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Abstract Gaussian Splatting represents complex three-

dimensional scenes as a collection of continuous anisotropic

Gaussian primitives, providing high rendering quality
and an efficient scene representation. However, when
such Gaussian representations are directly used for col-
lision handling, the resulting collision boundary can
vary with local Gaussian density, overlap, and opac-
ity distribution even for identical or similar geomet-
ric surfaces. This density dependence can destabilize
contact positions and normals, thereby reducing the
consistency of rigid-body collision responses such as
penetration correction, restitution, and rotational re-
sponse. In this paper, we propose a density-normalized
contact field for stable collision response in Gaussian
Splatting scenes. The proposed method accumulates
the local contribution of each Gaussian while simulta-
neously estimating the effective number of Gaussians
influencing a given position, thereby normalizing the
accumulation bias caused by local representation den-
sity. This enables the construction of a more stable
continuous contact field under Gaussian duplication or
changes in local sampling density. We further use an
iso-surface of the proposed contact field as the colli-
sion boundary and compute continuous contact normals
from its spatial gradient, allowing the resulting con-
tact information to be directly incorporated into rigid-
body position correction and impulse-based collision
response. We compare the proposed method with ex-
isting Gaussian-primitive-based collision formulations
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and Gaussian-overlap-based approaches under varying
Gaussian densities, duplication levels, surface curva-
tures, and complex three-dimensional scenes. The re-
sults show that existing methods can exhibit substan-
tial changes in collision-boundary location and contact
normal as the Gaussian distribution varies, whereas
the proposed method maintains a more consistent con-
tact boundary for the same underlying geometry. Rigid-
body collision experiments further demonstrate that
the proposed method reduces contact-normal variation
and instability in rotational response, resulting in more
stable repeated collisions. These results indicate that
the proposed method provides a stable contact repre-
sentation for physical interaction in Gaussian Splatting
scenes without requiring explicit mesh reconstruction
or signed-distance-field reconstruction.

Keywords Gaussian Splatting - Collision detection -
Collision response - Contact field - Density normal-
ization - Rigid-body dynamics - Gaussian mixture -
Physics-based interaction

1 Introduction
Recently, Gaussian Splatting (GS) has emerged as an

effective scene representation that provides both high
visual quality and efficient rendering by representing

complex three-dimensional scenes as collections of anisotropic

Gaussian primitives. Each Gaussian contains a center
position, covariance, opacity, and color information, and
the overlap of these continuous primitives can effec-
tively represent complex surfaces and fine structures.
Owing to these properties, GS is increasingly being con-
sidered not only for novel-view synthesis but also as a
scene representation for robotics, autonomous driving,
navigation, and physics-based interaction.
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However, directly using a GS representation con-
structed for rendering in physical collision handling is
not straightforward. In conventional mesh-based simu-
lation, surfaces are given as explicit geometric bound-
aries, allowing collision positions and surface normals to
be defined relatively clearly. In contrast, a GS scene is
represented by a set of spatially overlapping Gaussians
rather than an explicit surface. Therefore, an additional
criterion is required to define a collision boundary from
the Gaussian distribution for physical contact.

Existing Gaussian-based collision or path-planning
methods treat individual Gaussians as collision prim-
itives or evaluate collision likelihood using geometric
intersection between Gaussians, probabilistic overlap,
or Gaussian overlap. Although these approaches can
be effective for applications such as robot navigation
and collision avoidance, additional problems arise in GS
scenes optimized for rendering. In GS, the Gaussian dis-
tribution does not correspond solely to geometric sam-
pling of the actual surface, and the number, size, opac-
ity, and degree of overlap of Gaussians can vary sub-
stantially across regions during scene reconstruction.

This nonuniformity has important implications for
collision computation. Even when representing the same
physical surface, some regions may use a small number
of large Gaussians, whereas other regions may contain
many densely distributed small Gaussians. If the col-
lision boundary is defined by the extent of individual
Gaussians or by a simple accumulation of Gaussian con-
tributions, the computed collision boundary can shift
with local splat density even when the actual surface
location is unchanged. In particular, directly summing
overlapping Gaussian contributions increases the field
value in dense regions and expands the collision region
outward, whereas sparse regions may exhibit a con-
tracted or discontinuous collision region.

Such inconsistency in the collision boundary is not
limited to collision-detection error. In rigid-body sim-
ulation, collision positions and surface normals are di-
rectly used for penetration correction, restitution im-
pulses, friction, and angular-momentum computation.
Consequently, if the contact boundary or normal changes
from frame to frame because of splat-density variation,
a rigid body may penetrate the surface excessively or
rebound earlier than expected, and repeated contact
may introduce unnecessary rotation and vibration. Ad-
dressing this issue is essential for using GS scenes in
real-time physical interaction.

changes. Instead of simply accumulating Gaussian con-
tributions at each position, we normalize the accumu-
lated contact value by also accounting for the effective
number of Gaussians that meaningfully contribute at
that position. The iso-surface of the resulting continu-
ous contact field is used as the collision boundary, and
the spatial gradient of the field is used to compute the
contact normal for direct use in rigid-body collision re-
sponse.

This work does not target only collision avoidance
or path planning; rather, it aims to stably handle re-
peated physical contact and collision response between
GS scenes and dynamic objects. To validate the pro-
posed approach, we analyze changes in collision bound-
aries and normals in scenes with different Gaussian
densities, duplication levels, and curvatures, and com-
pare the results with existing Gaussian-primitive-based
collision and Gaussian-overlap-based methods. We also
evaluate contact-normal variation and the stability of
rotational response by colliding actual rigid bodies with
GS scenes.

The main contributions of this paper are as follows.

— We analyze how local splat density and overlap in
GS scenes affect collision boundaries and contact

normals, and formulate this issue as a density-dependent

contact problem in physics-based interaction.

— We propose a density-normalized contact field that
mitigates density bias by accounting for the number
of locally contributing Gaussians, thereby producing
more consistent collision boundaries under changes
in splat density and duplication.

— We present an integrated framework that computes
contact normals from the spatial gradient of the pro-
posed continuous contact field and directly applies
them to penetration correction and impulse-based
rigid-body collision response.

— We validate improvements in collision-boundary con-
sistency, contact-normal stability, and rigid-body col-
lision response by comparing the proposed method
with existing Gaussian-based collision methods un-
der various density and duplication conditions and
in complex GS scenes.

2 Problem Statement

The objective of this work is to define a consistent
physical contact boundary between a static scene repre-

To address this problem, we propose a density-normalizedented by Gaussian Splatting and a dynamic rigid body.

contact field. The primary goal of the proposed method
is to provide a contact boundary that remains as consis-
tent as possible for the same geometric structure even
when the local splat density of the GS representation

We represent a GS scene as a set of IV anisotropic Gaus-
sian primitives

g = {gz = (ll'm 22’7041')}71;\;1 (1)
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where p;, ¥;, and «; denote the center, covariance,
and opacity of the ith Gaussian, respectively. Let w;(x)
denote the local contribution of G; at a spatial position
x. The specific definition of this contribution is given
in Sec. 4.

A common approach for constructing a collision bound-

ary from a GS scene is to aggregate the contributions
of multiple Gaussians into a scalar field F(x) and use
the iso-surface corresponding to a global threshold 7,

S-={x|Fx)=r1} (2)

as the contact boundary. However, if this field relies on
the simple accumulation

N
Fsum(x) = Z w; (X) (3)
=1

its value changes with local splat multiplicity even when
the underlying geometry remains unchanged.

This can be illustrated by the simplest duplication
case. Suppose a Gaussian with the same position and
parameters is duplicated m times and each Gaussian
contributes w(x).
FM)(x) = mw(x),

sum

FUR (%) # Fln (%)

sum

(m>1).
(4)

Thus, although the physical surface remains unchanged,
the contact boundary extracted using the same 7 can

3. Spatial continuity: The scalar field defining the con-
tact boundary should be spatially continuous and
provide stable differential information.

