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Figure 1. SpLap is proxy-free Laplacian-based deformation framework for Gaussian splats. Our method enables high-quality, large-scale
deformation, all without relying on external proxy. We show results for both As-Rigid-As-Possible [1] (top row) and Bounded Biharmonic
Weights [2] (bottom row) deformations. The red dots indicate the interaction handles and arrows show the direction of the applied edit.

Abstract

We introduce SpLap, a proxy-free deformation method
for Gaussian splats (GS) based on a Laplacian operator
computed from our novel surface-aware splat graph. Exist-
ing approaches to GS deformation typically rely on defor-
mation proxies such as cages or meshes, but they suffer from
dependency on proxy quality and additional computational
overhead. An alternative is to directly apply Laplacian-
based deformation techniques by treating splats as point
clouds. However, this often fail to properly capture surface
information due to lack of explicit structure. To address this,
we propose a novel method that constructs a surface-aware
splat graph, enabling the Laplacian operator derived from
it to support more plausible deformations that preserve de-

tails and topology. Our key idea is to leverage the spatial
arrangement encoded in splats, defining neighboring splats
not merely by the distance between their centers, but by
their intersections. Furthermore, we introduce a Gaussian
kernel adaptation technique that preserves surface struc-
ture under deformation, thereby improving rendering qual-
ity after deformation. In our experiments, we demonstrate
the superior performance of our method compared to both
proxy-based and proxy-free baselines, evaluated on 50 chal-
lenging objects from the ShapeNet, Objaverse, and Sketch-
fab datasets, as well as the NeRF-Synthetic dataset. Code is
available at https://github.com/kjae0/SpLap.

https://github.com/kjae0/SpLap


1. Introduction
Deforming 3D shapes has long been a central problem
in geometry processing. For decades, extensive research
has provided well-established deformation techniques for
3D representations, most notably polygonal meshes [1–3].
The goal of these techniques is to allow user-driven ma-
nipulation while preserving the intrinsic geometry of the
shape. As a representative approach, Laplacian-based meth-
ods achieve this by minimizing a deformation energy over
the geometry to penalize undesirable distortions.

Recently, 3D Gaussian Splatting (3DGS) [4] has shown
photorealistic novel view synthesis (NVS) quality at real-
time frame rates. Although the explicit point-based nature
of 3DGS primitives suggests a potential for direct manip-
ulation, it often leads to suboptimal results due to the lack
of connectivity and structural prior. While previous efforts
have proposed deformation methods that learn a motion
prior from the dynamic scene [5–8], these are not applica-
ble to a general task of editing static objects. Consequently,
the prevalent workaround is to introduce a deformable ge-
ometric proxy, such as a mesh [9–11] or cage [12–15].
These methods parametrize Gaussian kernels with respect
to a proxy such that manipulations of the proxy deform the
associated Gaussian kernels.

However, this reliance on a proxy introduces two crit-
ical limitations: the final deformation quality is funda-
mentally limited by the quality of the proxy. In the case
of meshes, which are the most widely used as a proxy,
geometric defects—such as topological errors or missing
parts—propagate directly into the deformation, causing se-
vere visual artifacts and narrowing the applicability of ex-
isting deformation techniques. Moreover, this strategy in-
curs an additional computational cost, which acts as a prac-
tical barrier. This approach necessitates a lengthy pipeline
of mesh generation, where high-quality surface reconstruc-
tion such as NeuS [16] or Neuralangelo [17] takes at
least several GPU hours, often followed by laborious post-
processing to ensure the mesh is suitable for deformation.

In this paper, to remedy these limitations derived from
the dependency on proxy, we propose SpLap, a proxy-
free Laplacian-based deformation framework for Gaussian
splats. Rather than relying on an external structural prior,
our approach leverages an inherent surface geometry en-
coded within the spatial arrangement of the surface-aligned
Gaussian splats [18–21]. Our key observation is that a
surface-aligned GS can be interpreted as a discrete, patch-
based surface representation, since each primitive is opti-
mized to act as a local chart of the manifold. Motivated
by this observation, we leverage this inherent surface align-
ment of primitives to extract geometric information that is
crucial to utilize traditional deformation techniques [1, 2].

