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Abstract

Physics simulations are crucial for domains such as animation and robotics, yet they are limited to deterministic
simulations that require precise knowledge of initial conditions. Uncertainty often requires computationally in-
tensive sampling. This paper addresses this challenge by incorporating position and orientation uncertainty into a
rigid-body simulation. We formulate and compare four uncertainty propagation approaches: linearization, a sur-
rogate model, persistent sigma points, and local sampling. Our methods build on a penalty-based simulator with
a non-uniform sphere hierarchy for geometry approximation and collision detection. We evaluate these methods
against Monte Carlo sampling in collision-free and collision scenarios using the Wasserstein distance, and com-
pare their storage requirements. Across our test cases, the proposed methods are about an order of magnitude faster
than sampling-based baselines while preserving competitive accuracy. The surrogate model is the fastest, whereas
persistent sigma points achieve the best overall accuracy.
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1 INTRODUCTION future simulations are sampled since game engines are
not probabilistic (see Fig.1).

Physics simulations are central to predicting complex
scenarios but often fail to capture real-world unpre-
dictability, resulting in a “reality gap”. This gap stems
from computational models’ inability to capture every
nuance of physics and material properties, compounded
by deterministic simulators that yield identical, precise
outcomes. Sampling introduces variability by allow-
ing simulations to account for uncertain parameters,
thereby enhancing realism across applications such as
animation and robotics. For instance, software such as
Blender and SideFX Houdini uses sampling to refine
visuals for greater aesthetic and physical fidelity in ani-
mation. In robotics, sampling enables robots to foresee
and adapt to dynamic environments, optimizing their
actions for better decision-making [KNM*22]. Sim-
ilarly, recent research in cognition posits that people
possess an Intuitive Physics Engine (IPE) [SHS124],
analogous to a game engine, that simulates the world.
The IPE takes the current state of the world as input
and yields predictions about future states. In studies,

Figure 1: Teaser: (a) A robot drops a salt box into
a bin under positional uncertainty. (b) A sampling-
based mental simulation predicts possible outcomes us-
ing many rollouts, which is computationally expensive.
(c) Our method incorporates Gaussian uncertainty di-
rectly into the simulation and predicts the resulting out-
come distribution much faster than sampling.

To the best of our knowledge, prior work has not ad-
dressed uncertainty propagation for rigid-body colli-
sions in this form. Uncertainty propagation can be
performed analytically in cases where the transforma-
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tion function is linear, forming the mathematical ba-
sis for the Kalman filter. For non-linear functions,
however, uncertainty must be approximated in gen-
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eral. Monte Carlo sampling, for instance, increas-
ingly approximates the actual distribution as the num-
ber of samples grows. Other approximation methods
include function linearization or the use of a surrogate
model [AMGCO02].

This paper studies probabilistic rigid-body simulation
under Gaussian uncertainty in position and orientation,
where collisions make the dynamics strongly nonlinear
and challenging for standard uncertainty-propagation
techniques. We focus on penalty-based collision dy-
namics with non-uniform sphere hierarchies and inves-
tigate how such uncertainty can be propagated more ef-
ficiently than by repeated Monte Carlo sampling.

Our contributions are:

e A collision-aware linearization method that propa-
gates joint cross-body covariance through the full
rigid-body simulator.

* A square-root surrogate model that approximates
the growth of contact-induced uncertainty geometri-
cally by converting uncertain contact configurations
into velocity and angular-velocity uncertainty.

e A persistent sigma-point method that propagates
sigma points through the full simulator without
regenerating them after each time step, which is
empirically more stable in collision settings.

* A local sampling method that estimates collision-
induced force and torque covariance from pertur-
bations around the current contact configuration,
avoiding full trajectory sampling.

e A benchmark of all four approaches against Monte
Carlo baselines in collision-free and collision sce-
narios, comparing runtime, storage, and distribu-
tional accuracy using the Wasserstein distance.