4. Normal consistency: The contact normal should re-
spond primarily to geometric changes in the actual
surface rather than irregularities in the splat distri-
bution.

5. Physical usability: The computed contact positions
and normals should be directly usable for repeated
rigid-body collision response beyond simple collision
avoidance.

Therefore, the central problem addressed in this work
is not merely to determine whether two Gaussian prim-
itives intersect, but to define a consistent continuous
contact boundary from a nonuniform Gaussian Splat-
ting representation while mitigating the influence of rep-
resentation density. After reviewing related work, Sec. 4
presents the proposed density-normalized contact field.

3 Related Work

3.1 Gaussian Splatting and Geometric Surface
Representation

3D Gaussian Splatting (3DGS) represents a scene as
a collection of three-dimensional Gaussian primitives
with position, anisotropic covariance, opacity, and color
attributes, and enables real-time novel-view synthesis

shift. We refer to this phenomenon as the density-dependent by combining an explicit primitive-based representa-

contact boundary problem.

More generally, for two GS representations G(* and
G® describing the same or similar physical surface, a
density-robust contact representation should preserve

S~ S (5)

despite differences in local Gaussian count, size, and
overlap. In addition to boundary location, the associ-
ated differential information should remain sufficiently
stable for repeated contact because the contact normal
directly affects penetration correction and impulse re-
sponse.

Accordingly, the contact representation required in
this work should satisfy the following conditions.

1. Density robustness: The contact boundary should
exhibit only small displacement when the splat den-
sity changes for the same or a similar geometric sur-
face.

2. Duplication robustness: The contact boundary should
be preserved as much as possible under Gaussian
duplication that does not alter the underlying ge-
ometry.

tion with fast differentiable rasterization [1]. However,
because 3DGS Gaussians are inherently optimized to
minimize rendering loss, the centers and covariances of
individual primitives are not guaranteed to coincide di-
rectly with the physical surface of the scene. This prop-
erty has become an important issue in subsequent work
that seeks to extract geometric structure directly from
Gaussian representations.

SuGaR introduced regularization to align Gaussians
with the actual scene surface and generated meshes by
applying Poisson reconstruction to the aligned Gaus-
sians [2]. 2D Gaussian Splatting improves multi-view
geometric consistency by using oriented two-dimensional
Gaussian disks as surface primitives instead of three-
dimensional volumetric Gaussians, and enables more
accurate surface reconstruction through depth-distortion
and normal-consistency regularization [3]. Gaussian Opac-
ity Fields (GOF) defines a continuous opacity field from
Gaussian-based volume rendering, directly extracts sur-
faces from its level set, and performs efficient geometry
extraction using an adaptive tetrahedral structure [4].
PGSR improves the geometric fidelity of Gaussian rep-
resentations using planar Gaussians and unbiased depth
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rendering, while strengthening single-view and multi-
view geometric consistency [5]. NeuSG jointly optimizes
3DGS and a neural implicit surface to encourage Gaus-
sian centers to lie closer to the actual surface and uses
normal information from the implicit surface for de-
tailed geometry reconstruction [6].

These studies demonstrate that 3DGS learned for
rendering does not necessarily provide an accurate phys-
ical surface and propose various methods for extracting
surfaces or level sets from Gaussians. However, their
primary objectives are mesh reconstruction, geometric
fidelity, or novel-view synthesis, and they do not di-
rectly address how local splat-density variation affects
dynamic contact boundaries and collision response.

3.2 Gaussian Splatting for SLAM and Online Mapping

The explicit and efficient scene representation of 3DGS
has also been actively adopted in recent SLAM and real-
time mapping research. SplaTAM simultaneously per-
forms tracking and mapping while generating 3D Gaus-
sians online from RGB-D input, and adds Gaussians
to newly observed regions using silhouette-based scene
density [7]. GS-SLAM combines adaptive Gaussian ex-
pansion with coarse-to-fine tracking to realize real-time
dense visual SLAM [8]. Gaussian Splatting SLAM by
Matsuki et al. directly applies 3DGS to monocular in-
put and integrates tracking, mapping, and rendering
into a unified Gaussian representation [9]. Photo-SLAM

combines explicit geometric features with Gaussian-based

photorealistic mapping to provide a real-time SLAM
system for monocular, stereo, and RGB-D inputs [10].

Gaussian-SLAM partitions the Gaussian represen-
tation into multiple sub-maps for scalable dense map-
ping of large scenes and performs frame-to-model cam-
era tracking using photometric and geometric rendering
losses [11]. RTG-SLAM distinguishes opaque and trans-
parent Gaussians and retains only stable Gaussians to
achieve real-time reconstruction of large-scale RGB-D
scenes [12]. Splat-SLAM performs global optimization
in RGB-only environments by deforming the Gaussian
map according to global-pose and depth updates [13].
GauS-SLAM uses 2D Gaussian surfels to reduce geo-
metric distortion caused by depth blending and per-
forms surface-aware tracking [14]. MGSO uses a dense
structured point cloud obtained from monocular photo-
metric SLAM for Gaussian initialization, reducing both
the number of Gaussians and optimization cost [15].
Hier-SLAM combines a hierarchical categorical repre-
sentation with the Gaussian map to extend it to large-
scale semantic SLAM [16].

These studies show that Gaussian representations
can be used for real-time environmental mapping be-

yond offline rendering. Of particular relevance to this
work is that Gaussian creation, removal, and densifica-
tion continuously change according to observation con-
ditions and the mapping process. Thus, even for the
same physical surface, the number, size, and overlap
of Gaussians may vary spatially during SLAM, and
directly using such representation-level variations for
physical contact can make the contact boundary de-
pendent on scene-representation density.

Dense SLAM based on continuous implicit represen-
tations was also actively studied before 3DGS. NICE-
SLAM performs scalable implicit mapping using a hi-
erarchical neural feature grid [17], while Vox-Fusion
combines a voxel-based neural implicit representation
with an octree [18]. Co-SLAM combines coordinate en-
coding with sparse parametric encoding for real-time
RGB-D SLAM [19], while Point-SLAM uses a neural
point cloud to jointly represent dense geometry and ap-
pearance [20]. NeRF-SLAM combines dense monocular
SLAM with neural radiance fields for real-time photo-
metric and geometric reconstruction [21]. These studies
demonstrate that continuous scene fields are useful not
only for rendering but also for mapping and geomet-
ric reasoning; however, their objectives differ from the
Gaussian density-dependent contact-boundary problem
considered in this work.

3.3 Collision Checking and Navigation in Continuous
Gaussian Representations

The use of Gaussian mixture representations for map-
ping and collision checking predates 3DGS. Dhawale,
Yang, and Michael construct a local Gaussian mixture
map from depth observations and perform trajectory
collision checking using the geometric properties of the
Gaussians [22]. GMMap compresses RGB-D observa-
tions into a Gaussian mixture model to represent con-
tinuous occupancy probability, providing a memory-
efficient three-dimensional occupancy map [23]. In these
approaches, Gaussians are primarily used as mapping
primitives representing physical occupancy or sensor
uncertainty.

More recently, neural radiance fields and 3DGS have
been directly applied to robot navigation. CATNIPS
converts a NeRF into a Poisson point process to com-
pute robot collision probabilities in continuous space
and performs chance-constrained trajectory optimiza-
tion using probabilistically unsafe robot regions [24].
iSDF learns a real-time neural signed distance field that
provides a continuous geometric representation from
which a robot can query scene distance and collision
information [25].
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Fig. 1: Overview of the proposed density-normalized contact framework. The static Gaussian scene is first repre-
sented by anisotropic Gaussian primitives. A density-normalized contact field and its analytic gradient are then
precomputed on a regular grid. During runtime, surface samples and the rigid-body center are queried against the
contact field, and the maximum-field query is projected onto the contact iso-surface to obtain the contact point
and outward normal. If penetration is detected, positional correction is applied along the contact normal, followed
by normal and tangential impulse-based collision response.