Our framework begins with establishing the connectiv-
ity from the Gaussian kernels. However, since simple spa-

tial proximity often fails to capture a valid adjacency on the
surface manifold, we incorporate intrinsic surface informa-
tion by leveraging surface-aligned GS. Specifically, we con-
struct a splat intersection graph whose connectivity is de-
fined by the overlap of Gaussian kernels. This intersection-
based connectivity is the key component that allows us to
estimate the underlying surface without an external geomet-
ric proxy. Subsequently, we directly build Laplacian opera-
tor and apply Laplacian-based geometric deformation tech-
niques to Gaussian kernels, treating their means as a point
cloud. By building a Laplacian operator upon our surface-
aware splat intersection graph, we overcome the limitations
of existing point cloud Laplacian methods and enable topo-
logically sound deformations even on complex geometries
such as adjacent distinct surfaces or thin regions. Finally,
we introduce an adaptation method that is crucial for pre-
serving visual fidelity. As the displaced Gaussian kernels
no longer reflect the deformed local surface geometry, we
adapt each primitive to maintain the original coverage on
the surface manifold. Consequently, our framework enables
direct geometric deformation for Gaussian splats while pre-
serving photorealistic quality even under a large-scale de-
formation.

In experiments, we demonstrate the robustness and ef-
ficiency of our approach through experiments on a diverse
set of objects with intricate geometries. Applying two rep-
resentative Laplacian-based deformation techniques, As-
Rigid-As-Possible (ARAP) [1] and Bounded Biharmonic
Weights (BBW) [2], we show that our method achieves
a deformation fidelity nearly indistinguishable from the
ground truth result, whereas existing methods fail to pro-
duce a plausible quality.

2. Related Works

2.1. Gaussian Splats Deformation

Diverse strategies for Gaussian splats deformation have
been explored including editable dynamic scenes [5–8],
simulation-based methods [12, 22]. However, these meth-
ods are not applicable to a general task of direct, user-
guided editing for static objects. Consequently, methods
that leverage geometric templates such as a mesh or cage as
a deformable proxy, have been proposed [9–11, 13, 14, 21,
23]. Although GSDeformer [14] and Cage-GS [15] pro-
pose a cage-based deformation approach, these lack fine-
grained control. For this reason, mesh-based approaches
have become an attractive alternative, providing detailed
control over the deformation. Specifically, SuGaR [21] and
GaussianFrosting [23] extract a mesh directly from Gaus-
sian primitives via Poisson surface reconstruction [24] and
then parametrize the primitives to the mesh. Otherwise,
Mani-GS [11] and GaussianMesh [10] generate templates
through a separate reconstruction stage using NeuS [16] and



NeuS2 [25] and bind the Gaussian kernels to the mesh faces.
However, the effectiveness of these mesh-based methods
is fundamentally limited by the quality of the template
mesh. Although Mani-GS [11] introduces learnable offsets
to compensate for a defective template, this cannot resolve
the inaccurate deformations that arise from a flawed geo-
metric proxy. In contrast to these previous works, our ap-
proach does not rely on any explicit geometric proxy while
enabling direct and point-level deformation.

2.2. Gaussian Splatting with Surface Geometry

Recently, there have been efforts to integrate a surface ge-
ometry to Gaussian Splatting [4], while keeping photore-
alistic rendering [26–29]. For instance, several works di-
rectly regularize the Gaussian primitives to be flattened and
aligned with the underlying surface [21, 23]. Inspired by
earlier surfel-based representations [30–32], 2DGS [18] and
G-Surfel [20] even replace 3D primitives with 2D Gaus-
sian kernels with additional geometric regularizations, such
as depth distortion loss [33] and normal consistency loss.
Built upon 2DGS, SpikingGS [19] utilizes spiking neurons
with an adaptive opacity threshold, achieving superior sur-
face alignment capability. These works reveal the potential
of Gaussian splats can serve as a patch-based discrete sur-
face representation. In this work, we employ this insight for
a geometric deformation of Gaussian splats without relying
on any external geometric proxy.