2 RELATED WORK

Physics-based animation. Simulating rigid-body mo-
tion requires careful consideration of various parame-
ters, such as the initial positions, velocities, and stift-
ness of each object involved. It is also essential to
consider the surface normals at each collision. To bet-
ter model the inherent inhomogeneity of everyday ob-
jects, one solution is to incorporate parameter varia-
tions in simulations, resulting in a more authentic sim-
ulation [BHW96]. When a particular goal needs to be
achieved, gradient descent-based methods can be ap-
plied. However, collisions result in a challenge for gra-
dient methods because the motion changes abruptly.
This problem increases with more collisions, which
can make forms of sampling necessary. Other work
focuses on making sampling-based approaches more
interactively explorable [TJO7] and combining differ-
ent simulators [GJ22]. A simulator can be divided
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into two modules: collision detection and simulation.
The simulations receive and resolve the collisions pro-
vided by the collision detection and predict the next po-
sition of simulated objects. Physics-based animation
methods can be categorized into penalty-, impulse- and
constraint-based methods. The penalty-based meth-
ods use a spring-damper system to penalize penetra-
tions [TPBF87, TMOT12]. It is generally usable for de-
formable and rigid objects [JV0OO]. On the other hand,
impulse-based simulators apply collision impulses to
simulate physical interactions. Constraint-based ap-
proaches formulate collision and other mechanical con-
straints (e.g., joint constraints, non-penetration con-
straints) within a system of equations that must remain
satisfied at each simulation step [Wit97]. However, due
to the complexity and nonlinearity of these systems,
closed-form analytic solutions are generally not avail-
able. Instead, iterative solvers are used to approximate
solutions and ensure that the constraints are maintained
throughout the simulation.

Dynamics under uncertainty. Uncertainty-aware
simulation is closely related to recursive state estima-
tion, where the Kalman filter provides the canonical
linear-Gaussian baseline for propagating means and
covariances through system dynamics [Kal60]. For
nonlinear but still smooth models, Kalman-based
methods have typically relied either on local lin-
earization, as in the extended Kalman filter, or on
sigma-point propagation, as in the unscented Kalman
filter [JU97]. Sampling-based approaches such as
particle filters relax Gaussian assumptions and can rep-
resent multimodal posteriors, making them favorable
when uncertainty grows strongly under nonlinear dy-
namics [GSS93]. However, these classical estimators
are usually formulated for smooth state-space models
and, by themselves, do not account for event-driven
changes in the flow. This becomes critical in rigid-body
simulation, where impacts and contact changes induce
discontinuous velocity updates and strong sensitivity to
event timing. Additionally, as noted in [KPCJ21], the
number of particles needed might grow exponentially.
In the hybrid-systems literature, the saltation matrix
provides the first-order correction needed to propagate
perturbations across such discontinuities rather than
only through the continuous dynamics [KJPZJ24].
In contrast, we use a smooth penalty-based method.
Recent work extending Kalman-based estimation to
hybrid systems explicitly notes that comparatively
little work has addressed how probability distributions
propagate through hybrid transitions [KPCJ21]. A
significant difference from prior work is that we have
no external (sensor) measurements to fuse into the
uncertainty, so our uncertainty typically grows over
time.
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3 PROBABILISTIC RIGID-BODY SIM-
ULATION

In the following, we first define the rigid body state,
then describe the underlying physics model, and finally
present our methods for simulation under uncertainty.

3.1 State and Dynamics
Each rigid body is described by the mean state

x=(p,v,R,w), PeR??2 (1)

where p € R? is position, v € R is linear velocity, R is
orientation, and @ € R? is angular velocity expressed in
the world frame. The covariance P is defined over the
error state

sx=[sp" ovI 867 S0T], @

where 80 € R3 denotes a small orientation error ex-
pressed in the body frame.