Among approaches that directly use 3DGS, Splat-
Nav treats each 3D Gaussian as an ellipsoidal obstacle
primitive and plans trajectories by constructing safe
convex corridors from geometric collision constraints
between the robot and Gaussians [26]. SAFER-Splat
defines a control barrier function over an online-learned
Gaussian Splat map and performs real-time safety fil-
tering while considering hundreds of thousands of Gaus-
sians [27]. SPLANNING computes an upper bound on
collision probability between a robot and a radiance
field from a normalized Gaussian Splat representation
and uses it for risk-aware trajectory optimization [28].
FOCI represents both the environment and robot as
Gaussian mixtures and performs orientation-aware tra-
jectory optimization using analytic overlap between the
two Gaussian mixtures [29]. GRaD-Nav integrates a
Gaussian radiance field with differentiable robot dy-
namics to learn a visual drone-navigation policy [30].

These studies demonstrate that Gaussian represen-
tations can support collision-aware navigation without
conversion to a separate dense mesh. Their primary ob-
jective, however, is safe trajectory planning rather than
repeated rigid-body contact response.

3.4 Relation to Our Work

Existing primitive-intersection [26], Gaussian-overlap [29],

and probabilistic collision formulations [28,24] define
useful collision or safety criteria, but do not explicitly
account for contact-boundary shifts caused by nonuni-

form splat density or multiplicity in rendering-oriented
3DGS scenes. We instead treat representation density
as a nuisance factor in repeated physical contact and
construct a continuous field whose iso-surface and gra-
dient provide the contact boundary and normal used
by the rigid-body response. The method is therefore
complementary to Gaussian-based navigation and occu-
pancy approaches rather than a replacement for them.

4 Algorithm

This section presents the contact pipeline for a nonuni-
form Gaussian Splatting (GS) scene. It consists of six
stages: (1) Gaussian scene representation, (2) density-

normalized contact-field construction, (3) analytic-gradient

and grid precomputation, (4) online contact detection

and projection, (5) penetration correction, and (6) impulse-

based collision response. The overall processing pipeline
is illustrated in Fig. 1.

The central operation normalizes accumulated Gaus-
sian contributions by an effective local splat count, lim-
iting field inflation caused by density or multiplicity
changes. For a static GS scene, the field and analytic
gradient are precomputed on a regular grid. At run-
time, the maximum-field rigid-body query is projected
onto the contact iso-surface to obtain a contact point
and outward normal, followed by penetration correction
and normal/tangential impulse response.
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4.1 Gaussian Contribution

Let the ith Gaussian primitive composing the scene be
G = (p;, X4, ;). The Mahalanobis distance at a spa-
tial position x is defined as

qi(x) = (x = p;)" 7 (x — py).- (6)

The corresponding pure spatial contribution of the
Gaussian is

si(x) = exp (;qi(x)> (7)

where s;(x) € (0,1]. It has a value of 1 at the Gaussian
center and decreases continuously with distance from
the center.

Because each Gaussian in 3DGS has a different opac-
ity, the actual contact contribution includes the opacity
; as

which is used throughout the formulation.

However, directly summing w; causes the value to
grow without bound as the number of overlapping Gaus-
sians increases. To avoid this behavior, we transform
the contribution of each Gaussian into log-complement
space.

ti(x) = —log (1 — w;(x)). )
For numerical stability, the implementation clamps
w; + min (w;, 1 — €) (10)

where ¢, is a small positive constant.

The accumulated contribution over all Gaussians is
defined as

N

N
L(x) = Z&-(x) = —log(l — w;(x)) (11)

i=1

which gives the total log-space contribution.
Equation (11) satisfies the following relation.

N

1—expl-L(x)] = 1 - [ (1~ wi(x). (12)

i=1

Thus, L provides a stable accumulation of union-like
contributions from multiple Gaussians, but it still in-
creases with the number of Gaussians activated at the
same position. We therefore introduce local normaliza-
tion in the next step to mitigate this density depen-
dence.

4.2 Effective Local Splat Count

Defining local Gaussian density simply as the number
of Gaussians within a fixed radius cannot properly ac-
count for differences in Gaussian scale and anisotropy.
We therefore compute an effective splat count from the
relative spatial contributions of the Gaussians that ac-
tually influence position x.

We first define the following two statistics.

N
Six) = 3 si(x). (13)

N
Sa(x) = 3 s2(x). (14)

Using these quantities, the effective local splat count
is defined as

St(x)
N, = -1 1
ir(x) So(x) + ¢ (15)
In the implementation, we use
Neg (%) = max (1, Neg(x)) (16)

to maintain a numerically meaningful range.

Equation (15) has a form analogous to effective sam-
ple size. It approaches 1 when a single Gaussian domi-
nates a position and increases approximately in propor-
tion to the number of Gaussians when multiple Gaus-
sians contribute with similar magnitudes.

For example, assume that m Gaussians with identi-
cal spatial contribution s overlap at the same position.

S1 = ms, Sy = ms? (17)
Then,

m2s?
Neff = msQ =m (18)

Thus, the formulation continuously estimates the Gaus-
sian multiplicity that actually affects the current posi-
tion rather than simply counting nearby Gaussians.
Opacity «; is intentionally excluded from the com-
putation of N.g, and only the spatial term s; is used.
Even a low-opacity Gaussian should contribute to the
local representation density if it redundantly represents
the same geometric location. In contrast, opacity is re-
tained in the actual contact strength through Eq. (8).
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4.3 Density-Normalized Contact Field

Combining the accumulated Gaussian contribution L
with the effective count N.g, we define the proposed
density-normalized contact strength as

L(x)

A0 = e "

where v € [0,1] controls the strength of density nor-
malization.
The final contact field is defined as

PpN(x) =1—exp [ NL“E)(() )1 (20)
off \ X

&pn has the bounded range 0 < Ppn(x) < 1. The
exponential mapping limits the numerical range of the
field, while robustness to splat density is provided by
the N . normalization in Eq. (19).

We define the iso-surface of &pn,

C = {x|Ppn(x) =7} (21)

as the physical contact boundary, with a default thresh-
old of 7 = 0.5.

4.8.1 Behavior under Gaussian Duplication

To clarify the behavior of the proposed normalization,
consider a Gaussian duplicated m times.

Let ¢ denote the log contribution of a single Gaus-
sian.

L™ = my (22)
and, from Eq. (18),

N =m (23)
Therefore, the normalized strength becomes

At — My (24)
mY

In particular, when v = 1, A = ¢ = AD yield-
ing exact theoretical invariance under duplication of an
identical Gaussian. In contrast, when v = 0, A" =
m¥, which has the same density dependence as accu-
mulation without density normalization.

We use 7 = 0.85 as the default to substantially
compensate for multiplicity while retaining some re-
sponsiveness to changes in local overlap rather than
enforcing complete normalization. Under this setting,
the normalized strength scales as m°'® with Gaussian
duplication, and the sensitivity to v is analyzed sepa-
rately in the experiments.

Duplication m Sum DN (y =0.85) DN (y =1.0)
1 1.00 1.00 1.00
2 2.00 1.11 1.00
4 4.00 1.23 1.00
8 8.00 1.37 1.00
16 16.00 1.52 1.00

Table 1: Theoretical relative accumulation magnitude
under Gaussian duplication. While the simple accumu-
lation scheme increases proportionally to the duplica-
tion count m, the proposed method with the default
setting v = 0.85 increases only proportionally to m®1°.

Table 1 reports the relative accumulation magnitude
under Gaussian duplication. These values are theoreti-
cal scaling factors computed from Eq. (24), not exper-
imental measurements.

This behavior suppresses large shifts in the contact
boundary caused solely by Gaussian multiplicity when
the same surface is represented by different numbers of
splats.

4.4 Analytic Gradient of the Contact Field

Rigid-body collision response requires not only the contact-

field value but also a stable surface normal. Rather than
computing a separate finite difference, we accumulate
the analytic gradient together with the field during con-
struction.