2.3. Laplacian Operator on Point-based Represen-
tations

The discrete Laplacian operator is a fundamental tool for
geometry processing [34, 35]. Without explicit connectiv-
ity, existing methods typically rely on a k-nearest-neighbor
(kNN) search for local neighborhood estimation. Based
on the kNN graph, various approaches have been pro-
posed including kernel-based methods on triangulation [36–
39], mesh Laplacian schemes [40–42], smoothed parti-
cle hydrodynamics (SPH) [43] and moving-least-squares
(MLS) [44]. More recently, NeLO [45] introduced a
learning-based approach, using a graph neural network on
the kNN graph. Despite these advances, existing methods
inherit the surface-agnostic nature of the initial kNN graph
and therefore fail to identify the local surface manifold on
intricate geometry. For Gaussian Splatting, LBO-GS [46]
utilizes the Mahalanobis distance to employ additional ge-
ometric information of Gaussian kernels. However, this ap-
proach is critically sensitive to highly anisotropic primitives
and is insufficient for robust surface estimation. In con-
trast, our work addresses this by introducing an intersection-
based surface estimation, thereby enabling robust and plau-
sible Laplacian-based deformation.

Figure 2. Illustration of different connectivity search methods.
Existing metrics, (a) and (b), often produce incorrect connections
(red) or fragmentation (gray) due to the lack of structural prior.
In contrast, by leveraging geometric constraints of surface-aligned
GS, our method avoids this suboptimal situations like (c).

3. Preliminary
Surface-Aligned Gaussian Splatting. 3D Gaussian
Splatting [4] represents a 3D scene with a set of 3D
Gaussian kernels. Each Gaussian kernel G is parametrized
as:

G(x) = e−
1
2 (x−p)⊤Σ−1(x−p) (1)

where p ∈ R3 and Σ ∈ R3×3 represent position and co-
variance matrix. The covariance matrix Σ = RSS⊤R⊤

is factorized into a rotation matrix R ∈ R3×3 and diago-
nal scale matrix S ∈ R3×3. For 2D primitive-based meth-
ods [18–20], kernels are simplified into flat 2D Gaussian
kernels by fixing the last diagonal element of S to zero.
Typically, these primitives are optimized with photometric
losses alongside geometric objectives, such as depth distor-
tion loss [33] and normal consistency loss. These geometric
constraints encourage surface alignment by concentrating
the weight distribution of kernels on the underlying surface.

4. Method
4.1. Method Overview

The explicit point-based nature of Gaussian Splatting makes
the Gaussian kernels amenable to direct manipulation. By
treating them as a point cloud, the Laplacian operator can
be directly defined over the splats using point cloud Lapla-
cian method such as NonManifold [42]. Although this ap-
proach enables Laplacian-based deformation on Gaussian
splats, the lack of geometric prior often leads to subop-
timal results due to the wrong surface estimation. Since
point cloud Laplacian rely on the connectivity of graph over
the nodes, the fidelity of its application is determined by
the quality of neighbor estimation. To handle this, in this
work, we present SpLap, a proxy-free deformation frame-
work for Gaussian splats. Specifically, our approach lever-
ages surface-aligned GS to extract geometric information
directly from the spatial arrangement of the splats them-
selves. This splat-based surface estimation obviates the
need for a geometric proxy, thereby avoiding the limita-
tions of proxy-based methods. Specifically, our pipeline is



divided into 3 stages:
1. Surface-Aware Splat Graph Construction (Sec. 4.2):

We first construct a splat graph, where the connectivity is
defined by the overlap of splats. Based on this graph, we
then estimate the surface geometry through a geodesic
distance.

2. Laplacian-Based Deformation (Sec. 4.3): We de-
form the shape represented by the Gaussian splats via
Laplacian-based techniques, treating the means of Gaus-
sian kernels as a point cloud. By combining a point cloud
Laplacian with our neighborhood estimation, we achieve
plausible deformations in a proxy-free manner.

