the impact of different resolutions
on the recovery of thin geometry (R = 96 and R = 128, respectively).

However, due to the space and time complexity of O(R?), the optimization process with R = 96 can
be easily conducted on a single NVIDIA RTX 4090 (24GB CUDA memory) within 15-20 minutes. In
contrast, the R = 128 setting typically takes more than 1 hour to train and requires more than 60GB of
CUDA memory. Therefore, in Sec. 4, when presenting experimental comparisons, we use R = 72 for
simple shapes and R = 96 for others. Furthermore, this resolution limitation also restricts our method from
adapting to scene-level decomposition. A promising direction for future work is to explore how adaptive
resolution techniques could be applied to accommodate detailed geometry, enabling the extension of our
approach to scene-level tasks.



Render Normal Mesh Guidance

Figure 14. Resolution comparisons of Lego from the TensoIR Synthetic Dataset.

H. Optimization with An Existing Mesh

While the underlying geometry is modeled from scratch using isosurfaces in the standard pipeline, GeoSplat-
ting also supports initializing the optimization process with an existing mesh. For instance, given multi-view
images, one can first extract a triangle mesh using methods like NeuS [17] or GOF [18]. Subsequently,
GeoSplatting can leverage this initial mesh by converting it into Gaussian points via MGadapter. The re-
maining steps then follow the standard GeoSplatting pipeline.

NVS Relit 1 Relit 2

Figure 15. Extending GeoSplatting to scene levels by providing initial mesh.

The differentiable nature of MGadapter enables the refinement of the initial mesh through gradients de-
rived from 3DGS rendering. A significant advantage of this approach is the ability to circumvent the lim-
itations associated with isosurfaces, such as restricted resolution and mask dependencies. This capability
inherently extends GeoSplatting’s applicability to scene-level inverse rendering, with illustrative results pre-
sented in Figure 15.



It is important to note, however, that this two-stage extension is not applicable to specular objects. This
limitation arises because surface reconstruction methods typically lack effective PBR modeling, struggling
to extract accurate geometry for specular objects and leading to noisy meshes. As a result, GeoSplatting
is unable to rectify geometric inaccuracies from the previous stage. Actually, the superior performance of
GeoSplatting in reflective scenarios, as demonstrated in Figure 7 of the main paper, is primarily attributable
to its joint optimization of geometry and BRDF material.

I. Path Tracing Adaption

In the standard GeoSplatting pipeline, we follow NVDiffrecmc [7] to use one-bounce ray tracing to evaluate
the rendering equation, leaving indirect lighting terms represented as learnable SH coefficents. While this
is effective, it can be also improved by incorporating path tracing for physically correct indirect lighting.
Following MIRRES [4], we incorporate ReSTIR [2] to conduct efficient path tracing. As shown in Table 8
and Figure 16, this improves performance at the cost of 3x slower training speed.

GT R3DG MIRRES Ours 0urs+PT
Figure 16. Decomposition Results. Left: Normal; Right: Albedo.

PSNR 1| Ours  Ours+PT R3DG [5] MIRRES [4]

TensolR Synthetic Albedo| 29.45 29.97 28.74 29.24
TensolR Synthetic Relit| 29.59 30.04 28.55 31.44
Shiny Blender PBR| 31.46 31.60 28.83 26.53

Training Time ‘ ~14min ~40min ~110min = ~240min

Table 8. Quantitative Comparisons.
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