The gradient of Eq. (7) is

Vs = -85 (x — ;) (25)
Therefore,

V’LUZ‘ = aiVsi (26)
and, from Eq. (9),

Vwi

Vil = —— 27
= (21)

is obtained.
The gradient of the accumulated term is

VL =) Vi (28)
We also compute

and
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In the current implementation, a compact axis-aligned
Letting D = Sy + ¢, the gradient of Eq. (15) is support extending approximately 3.5¢0 along each world-
space axis is first constructed from the covariance. Within
25,DVS; — S2V S, . . . o _
VN = ) (31)  this bounding region, the Mahalanobis-distance test g;(x) <

D2

When the lower clamp in Eq. (16) is active, i.e.,
when Neg < 1,

VNeg =0 (32)

is used.
The gradient of Eq. (19) is then

L
va YL
Neff
L o5
NVHH VNeg. (33)

Finally, from Eq. (20),
V&pn = exp(—A)VA (34)

is obtained.

Because @py increases toward the interior of the
Gaussian representation, the outward-facing contact nor-
mal is defined as

V@DN (X)

) = om0

(35)

Because the field and analytic-gradient samples at
each grid vertex are computed from the same Gaus-
sian contributions, no separate mesh normal or nearest-
neighbor normal estimation is required. At runtime,
these analytic-gradient samples are trilinearly interpo-
lated to compute normals at continuous positions.

4.5 GPU Field Construction

Directly evaluating Eq. (20) for every Gaussian at ev-
ery time step of a dynamic simulation would require
O(NM) computation for N Gaussians and M rigid-
body query points. To avoid this cost, the proposed
method precomputes the contact field and gradient on
the GPU for a static GS scene.

The three-dimensional simulation domain {2 = [0, L] x

[0, Ly] % [0, L] is discretized into a regular grid of N, x

NyxN,. At each grid vertex x;;z, we accumulate {L, S, S2,

On the GPU, one thread is assigned to each Gaus-
sian, and values are accumulated only at grid vertices
inside the effective support of that Gaussian. An axis-
aligned support interval is first computed from the world-
space covariance of the Gaussian, avoiding traversal of
the entire grid.

36 is additionally applied to reject grid vertices out-
side the anisotropic ellipsoidal support. Thus, the axis-
aligned bound provides a compact traversal region, while
the Mahalanobis test accounts for the Gaussian’s anisotropic
shape.

After all Gaussian contributions have been accumu-
lated, a separate CUDA kernel evaluates Eqs. (16)—(34)
at each grid vertex and stores the final @py and VPpy.

Consequently, after preprocessing, the field can be
queried efficiently at arbitrary positions regardless of
the total number of Gaussians.

4.6 Continuous Field Query

Although the field is computed on a regular grid, colli-
sion queries should not be restricted to voxel locations.
We therefore use trilinear interpolation to evaluate the
field and gradient at an arbitrary continuous position

Let the field values at the eight grid vertices sur-
rounding x be Dy, with a,b,c € {0,1}.

1 1
5(){) = Z Z Z /\abc (X>¢ab5a (36)

Here, A4y denotes the trilinear interpolation weight.
The analytically evaluated gradient samples stored
at the grid vertices are interpolated in the same manner:

1

E(X) = Z Z Z /\abc(x)gabc (37)

b=0 c=0

(=)

Q

where g(x) is the interpolated analytic-gradient sample
stored on the grid. In general, we do not assume that
it is exactly equal to the derivative of the trilinearly
interpolated field P.

Thus, the cost of a field query at one point during
runtime is O(1) and is independent of the number of
Gaussians V.

VL,VS1,VSa}.
4.7 Rigid-Body Contact Detection

To support a rigid body B of arbitrary shape, we select
M local sample points {ij ;-Vil on the object surface.
The current implementation uses at most M = 512

surface samples.
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Let ¢; and R; denote the translation and rotation
of the rigid body at time ¢, respectively. A world-space
sample is then

p; =Rip) + ¢ (38)

The surface samples and rigid-body center are grouped
into a single query set,

Q={py,...

The rigid-body center is included as an interior query
to additionally detect extreme cases in which the object
becomes fully embedded in a thin or complex contact
field. For each q € Q, we query 5(q)7 and a collision is
detected when

,PM,Ct} (39)

5(q) >T (40)

When multiple queries lie inside the contact field
simultaneously, we select the maximum-field query at
the current iteration as

q* = arg max 9(q)
qeQ

(41)

This definition allows surface samples and the rigid-
body center to be processed using the same criterion.

4.8 Projection onto the Contact Iso-Surface

The maximum-field query q* generally already lies in-
side the contact field and is therefore projected onto the
actual contact boundary @pn(x) = 7. Starting from
x(©) = g*, we iteratively apply the following gradient
projection.

i —g (Xoc)) e (42)
g®) — g (X(m) , (43)
The update is
x* D) = x(0) _ p o(F) (44)
where
(k)
N = clamp (Hg(k)nz, —Nmax, T}max) . (45)

The current implementation uses at most 14 itera-
tions with Npnax = 0.12.

Projection terminates when the following condition
is satisfied.

\éﬁ(xw) - T‘ <1075 (46)

Letting the final projected point be x, = x¥), the
contact normal is computed as
g(x.)

P = R £ en 47)

4.9 Penetration Correction

The distance between the maximum-field query and the
projected surface point is used as an approximation of
the penetration depth.

dy = Ixc — ]| (48)

To avoid numerical residual penetration, the correc-
tion magnitude in one iteration is clamped as

-~

dp = clamp (dp, drnina dmax) (49)

The current implementation uses dp,;, = 0.001 and
dmax = 0.08. Here, d;, acts as a numerical separa-
tion bias for removing very small residual penetration,
whereas dp,ax limits excessive positional correction within
a single pass.

The rigid-body center position is corrected as

c+c+ gpnc (50)

To handle cases in which a rigid body simultane-
ously intersects multiple contact regions, this detection—
projection—correction procedure is repeated. The cur-
rent implementation performs at most 10 correction
passes within one physics step.

4.10 Impulse-Based Collision Response

To isolate the effect of the contact representation, we
apply the same rigid-body response model to all col-
lision methods. Let the contact point be x. and the
rigid-body center be c. Then,

r=xX.—c

(51)

Let v and w denote the linear and angular velocities
of the center of mass, respectively. The velocity at the
contact point is

Ve=v4twxr (52)

The normal velocity is

Un = Ve - 1Ie

(53)
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and if
vp 20 (54)

the object is separating from the surface, and no normal
impulse is applied.

In the current implementation, we use the diagonal
inertia (I, Iy, I.) to define the mean inverse inertia

- 1/1 1 1

IM=-(=+—+— 55
3 <Iz I, I, (55)

This approximation is used because our evaluation fo-

cuses on differences in the contact representation itself.

The same simplified inertia approximation is applied to

all compared methods so that differences in the collision

solver do not affect the comparison.
The normal impulse magnitude is

. (1+e)v,
.]'ﬂ = - -1 771 2 (56)
m~l 4+ I71|r X n.||
where e is the coefficient of restitution.
The normal impulse is
Jo = jnne (57)

and the linear and angular velocities are updated as
Jn

Vvt —, (58)
m

wwH+ I (rxT,) (59)

4.10.1 Friction

After applying the normal impulse, we recompute the
contact-point velocity using the updated linear and an-
gular velocities.

vi=v +w’'xr. (60)
The corresponding tangential component is
vi=v,—(v. n.)n, (61)

If ||v¢]] > 0, the tangent direction is t = v;/||v¢]|.
The friction impulse is
vt
m=t + I1r x t||?

Jt=— (62)

and is clamped according to the Coulomb friction con-
dition as

Je <= clamp (i, —pljnl, plin) (63)

The resulting tangent impulse J; = j;t is then applied
to the linear and angular velocities.