3. Surface-Preserving Kernel Adaptation (Sec. 4.4): To
preserve visual fidelity during deformation, we introduce
a novel Gaussian kernel adaptation method. In this stage,
we adapt each kernel to reflect a local geometric change,
preserving the underlying surface manifold.

4.2. Surface-Aware Splat Graph Construction

A key challenge of local neighborhood estimation is filter-
ing out spurious neighbors: primitives that are close in Eu-
clidean space but distant along the underlying surface. As
illustrated in Fig. 2, existing point-based distance metrics,
such as Euclidean and Mahalanobis distance, cannot be reli-
ably applied in challenging conditions. Instead, to establish
connectivity exclusively along the surface, we build a graph
by defining connectivity as an intersection of Gaussian ker-
nels. The core intuition is that, only Gaussian kernels that
are proximate along the surface manifold will intersect.
First, given a set of 2D images, we reconstruct the scene
with a surface-aligned Gaussian Splatting. Specifically, we
utilize SpikingGS [19] for the superior surface alignment
quality of 2D Gaussian primitives. Since our approach
is built upon the surface alignment property, our method
can be extended to various surface-aligned GS methods, as
demonstrated in Fig. 7.

The reconstructed scene is represented by a set of N
Gaussian kernels {Gi}Ni=1. Each kernel Gi is parametrized
by position pi, covariance Σi, and opacity αi. The covari-
ance matrix Σi is factorized into a rotation matrix Ri and
a scale matrix Si, such that Σi = RiSiS

⊤
i R

⊤
i . To identify

the intersections between these kernels, we define an occu-
pancy region Ωi for each Gaussian kernel Gi as the set of
points in R3 where the kernel is considered active. The ac-
tivity of a kernel at point x is determined by two constraints.
The first is the activation cut-off threshold V̄ p

i from a spik-
ing neuron of SpikingGS [19], a learnable parameter that
suppresses low-opacity parts as:

Ĝi(x) =

{
0, Gi(x) < V̄ p

i ,

e−
1
2 (x−pi)

⊤Σ−1
i (x−pi), otherwise.

(2)

The second constraint is that the rendered intensity,
αiGi(x), must exceed the minimum contribution threshold

c, typically 1/255. Combining these, we define the occu-
pancy region Ωi in 3D canonical space as:

Ωi =
{
x ∈ R3

∣∣∣ Gi(x) > max
{

V̄ p
i ,

c

αi

}}
. (3)

Since the covariance Σi is rank-2, occupancy region Ωi is
an ellipse. With scale matrix Si = diag (σ1, σ2, 0) and rota-
tion matrix Ri = [r1 r2 r3], we can rewrite the occupancy
region Ωi as following:

Ωi =
{
pi+

√
λi ρ

(
σ1 cos θ r1 + σ2 sin θ r2

) ∣∣ ρ ∈ [0, 1)
}

(4)
with λi = −2max

{
ln |V̄ p

i |, ln( c
αi
)
}

and θ ∈ (0, 2π]. This
elliptic form provides a direct way of estimating the spa-
tial relationships between Gaussian kernels. To determine
whether two Gaussian kernels Gi and Gj intersect, we com-
pute their normal-wise offset δij from Gi to Gj :

δij := inf
{
|t| | ∃x ∈ Ωi : x+ t ri,3 ∈ Ωj

}
(5)

with inf ∅ = +∞. While a zero offset δij = 0 denotes a
perfect intersection, we consider two Gaussians to be in-
tersecting if their offset δij falls below a tolerance ϵ. This
tolerance is necessary to account for minor gaps between
adjacent Gaussian kernels, which can arise from the joint
optimization of photometric and geometric objectives.

4.3. Laplacian-Based Deformation

In this section, we detail the Laplacian-based deformation
stage. To achieve proxy-free editing, we directly build
Laplacian on the collection of Gaussian kernels, treating
them as a point cloud. This enables the direct applica-
tion of Laplacian-based deformation techniques to the re-
constructed scene. Specifically, we construct the Laplacian
operator on the set of Gaussian kernels’ mean {pi}Ni=1. In
this process, we integrate our surface-aware splat graph into
off-the-shelf point cloud Laplacian methods. Unlike exist-
ing kNN-based methods that only consider spatial proxim-
ity, we leverage the geodesic distance on our splat graph
to ensure the Laplacian ∆ reflect underlying surface faith-
fully. We use graph geodesic distance rather than raw graph
connectivity for robustness against missing edges. For ef-
ficiency, we compute the cotangent Laplacian on a local
triangulation using NonManifold [42]. With the result-
ing Laplacian operator, we deform the means of kernels
{pi}Ni=1 through Laplacian-based deformation map ϕ∆ as:

Gϕ∆
(x) = e−

1
2 (x−ϕ∆(pi))

⊤Σ−1
i (x−ϕ∆(pi)). (6)

Here, ϕ∆ represents the deformation map obtained by
solving a Laplacian-based system such as ARAP [1] or
BBW [2] using Laplacian operator ∆. However, simply dis-
placing the positions of the primitives leads to severe visual
artifacts, because the covariances of the Gaussian kernels
are not adapted properly. We therefore present a subsequent
kernel adaptation stage, as we detail in the next section.



Figure 3. Schematic of kernel adaptation methods. Simply esti-
mating local transformation fails due to a scale mismatch, leading
to visual artifacts. Our surface-preserving method avoids this by
directly maintaining the original surface coverage.

4.4. Surface-Preserving Kernel Adaptation

Following the deformation stage, we adapt the Gaussian
kernels to reflect the local geometric change. However, we
observed that a naive approach, such as estimating a local
affine transformation from the deformed neighborhood, is
insufficient. As illustrated in Fig. 3, when a neighborhood
only partially covers a subset of a Gaussian’s occupancy re-
gion Ω, the local estimation cannot represent the transfor-
mation of the entire region. This causes the Gaussian kernel
to deviate from the underlying surface, leading to spike-like
artifacts. Although prior works have addressed this issue by
using geometric proxy such as bounding scales [10], enve-
lope [12] or splitting [14], these are not applicable in our
proxy-free scenario. To resolve this, we propose an novel
adaptation method that aims to preserve the underlying sur-
face manifold. Our key idea is based on the foundation of
2D Gaussian Splatting [18], which encourages each kernel
to act as a local patch that covers the underlying surface. In-
stead of estimating a transformation, our goal is to directly
adapt each deformed Gaussian kernel Gϕ∆,i to preserve its
original surface coverage on the newly deformed surface by
tracking its occupancy region. However, tracking the en-
tire boundary is computationally intractable. We therefore
employ a simpler but representative proxy: the inscribed
triangle of maximum area Ti = {tki }3k=1, defined as:

t1i = pi + vi,1, t2,3i = pi − 1
2 vi,1 ±

√
3
2 vi,2 (7)

where pi is the mean of Gaussian kernel Gi and vi,1, vi,2

represent the major and minor axis of Ωi in Eqn. 4. The
adapted Gaussian kernel and corresponding parameters can
then be uniquely recovered from triangle’s vertices by com-
puting Steiner circumellipse [47]. However, as the deforma-
tion map ϕ∆ is defined only on the means of the Gaussian
kernels {pi}Ni=1, we transfer the displacement ϕ∆(pi)−pi

to each triangle vertex tki . Since the displacement on the
surface is continuous, we compute the displacement of each
vertex tki using the inverse distance weighting [48] from a
set of the adjacent Gaussians, indexed by M(tki ). The dis-

placed triangle vertex t′
k
i is then computed as follows:

t′
k
i = tki +

∑
j∈M(tki )

(
wij

(
ϕ∆(pj)− pj

))∑
j∈M(tki )

wij
(8)

where wij is ∥tki − pj∥−1
2 . The adjacent primitives pj ∈

M(tki ) are chosen based on graph distance on our splat
graph to ensure adjacency of the surface. This adaptation is
crucial to ensure that the deformed Gaussian kernels accu-
rately cover their corresponding coverage on the deformed
surface, preserving geometric structure and visual fidelity
as shown in Fig. 6.