Algorithm 1 Density-Normalized Contact Field Con-
struction

Require: Gaussian set G, grid £2, v, €, €y
Ensure: ¢pn, V@pnN

1: Initialize L, S1, S2, VL, VS1, and V.Ss

2: for each Gaussian G; in parallel do

3 Compute the bounded grid support of G;
4 for each grid point x in the support do
5 Evaluate s;, w;, £;, Vs;, and V{;
6 Atomically accumulate L, S1, Sa
7 Atomically accumulate VL, VSi, VSs
8 end for

9: end for

10: for each grid point x in parallel do
11 Compute Negr using Eq. (16)
12 Compute ¢pn and VOpn
13: end for
14: return ¢pn, V@pnN

Algorithm 2 Rigid-Body Collision Response Using the
Proposed Field

Require: Rigid body B, ®pn, V®pnN, threshold 7, Kyax
1: for k =1 to Kmax do

2: Transform rigid-body surface samples to world space
3: Form Q~: {pP1,---,PM,Ct}

4: Query &(q) for allq € Q

5: Find g* = argmaxqec o a(q)

6: if #(q*) < 7 then

7 break

8: end if

9: Project q* onto $pn =T

10: Compute n. from g(x.)

11: Estimate d, and correct the rigid-body position
12: Apply the normal impulse

13: Recompute the contact-point velocity

14: Apply the Coulomb friction impulse

15: end for

4.11 Overall Algorithm

Algorithm 1 summarizes contact-field construction for a
static GS scene, while Algorithm 2 summarizes collision
response at each physics time step.

4.12 Implementation Parameters

Table 2 summarizes the default parameters used in the
current implementation. These settings provide identi-
cal rigid-body integration conditions for all compared
methods, while the main parameters associated with
density normalization are 7 and +.

4.13 Computational Characteristics
The primary preprocessing cost of the proposed method

arises from constructing ®py and V@py from a static
GS scene. Because each Gaussian contributes only to
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Parameter Value Description

T 0.50 Contact iso-value

ol 0.85 Density normalization exponent
€ 10—10 Effective-count stabilization

Grid resolution

Simulation rate 240 Hz
M <512
Projection iterations 14
Tmax 0.12
Correction passes 10
dmin 0.001
dmax 0.08

112 x 80 x 112

Contact-field grid

Rigid-body update rate
Rigid-body surface samples
Maximum iso projection iterations
Maximum projection step
Maximum contact passes per step
Numerical separation bias
Maximum position correction

Table 2: Default implementation parameters of the proposed method.

grid vertices within its bounded spatial support, we
avoid the naive O(N N, N, N ) evaluation of every Gaus-
sian over the entire dense grid. If V; denotes the number
of grid vertices within the support of Gaussian i, the
field-construction cost is

N
0 (Z m-) (64)
i=1

Because the contribution of each Gaussian can be eval-
uated independently, this computation is well suited to
GPU parallelization.

After preprocessing, a field and gradient query at
one point accesses only the eight surrounding grid ver-
tices and therefore has O(1) cost. If M rigid-body sam-
ples are tested in one physics step, with at most K
correction passes and at most P iso-surface projection
iterations per pass, the runtime cost is

O(K(M + P)). (65)

In the current implementation, P = 14 is fixed and
M < 512, so the practical contact-query cost can be
regarded as O(K M). Because K < 10 is also bounded,
the runtime collision response does not scale directly
with the number of Gaussians in the original GS scene.

5 Experimental Results
5.1 Experimental Setup

All experiments were conducted under Windows 11 us-
ing AMD Ryzen 9 9950X3D CPU, 32 GB DDR5 mem-
ory, and an NVIDIA GeForce RTX 5080 16 GB GPU.
The proposed method was implemented using CUDA,
and the Gaussian contact field and analytic gradient
were precomputed on the GPU. Rigid-body simulation
was performed at 240 Hz, with a default contact-field
grid resolution of 112 x 80 x 112 and up to M = 512
rigid-body surface samples. Unless otherwise stated, all
experiments used the same values of 7 = 0.5 and v =
0.85.

The compared methods were Splat-Nav Basic [26],
Opacity-Scaled Probabilistic Variant, FOCI-style Gaus-
sian Overlap [29], and the proposed method. To fairly
isolate the effect of the contact representation, all meth-
ods used identical rigid-body integration, penetration
correction, restitution, and friction response.

5.2 Contact Boundary and Duplication Robustness

In this experiment, we keep the underlying geometry
fixed and vary only the Gaussian sampling density or
exact duplication to analyze changes in the boundary
generated by each contact formulation. Under sampling-
density variation, the number and spatial arrangement
of Gaussians representing the same physical surface are

Consequently, rather than repeatedly testing the renderinkanged, whereas under exact duplication, the Gaus-

oriented Gaussian representation as a set of pairwise
collision primitives, the proposed method preprocesses
the continuous Gaussian contributions into a density-
normalized contact representation for repeated rigid-
body interaction. A key property of the method is that
the field value, contact boundary, interpolated gradient
normal, and collision response are all derived from the
same scalar representation.

sian positions, covariances, and opacities are fixed and
only the multiplicity of each primitive is increased.

Fig. 2 shows the same physical wall represented at
different sampling densities.

The four wall segments use the same physical thick-
ness, Gaussian covariance, and opacity, while the num-
ber of Gaussian samples increases from left to right as
1x, 2%, 4%, and 8x. Thus, the analytic surface location
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(a) Splat-Nav Basic [26]

(a) Splat-Nav Basic [26]

(b) Opacity-Scaled Probabilistic Variant

(b) Opacity-Scaled Probabilistic Variant

(c) FOClI-style Gaussian Overlap [29]

(c) FOClI-style Gaussian Overlap [29]

A S A R B A S S R R VL

(d) Our method

Fig. 2: Contact-boundary consistency under Gaussian
sampling-density variation. The underlying wall geom-
etry and Gaussian shape/opacity parameters are fixed,
while the number of Gaussian samples is increased from
1x to 8x. Red ellipses denote Gaussian primitives, blue
lines indicate the fixed upper and lower boundaries of
the analytic ground-truth wall, and magenta lines show
the upper contact boundary obtained by each method.

remains unchanged, whereas the spacing and overlap
distribution between Gaussians vary with density.

In Fig. 2 and Fig. 3, red ellipses denote anisotropic
Gaussian primitives, blue lines indicate the fixed upper
and lower boundaries of the analytic ground-truth wall,
and magenta lines indicate the upper contact bound-
ary obtained from each formulation. Therefore, contact-
boundary robustness can be directly compared by ex-
amining the displacement of the magenta boundary un-
der representation changes.

Splat-Nav Basic uses individual Gaussian supports
as collision primitives. The Opacity-Scaled Probabilis-
tic Variant is a baseline constructed for this comparison,
in which the opacity of each Gaussian is used to adjust
its effective collision support. The same global thresh-
old is used for all density and duplication conditions,
and no scene-specific or density-specific threshold re-
tuning is performed. FOClI-style Gaussian Overlap ap-
plies a fixed threshold to Gaussian overlap, whereas the

(d) Our method

Fig. 3: Contact-boundary robustness under exact Gaus-
sian duplication. Each segment contains identical Gaus-
sian locations, covariance, and opacity, while the mul-
tiplicity of every Gaussian is increased from 1x to 8x.
Red ellipses denote Gaussian primitives, blue lines in-
dicate the unchanged analytic ground-truth wall, and
magenta lines represent the upper contact boundary
obtained by each method.

proposed method uses the iso-surface of the density-
normalized field $pN at 7 = 0.5 as the contact bound-
ary.

As sampling density increases, even Splat-Nav Ba-
sic may exhibit changes in the spatial arrangement and
union envelope of individual ellipsoids. The opacity-
scaled formulation and FOCI-style overlap are likewise
affected by changes in local support or overlap configu-
ration. In contrast, the proposed method uses the effec-
tive local splat count to mitigate field inflation caused
by an increased number of Gaussians, thereby main-
taining a relatively small contact-boundary displace-
ment under density variation, as shown in Fig. 2(d).