5. Experiments
We evaluate our framework by applying two representa-
tive Laplacian-based deformation techniques, As-Rigid-As-
Possible (ARAP) [1] and Bounded Biharmonic Weights
(BBW) [2], to diverse objects with intricate geometries. We
provide the implementation details and further analysis in
the supplementary materials.

5.1. Experiment Setup.

Dataset & Benchmark. To the best of our knowledge,
no suitable dataset exists for evaluating geometric deforma-
tions of scenes reconstructed from 2D images. We there-
fore introduce a new benchmark, specifically curated to as-
sess the fidelity and robustness of deformation. Our bench-
mark comprises 50 textured synthetic objects across 10 cat-
egories, sourced from ShapeNet [50], Objaverse [51], and
Sketchfab [52] datasets. The number of objects and the
breadth of categories in this benchmark are comparable to
standard 3D reconstruction benchmarks [49, 53], providing
sufficient coverage for evaluating deformation.

For each object, we provide a ground-truth mesh, 100
multi-view rendered images, and a set of interaction han-
dles. To test the robustness efficiently, the handles are an-
notated in geometrically ambiguous regions manually. An
average of 14.8 handles are provided per object, for a to-
tal of 740 deformation handles across the benchmark. In
addition, we also conduct a evaluation on NeRF-Synthetic
dataset [49]. The handles for NeRF-Synthetic dataset are
sampled by farthest point sampling. Further details of the
benchmark are available in the supplementary materials.

Baselines. We evaluate our framework against two dis-
tinct categories of approaches: proxy-based methods and
proxy-free methods. For the first category, we compare with
the leading methods, Mani-GS [11], GaussianMesh [10],
and SuGaR [21]. For our proxy-free baselines, we compare
against existing point-based Laplacian methods including
standard kNN-based NonManifold [42], LBO-GS [46] and
NeLO [45]. For a fair comparison, we use the optimal hy-
perparameter for the number of neighbors k in kNN search.



Method Bench Bed Headphone Basket Coil Birdcage Windmill Ferris Wheel Harp Fence Average NS [49]

Proxy-Based Methods

Mani-GS [11] 0.961 0.990 0.808 0.927 0.806 0.850 0.703 0.898 0.605 0.816 0.733 0.850 0.822 0.891 0.842 0.920 0.785 0.817 0.934 0.948 0.800 0.891 0.801 0.825
GaussianMesh [10] 0.962 0.988 0.811 0.921 0.800 0.857 0.705 0.882 0.598 0.821 0.730 0.856 0.813 0.904 0.829 0.932 0.741 0.871 0.935 0.948 0.792 0.898 0.799 0.816

SuGaR [21] 0.862 0.650 0.870 0.869 0.898 0.710 0.935 0.878 0.975 0.831 0.954 0.789 0.903 0.873 0.871 0.692 0.807 0.642 0.858 0.640 0.893 0.758 0.882 0.863

Proxy-Free Methods

kNN (k=10) [42] 0.647 0.789 0.980 0.978 0.952 0.981 0.993 0.969 0.895 0.930 0.969 0.975 0.974 0.973 0.963 0.973 0.919 0.954 0.979 0.960 0.927 0.948 0.915 0.910
kNN† (k=30) [42] 0.599 0.753 0.946 0.943 0.951 0.978 0.982 0.960 0.779 0.808 0.964 0.955 0.955 0.977 0.951 0.953 0.718 0.813 0.915 0.905 0.876 0.904 0.913 0.908