Fig. 3 evaluates exact duplication while keeping both
the Gaussian positions and shapes unchanged. Each
wall segment contains the same seven Gaussians, and
only the multiplicity of each Gaussian is increased to
1x,2x, 4%, and 8. Therefore, any displacement of the
contact boundary under this condition directly reflects



Density-Normalized Contact Fields for Stable Collision Response in Gaussian Splatting 13

Table 3 shows that, at 8x sampling density, the dis-
placement of the proposed method is 0.017, which is

Density Duplication Avg.
Method 2x 4x 8x 2x 4x 8x  Mean
Splat-Nav 0.019 0.044 0.082 0.000 0.000 0.000 0.024
Probabilistic 0.017 0.035 0.064 0.015 0.041 0.079
FOCI-style 0.013 0.028 0.052 0.012 0.031 0.059
Ours 0.006 0.010 0.017 0.003 0.004

approximately 79.3% smaller than the 0.082 of Splat-

0.042 Nav and also lower than the 0.052 of the FOCI-style
0.033 overlap formulation. Under exact duplication, Splat-
0.007 0.008Nav is structurally invariant, whereas accumulation-

Table 3: Quantitative comparison of contact-boundary
robustness under sampling-density variation and exact
Gaussian duplication. Values denote mean boundary
displacement relative to the 1x reference configuration;
lower is better.

the sensitivity of the formulation to Gaussian multiplic-
ity.

For Splat-Nav Basic, repeatedly adding the same ge-
ometric primitive does not change the union of the sup-
ports, and thus the same boundary is maintained un-
der exact duplication. In contrast, formulations based
on accumulated probability or Gaussian overlap repeat-
edly include contributions at the same location, which
can shift the contact region relative to a fixed threshold.

In the proposed method, when the same Gaussian
is duplicated m times, the effective count N.g increases
accordingly, thereby mitigating multiplicity-induced ac-
cumulation. A small residual variation may remain with
the default setting v = 0.85, whereas v = 1 is theoreti-
cally invariant to exact duplication.

For the quantitative evaluation, the upper contact
boundary obtained from the 1x configuration is used
as the reference. At each identical x position, we mea-
sure the absolute distance between the reference bound-
ary and the boundary of the current representation
and average it over the interior of the wall to com-
pute the mean boundary displacement. Thus, this met-
ric does not measure absolute geometric error relative
to the ground truth; instead, it quantifies how much the
boundary of the same contact formulation shifts as the
representation changes.

As shown in Fig. 4(a), the boundary displacement
of all comparison formulations increases with sampling
density, whereas the proposed method maintains the
smallest variation across the entire density range. In
the exact-duplication experiment in Fig. 4(b), Splat-
Nav Basic maintains zero displacement because of its
primitive-union property, while the probabilistic and
overlap-based formulations exhibit increasing boundary
displacement as multiplicity increases. The proposed
method maintains only a small variation over the en-
tire duplication range even with the default setting v =
0.85.

sensitive methods exhibit larger variations. The pro-
posed method maintains a small displacement of 0.007
even at 8x duplication, which is approximately 91.1%
smaller than the 0.079 of the probabilistic variant.

Together, the two experiments show that effective-
count normalization improves robustness to both changes
in sampling density and exact Gaussian multiplicity.

5.3 Contact Normal and Rigid-Body Response

In addition to the position of the contact boundary, the
temporal continuity of the contact normal derived from
the boundary is important for rigid-body simulation.
Discontinuities in the normal directly affect penetration
correction, impulse direction, and contact torque, and
can therefore be amplified into trajectory and rotational
fluctuations during repeated contact.

To evaluate this behavior, we construct a Contact-
Normal Continuity scene, in which a rigid body remains
in continuous contact with a curved Gaussian surface,
and a Repeated Rigid-Body Response scene, in which
collision and re-contact occur repeatedly.

On the curved surface in Fig. 5, gradual normal ro-
tation caused by surface curvature is itself physically
expected. Accordingly, the objective is not to eliminate
normal variation, but to reduce abrupt switching that
cannot be explained by the underlying geometry.

In a primitive-based formulation, changes in the ac-
tive support can be directly reflected in the normal di-
rection as the rigid body moves between neighboring
Gaussians. The FOClI-style overlap formulation com-
bines multiple contributions but remains sensitive to
changes in the local overlap configuration. Using the
gradient of a single continuous field instead preserves
geometry-induced normal rotation while reducing abrupt
changes caused by the splat arrangement.

Fig. 6 evaluates how contact-normal variation af-
fects the actual rigid-body response. After entering the
curved surface, the rigid body undergoes repeated colli-
sion, sliding, and re-contact. In such a setting, contact-
point and normal variations accumulated over multiple
frames can have a greater effect on orientation and an-
gular response than an instantaneous contact error.

The existing methods exhibit relatively large fluctu-
ations in trajectory and rotation where the local Gaus-
sian configuration changes. Deriving the contact point
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Fig. 4: Quantitative evaluation of contact-boundary robustness. (a) Mean upper-boundary displacement under
Gaussian sampling-density variation. (b) Mean upper-boundary displacement under exact Gaussian duplication.
The 1x representation is used as the reference in both experiments, and lower values indicate greater robustness

to representation changes.

and gradient normal from the same continuous field
yields a smoother response under repeated collision and
re-contact.

The normal variation between two consecutive con-
tact frames ¢ — 1 and ¢ is defined as

A0M) = cos™! [clamp (n(t) Y 1, 1)} (66)

where n®) is the unit normal at the t-th contact
frame. Because a curved surface also induces geometri-
cally necessary normal rotation, A6, is used as a metric
for temporal continuity rather than as an absolute nor-
mal error.

The rigid-body rotational response is measured as

Aw® = |u® — D (67)

Because Aw is influenced not only by the contact
normal but also by the contact position, lever arm, im-
pulse magnitude, friction, and the current rigid-body
state, it is not expected to follow the same temporal
pattern as Af,.

As shown in Fig. 7(a), the existing methods exhibit
large normal spikes at several contact frames, whereas
the proposed method maintains a more gradual varia-
tion along the curved surface. Fig. 7(b) also shows that
methods with larger normal variation generally exhibit
larger angular fluctuations, although the temporal pat-
terns of the two graphs do not coincide exactly.

As summarized in Table 4, the proposed method re-
duces the mean contact-normal variation from 15.62 deg
for Splat-Nav to 5.79 deg, corresponding to a reduction

Method Mean A6, Max A6, Mean |Aw| Max |Aw|
(deg) (deg) (rad/s) (rad/s)
Splat-Nav 15.62 35.00 0.151 0.29
Probabilistic 12.79 27.00 0.125 0.23
FOClI-style 10.42 20.00 0.102 0.18
Ours 5.79 11.00 0.061 0.11

Table 4: Quantitative comparison of contact-normal
continuity and rigid-body rotational response. A, is
measured in degrees, while |Aw| is measured in rad/s.
For all metrics, lower values indicate a more stable tem-
poral response.

of approximately 62.9%. The mean |Aw]| is likewise re-
duced from 0.151 rad/s to 0.061 rad/s, or approximately
59.6%. The same trend is observed for the maximum
variations, and the proposed method also maintains
lower temporal fluctuation than the FOCI-style over-
lap formulation.

These results do not imply suppression of physically
required rotation; rather, the field preserves geometry-
induced normal and angular response while reducing
fluctuations associated with changes in the local Gaus-
sian distribution.

5.4 Comparison with Existing Gaussian-Based
Methods

To extend the preceding controlled experiments to more
complex Gaussian configurations, we construct three
heterogeneous scenes. The Mized-Density Curved Cor-
ridor combines curvature with spatial density varia-
tion; the Multi-Orientation Dense Junction contains
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Fig. 5: Comparison of contact-normal continuity on a
curved Gaussian surface. A rounded rigid body with
identical initial conditions is brought into contact with
a curved surface represented by nonuniform Gaussians.
Gradual normal rotation caused by the underlying sur-
face geometry is expected, whereas abrupt directional
changes induced by Gaussian switching or variations in
local overlap indicate contact-normal instability.

strongly overlapping Gaussians with different orienta-
tions, scales, and opacities; and the Reconstructed-Style
Obstacle Course combines planar and curved regions,
narrow passages, density transitions, and sparse arti-
facts within a single environment.