Mahalanobis (k=10) [46] 0.640 0.836 0.981 0.993 0.761 0.928 0.977 0.977 0.866 0.927 0.938 0.984 0.912 0.975 0.943 0.975 0.940 0.969 0.972 0.987 0.893 0.955 0.862 0.911
Mahalanobis† (k=30) [46] 0.606 0.791 0.960 0.991 0.751 0.939 0.966 0.973 0.847 0.882 0.952 0.977 0.916 0.980 0.942 0.964 0.939 0.959 0.961 0.965 0.884 0.942 0.875 0.917

NeLO [45] 0.671 0.785 0.968 0.936 0.876 0.879 0.968 0.885 0.909 0.931 0.952 0.952 0.932 0.870 0.942 0.921 0.884 0.910 0.950 0.939 0.905 0.901 0.874 0.858

Ablation Result

Splat Graph 0.996 0.994 0.993 0.986 0.945 0.976 0.987 0.983 0.993 0.980 0.974 0.991 0.967 0.972 0.980 0.980 0.903 0.956 0.995 0.993 0.973 0.981 0.929 0.922
Ours (Geodesic distance) 0.997 0.998 0.993 0.993 0.953 0.982 0.993 0.977 0.983 0.996 0.996 0.997 0.980 0.987 0.965 0.983 0.982 0.980 0.999 1.000 0.985 0.988 0.931 0.924

Table 1. Quantitative comparison of deformation quality. We report 3DPCK on our benchmark and NeRF-synthetic [49] at a threshold
of 0.075 (higher is better). The score for each category is the average performance across all handles defined for objects in that category.
Gray columns correspond to ARAP [1], while white columns show BBW [2] Best scores are in bold. † indicates default parameter settings.

We set k = 10, which we found to be a robust value that
avoids graph fragmentation while maintaining locality. Ad-
ditionally, our kernel adaptation stage (Sec. 4.4) is applied
to all proxy-free methods for the qualitative evaluation.

Evaluation Method. To assess deformation quality, we
apply identical transformations to both the ground truth
mesh and Gaussian splats. For a standardized evaluation,
we assign a translation of repulsive direction for each han-
dle using a local PCA of its neighbors, selecting the eigen-
vector with the smallest eigenvalue. Unfortunately, mesh
processing steps such as watertighting [54] and remesh [55]
required for Laplacian construction discard UV coordinates
and textures, As a result, reliable ground truth renderings
are no longer available, making standard image-based met-
rics like PSNR or LPIPS inapplicable.

For this reason, we evaluate the results from two com-
plementary perspectives: 1) topological consistency and
2) visual fidelity. To measure topological consistency
in 3D space, we utilize 3D Percentage of Correct Key-
points (3DPCK) [56], a standard metric in keypoint track-
ing [57–60]. Keypoints are sampled by farthest point sam-
pling around each handle on the ground truth meshes and
paired to nearest Gaussian kernels. A deformed keypoint is
counted as correct if distance to the mean of paired Gaus-
sian kernel pi lies within a threshold. We employ 100 key-
points for computing 3DPCK. We select 3DPCK instead of
metrics for point clouds such as Chamfer Distance for fair
comparison, since 3DPCK does not penalize the transpar-
ent, but misplaced primitives common in mesh-based meth-
ods. For visual fidelity, we assess the rendered results qual-
itatively. We provide more details about the evaluation and
deformation setting in the supplementary materials.

5.2. Quantitative Results

Tab. 1 summarizes the 3DPCK results of the baselines
and our method. Our approach achieves superior perfor-
mance across all categories, nearly matching the ground-

truth. Proxy-based approaches [10, 11, 21] are fundamen-
tally limited by surrogate quality; topological errors in the
mesh generation lead to significant degradation in deforma-
tion. Other proxy-free baselines [42, 45, 46] also show sub-
optimal performance, particularly on categories with com-
plex topology such as bench and harp, due to their inac-
curate neighborhood estimation. Our method also shows
superior performance on the NeRF-Synthetic dataset [49]
(last column). We provide further result on different PCK
thresholds in supplementary materials.

5.3. Qualitative Results

We present our qualitative results in Fig. 4. Our method
consistently produces high-fidelity deformations, even on
objects with intricate geometries. In contrast, proxy-based
methods are commonly limited by the quality of their proxy,
failing to produce plausible deformations for shapes with
intricate geometries such as the harp shown in the second
row of Fig. 4. Furthermore, Mani-GS [11], which lacks
regularization on kernel scales, produces severe artifacts
regardless of template quality. GaussianMesh [10] cannot
compensate for template defects, leading to missing geom-
etry in the reconstruction. While other proxy-free baselines
circumvent this dependency, their inaccurate neighborhood
estimation causes distortions in unintended regions.

5.4. Ablation Study

We perform ablation studies to validate the impact of three
key components: graph construction, surface-preserving
adaptation, and the choice of the underlying reconstruction
method.

Graph Construction. Our splat graph-based approach
consistently outperforms other point-based methods. How-
ever, as illustrated in Fig. 5, a graph defined solely by
splat intersection can be sensitive to missing edges, particu-
larly in challenging cases like thin regions. As validated in
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Figure 4. Qualitative comparison of deformation results. The red dots denote the interaction handles, with arrows indicating the edit
direction. The top five rows show results using the ARAP [1], while the bottom three rows use BBW [2]. Our method demonstrates superior
visual fidelity and geometric consistency compared to baselines, especially in preserving fine details and preventing artifacts across both
deformation techniques.



Figure 5. Comparison of neighborhood estimations. Graph dis-
tance based method provides improved robustness than raw graph
connectivity on challenging geometries, such as thin structures.

Figure 6. Comparison of kernel adaptations. N Hop(s) denotes
the local transformation estimation based on neighbors within N
edges. While simple local transformations fail even with wider
neighborhoods (3 hops), our method effectively adapts each kernel
to maintain high visual quality.

Figure 7. Application to other surface-aligned GS methods.
Our framework successfully deforms scenes reconstructed with
other surface-aligned GS methods.

Tab. 1, using graph distance with neighborhood estimation
yields a consistent enhancement over the raw splat graph,
showing its improved robustness.

Surface-Preserving Adaptation. We validate the impact
of the adaptation stage introduced in Sec. 4.4. As shown in

Fig. 6, noticeable spike artifacts appear since a naive local
transformation estimate cannot capture the full extent of el-
liptical support. Simply expanding the neighborhood (e.g.,
by increasing the number of hops) does not resolve this fun-
damental scale mismatch. Our method explicitly re-aligns
each kernel with its deformed surface patch, a step that is
crucial for preserving visual fidelity.

Generalization to Other Reconstruction Methods. To
validate the robustness of our framework to the underlying
reconstruction method, we apply our deformation frame-
work to scenes generated by 2DGS [18], a representative
2D primitive-based method. For this experiment, we de-
fine the occupancy regions by omitting the spiking threshold
V̄ p constraint, which is not present in 2DGS. The qualita-
tive results in Fig. 7 confirm that our approach successfully
achieves high-quality geometric deformations, proving its
independence from a specific reconstruction method.

6. Conclusion and Limitations
In this work, we present SpLap, a proxy-free framework for
the high-fidelity geometric deformation of Gaussian splats.
Our approach leverages the geometric information inherent
in surface-aligned GS, re-interpreting it as a discrete sur-
face representation. Our experiments demonstrate that this
approach can achieve a deformation quality that is on par
with applying the same edits to the ground truth meshes,
thereby circumventing the dependency on geometric prox-
ies. This finding positions Gaussian Splatting not just as a
technique for inverse rendering, but as a viable deformable
geometric representation in its own right.

Limitations. Although SpLap achieves high-quality de-
formation without relying on an external proxy, our ap-
proach requires a well-aligned reconstruction. Since our
framework does not explicitly refine the reconstruction it-
self, it may fail to infer intrinsic distances when the under-
lying Gaussian Splatting (GS) quality is poor. This reliance
on the assumption that Gaussian kernels are well-aligned
with the surface may limit the applicability of our method
to general, unconstrained 3D Gaussian scenes. We leave
the extension toward more general and robust deformation
handling for future work.
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