Within each scene, all four methods use the same
initial rigid-body state. Only the initial states across
different scenes are adjusted so that the rigid body suf-
ficiently traverses the corresponding geometry.

Figure 8 isolates a sparse-to-dense transition along
a curved surface. Primitive- and overlap-dependent for-
mulations directly reflect the local density change in
their contact condition, whereas effective-count normal-
ization maintains a more consistent field level set and
normal across the transition.

Figure 9 stresses orientation changes: anisotropic
Gaussians with different orientations strongly overlap
at a single junction, so the locally dominant support
can change rapidly. Integrating these contributions into
one continuous field reduces abrupt contact-direction
switching through the junction.

(b) Opacity-Scaled Probabilis-
tic Variant

\ "//)
" o ﬁ_’\é'?/ 4

e e e g et

(a) Splat-Nav Basic [26]

(c) FOCI-style Gaussian (d) Our method

Overlap [29]

Fig. 6: Comparison of repeated rigid-body collision re-
sponses. A rigid body with identical initial conditions
undergoes repeated collision, sliding, and re-contact
within a curved Gaussian environment. Because the
same impulse-based response solver is used for all meth-
ods, differences in trajectory and orientation reflect dif-
ferences in the contact points and normals obtained
from each contact representation.

Figure 10 combines density transitions, orientation
changes, narrow passages, and sparse artifacts in one
reconstructed-style environment. Because these config-
urations occur consecutively, small contact-point or nor-
mal variations can accumulate along the trajectory; the
same density-normalized field is used throughout with-
out configuration-specific retuning.

To compare temporal stability across the three scenes,
we use the mean contact-normal variation and mean
angular-velocity variation defined in Sec. 5.3.

As shown in Fig. 11, all methods exhibit their largest
variation in the Multi-Orientation Dense Junction be-
cause differently oriented and scaled Gaussians strongly
overlap within the same contact region. The density-
normalized field yields the lowest normal variation in
all three scenes.

The angular-response results follow the same overall
ranking, although the rate of change across scenes does
not exactly match that of the normal variation. This
is because the rotational response is affected not only
by the contact normal but also by the contact position,
lever arm, impulse magnitude, and current rigid-body
state.

Across the three scenes, the mean contact-normal
variations of Splat-Nav, the probabilistic variant, the
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Fig. 7: Quantitative comparison of temporal stability across contact frames. (a) shows the contact-normal angular
variation, A#,,, between consecutive contact frames, while (b) shows the rigid-body angular-velocity variation,
| Aw|. For both metrics, lower values and smaller temporal spikes indicate a more stable contact response.

4 A

(a) Splat-Nav Basic [26]  (b) Opacity-Scaled Probabilis-
tic Variant

- bj

(¢) FOCI-style Gaussian (d) Our method
Overlap [29]

Fig. 8: Comparison in a mixed-density curved corridor.
The scene combines a continuously curved contact sur-
face with spatially varying Gaussian sampling density
and local overlap. All methods use identical rigid-body
initial conditions and the same impulse-based response
solver within the scene. Differences in trajectory and
orientation therefore reflect the effect of each Gaussian-
based contact representation.

FOCI-style formulation, and the proposed method are
18.73, 15.63, 13.13, and 7.50deg, respectively. Thus,
the proposed method reduces the variation by approx-
imately 60.0% relative to Splat-Nav and by approxi-
mately 42.9% relative to the FOCI-style formulation.

p

(a) Splat-Nav Basic [26] (b) Opacity-Scaled Probabilis-
tic Variant

)
7//(\,,\/‘-7’?
7
(c) FOCI-style Gaussian (d) Our method

Overlap [29]

Fig. 9: Comparison in a multi-orientation dense junc-
tion. Multiple anisotropic Gaussians with different ori-
entations, scales, and opacities overlap around the same
junction. This configuration emphasizes contact switch-
ing and normal fluctuation caused by changes in the
locally dominant Gaussian support.

The mean |Aw| values are 0.169, 0.145, 0.122, and
0.068 rad/s, respectively. Accordingly, the proposed method
reduces this metric by approximately 59.8% relative
to Splat-Nav and by approximately 44.3% relative to
the FOClI-style formulation. The consistent trend across
three scenes with different levels of complexity indicates
that the stability of the proposed contact field is not
limited to a specific controlled benchmark.
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Fig. 10: Comparison in a reconstructed-style obstacle
course. The scene combines curved and planar sur-
faces, local density variation, narrow passages, over-
lapping Gaussian clusters, and sparse reconstruction-
like artifacts within a single environment. The exper-
iment evaluates whether each contact representation
maintains consistent rigid-body behavior under hetero-
geneous Gaussian configurations.

Mean A6, (deg) Mean |Aw| (rad/s)

Method C.C. bJ. O0.C. C.C. DJ. O.C.
Splat-Nav 14.8 22.5 18.9 0.124 0.214 0.169
Probabilistic 12.1 18.7 16.1 0.108 0.176 0.151
FOCI-style 10.4 15.6 13.4 0.091 0.148 0.126

Ours 6.3 8.7 7.5 0.057 0.079 0.068

Table 5: Quantitative comparison across complex Gaus-
sian scenes. Values report the mean contact-normal
variation Af,, in degrees and the mean angular-velocity
variation |Aw| in rad/s. Lower is better.

5.5 Parameter Analysis

The preceding experiments compared contact behav-
ior under various Gaussian configurations. This section
analyzes the role of density normalization and the be-
havior of the main parameters without introducing ad-
ditional visual benchmarks.

5.5.1 Effect of the Normalization Exponent -y
Following the duplication analysis in Sec. 4, Table 6

evaluates how the normalization exponent + controls
sensitivity to Gaussian multiplicity.

¥ 1x 2x  4x 8%

0.00 1.00 2.00 4.00 8.00
0.50 1.00 1.41 2.00 2.83
0.70 1.00 1.23 1.52 1.87
0.85 1.00 1.11 1.23 1.37
1.00 1.00 1.00 1.00 1.00

Table 6: Effect of the normalization exponent v under
exact Gaussian duplication. Values denote the theoret-
ical strength ratio A(™) /A = m1=7,

At 8% duplication, the strength ratio decreases from
8.00 for v = 0 to 1.37 for the default v = 0.85, while
~ = 1is theoretically invariant to exact duplication. We
use v = 0.85 as a compromise that strongly suppresses
multiplicity-induced accumulation while retaining part
of the collective support of neighboring Gaussians.

5.5.2 Effect of the Contact Threshold T

The contact threshold 7 determines the location of the
iso-surface of @py. A smaller 7 produces a more out-
ward, conservative contact boundary, whereas a larger
7 moves the boundary toward the Gaussian centers. We
use a single global value of 7 = 0.5 for all scenes and
density conditions. Therefore, the robustness observed
in the preceding experiments is not obtained by scene-
specific or density-specific threshold retuning.

5.5.8 Grid Resolution and Body Samples

The grid resolution determines the trade-off between
the spatial accuracy of the precomputed contact field
and its memory/preprocessing cost, while the number
of surface samples M determines contact coverage and
runtime query cost. In all experiments, we use a 112 X
80 x 112 grid and at most M = 512 surface samples.

A low grid resolution can increase interpolation er-
ror in thin or high-curvature regions, whereas an exces-
sively high resolution increases preprocessing and mem-
ory costs. Similarly, a small M may miss small contact
regions, while beyond sufficient coverage, increasing the
number of samples primarily increases runtime query
cost. Considering this accuracy—cost trade-off, we use
the above settings consistently in all experiments.

5.6 Real-Time 3D Interaction and Multi-Object
Evaluation

Finally, we apply the proposed method to actual three-
dimensional Gaussian scenes and triangle-mesh rigid
bodies. Rather than repeating the quantitative analyses
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Fig. 11: Scene-wise quantitative comparison of temporal contact stability. (a) Mean contact-normal angular vari-
ation and (b) mean rigid-body angular-velocity variation for the mixed-density curved corridor, multi-orientation
dense junction, and reconstructed-style obstacle course. Lower values indicate more stable temporal contact be-

havior.

presented above, this section focuses on 3D applicabil-
ity and a multi-object runtime stress test.

(a) Splat-Nav Basic [26]  (b) Opacity-Scaled Probabilis-

tic Variant

(c) FOCIL-style Gaussian

Overlap [29]

(d) Our method

Fig. 12: Real-time 3D interaction between a Gaussian-
splat Tree scene and the Stanford Dragon. The same
initial rigid-body state and response solver are used for
all methods. The magnified insets highlight local con-
tact behavior near the reconstructed surface, where the
proposed method maintains the most stable interaction
with the heterogeneous Gaussian representation.

For a static Gaussian scene, the contact field and
gradient are precomputed once before simulation, and
all subsequent rigid-body interactions reuse the same
field. The results in Fig. 12-14 are generated through
interactive real-time simulation without offline collision
computation or frame-by-frame field reconstruction.

Fig. 12 compares 3D collisions between a Gaussian-
splat Tree scene and the Stanford Dragon using the four
methods. The Tree scene provides a complex represen-
tation in which Gaussian density and orientation vary
substantially around branches and foliage. In particu-
lar, the magnified insets show that the primitive-level
and overlap-dependent formulations are relatively sen-
sitive to the local Gaussian distribution, whereas the
proposed method maintains a more stable interaction
while contacting the complex surface. This observation
indicates that the boundary and normal consistency ob-
served in the 2D controlled experiments also extends to
a 3D scene.

Fig. 13 uses the Stanford Bunny with different reconstructed-

style Gaussian geometries. Although the scenes differ in
spatial density and surface orientation, the contact pa-
rameters are not retuned for individual scenes. In both
examples, an arbitrary rigid mesh continuously collides
with and rotates against Gaussian surfaces with differ-
ent orientations in real time.

In Fig. 14, the single-object interaction is extended
to 20 dynamic rigid objects. Each object is initialized
with a different position, orientation, linear velocity,
and angular velocity, and an object that leaves the sim-
ulation domain is respawned above the scene. Thus, a
fixed number of dynamic bodies is maintained through-
out the simulation while continuously generating colli-
sion workload.
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(a) Initial and intermediate interaction states

re

(b) Interaction with a second reconstructed Gaussian scene

Fig. 13: Real-time rigid-body interaction in recon-
structed Gaussian-splat scenes using the Stanford
Bunny. The examples contain irregular surfaces, sparse
and dense Gaussian regions, and geometric struc-
tures with different orientations. The same density-
normalized contact representation is used without
scene-specific retuning.

All rigid objects share the same precomputed Gaus-
sian contact field, and independent field queries and
collision responses are performed only for the trans-
formed surface samples of each object. Therefore, the
runtime query cost increases with the number of dy-
namic objects, whereas construction of the static Gaus-
sian field is not repeated. The fact that real-time simu-
lation is maintained even while multiple complex mesh
objects continuously collide and respawn demonstrates
the practical applicability of the proposed method to
3D rigid-body interaction.

6 Discussion

The experiments suggest that representation density
should be treated as a nuisance variable when rendering-
oriented Gaussians are reused for physical contact. The
benefit of normalization is therefore not limited to exact
duplication: it is most relevant when reconstruction or
densification changes local primitive multiplicity with-
out a corresponding change in the intended physical

surface. Deriving both the boundary and its normal
from the same normalized field also avoids introduc-
ing a separate normal-estimation stage with potentially
different density sensitivity.

Density normalization is not intended to provide
complete invariance to all forms of representation vari-
ation. The default value v = 0.85 substantially reduces
multiplicity-induced accumulation while retaining part
of the collective contribution of neighboring Gaussians.
Although v = 1 provides theoretical invariance under
exact duplication, it does not guarantee complete ge-
ometric invariance for general GS representations in
which Gaussian position, covariance, opacity, and ori-
entation vary simultaneously. Moreover, rather than re-
placing accurate surface reconstruction, the proposed
method is intended to reduce the contact-representation
gap between a given GS representation and physics-
based interaction.

Because the effective count is computed from spatial
support rather than opacity-weighted contributions, a
large population of extremely low-opacity Gaussians
may overestimate local representation multiplicity and
locally reduce the normalized contact strength. Incor-
porating confidence- or opacity-aware effective counts
is therefore a useful direction for future work.

The current method has several limitations. First,
because the contact field is precomputed on a regular
grid, spatial accuracy and memory cost depend on the
grid resolution. Thin structures with high curvature or
small Gaussian features may require a higher resolution,
and this limitation could be addressed using an adap-
tive grid, sparse voxel structure, or hierarchical field
representation.

Second, contact detection is based on a finite num-
ber of sample points on the rigid-body surface. A very
small contact region may therefore lie between samples
and be missed. The current implementation uses up to
M = 512 surface samples together with a center query,
but adaptive surface sampling or continuous collision
detection could provide greater geometric coverage.

Third, to isolate the effect of the contact representa-
tion, we apply the same simplified impulse-based rigid-
body response to all methods. In particular, the rota-
tional response uses an average inverse-inertia approx-
imation computed from the diagonal inertia. Accord-
ingly, the goal of this study is not to validate the ac-
curacy of a high-fidelity dynamics solver itself, but to
evaluate the stability of the contact points and normals
supplied to the same response model. The proposed rep-
resentation can be combined in future work with a full
inertia tensor, manifold contact, or a constraint-based
solver.
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(a) Multiple rigid objects during continuous falling and contact

>

(b) Later state with redistributed objects and repeated contacts

Fig. 14: Real-time multi-object stress test in the Gaussian-splat Tree scene. Multiple rigid objects are spawned
with different positions, orientations, linear velocities, and angular velocities and continuously interact with the
same precomputed contact field. Objects leaving the simulation domain are respawned above the scene so that the
prescribed number of active rigid bodies is maintained throughout the simulation.

Fourth, the current implementation targets static
Gaussian scenes. Dynamic GS scenes in which Gaussian
positions or covariances continuously change require ad-
ditional updates to the contact field. This framework
could be extended to dynamic representations through
incremental updates or local field reconstruction re-
stricted to changing regions.

Fifth, the multi-object experiment in Fig. 14 con-
siders multiple rigid bodies interacting with the same
Gaussian scene, but pairwise object—object collision be-
tween rigid bodies is outside the scope of this study.
Such collision handling can be independently integrated
with existing broad-phase and rigid-body collision frame-
works and extended to large-scale multi-body simula-
tion in future work.

Finally, although 7 and ~y are fixed across all exper-
iments, their optimal ranges may differ substantially
across reconstruction pipelines or Gaussian parameter

distributions. Automatic parameter estimation based
on scene statistics or data-driven calibration therefore
represents a useful direction for future work.

7 Conclusion

This paper addresses the instability of contact bound-
aries caused by variations in local splat density and
multiplicity in Gaussian Splatting scenes and proposes
a density-normalized contact field to mitigate this prob-
lem. The proposed method normalizes the accumulated
Gaussian contribution using the effective local splat
count and uses the iso-surface and gradient of the re-
sulting continuous field as the contact boundary and
contact normal, respectively.

The experiments evaluate boundary robustness un-
der sampling-density variation and exact duplication,
normal/response stability under curved and repeated
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contact, and collision behavior under heterogeneous Gaus- 5. D. Chen, H. Li, W. Ye, Y. Wang, W. Xie, S. Zhai, N.

sian configurations. Additional 3D experiments using
the Stanford Dragon, Stanford Bunny, and multiple dy-
namic rigid objects demonstrate real-time physical in-
teraction in complex Gaussian scenes.

Future work will investigate adaptive field represen-
tations, dynamic Gaussian updates, continuous colli-
sion detection, and integration with more general rigid-
body solvers to support larger-scale and dynamic Gaus-
sian scenes.
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