The representation of uncertainty regarding a position
using Gaussian distributions is relatively straightfor-
ward, as the position in three-dimensional space is di-
rectly expressible as a vector of real numbers. These
vectors are well-suited to Gaussian statistics, where the
mean and covariance matrix can effectively describe the
dispersion of positions around a central point. How-
ever, representing uncertainty in rotation is more com-
plex. Rotation in three dimensions typically involves
parameters that must respect certain non-linear con-
straints, such as unit norm. This non-Euclidean nature
of the rotation space complicates the direct application
of Gaussian distributions, as the Gaussian model as-
sumes a linear space. One approach involves lineariz-
ing [AMGCO02] a parametrization, such as a quaternion,
using a Jacobian matrix, which is also necessary for
normalization. This process results in an effective 4x4
covariance matrix, which is difficult to interpret and vi-
sualize. However, a more recent method [LWMC12]
models the uncertainty within the tangential space of
SO(3) (set of all rotations), taking advantage of the Eu-
clidean properties of this space. We can transform el-
ements from the Lie algebra, denoted as w € so(3),
to the corresponding Lie group using the exponential
map, where exp(®) € SO(3). Conversely, elements
from the Lie group, represented as m € SO(3), can be
converted back to the Lie algebra using the logarithmic
map, log(m) € so(3). The Lie algebra of a Lie group
can be understood as the tangent space at the identity
element of the group. Therefore, rotations about a mean
rotation 6 can be sampled as follows: exp(€)6, where
€ ~ A (0,Lg) represents small rotations in the Lie al-
gebra.

The simulator consists of symplectic Euler integration
followed by discrete collision detection and resolution,
and can be viewed as a discrete-time transition function

X1 = f(X). (3)
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For simplicity we use linear damping of velocity and
angular velocity.

Heel

Figure 2: We use sphere packings, which approximate
objects for collision detection. (a) Pin with 100 spheres,
(b) Bunny with 1,000 spheres, and (c) Armadillo with
100,000 spheres.

3.2 Collision Detection and Response

We use non-uniform spheres to approximate polygo-
nal rigid bodies. An intersection test between spheres
has a negligible computational cost, and we gain in-
dependence of the polygonal resolution. An Apollo-
nian sphere packing is a fractal structure based on rules.
That idea was extended in [WZ10] to arbitrary 3D ob-
jects and is the algorithm we use to create a sphere
packing. It is a greedy algorithm that prefers larger
spheres. The result is a potentially space-filling sphere
packing (see Figure 2). The spheres do not overlap
and are entirely inside the 3D object. In the next step,
we compute for each sphere packing a bounding vol-
ume hierarchy as in [WZ09], where it is called Inner
Sphere Trees, that can detect intersection at haptic rates
for complex 3D objects.

When two rigid bodies intersect, we collect all over-
lapping pairs of spheres. Each overlapping sphere pair
defines one contact. For a contact &, the penalty force is
computed as

fi = kViny, 4)
where K is the stiffness, V} is the intersection volume of
the two spheres, and ny is the contact normal.

The resulting torque on rigid body i is

Tix = (e —pi) x i, &)

where ¢y is the contact point and p; is the center of mass
of the rigid body. The contact forces and torques are
summed over all contacts and then integrated explicitly:

Vier = v+ Arm W11 =0, + AL T (6)

4 OUR UNCERTAINTY PROPAGA-
TION METHODS
Table 1 provides a high-level comparison of the pro-

posed uncertainty propagation methods, that we intro-
duce in the next sections. The main differences lie in

http://www.wscg.eu

WSCG 2026, CSRN Vol. 3601



ISSN 2464-4617 (print)
ISSN 2464-4625 (online)

Computer Science Research Notes - CSRN

Method Mean update Uncertainty Cross-body corr. ~ Sep. int./coll.  Collision treatment
Linearization nominal full covariance yes no linearized
Surrogate nominal square-root, per body no yes surrogate
Persistent sigma points estimated full covariance yes no simulated
Local sampling nominal covariance, per body no yes sampled

Table 1: Overview of the four uncertainty propagation methods, comparing mean propagation, uncertainty repre-
sentation, cross-body correlations, separation of integration and collision handling, and collision treatment.

the uncertainty representation, the treatment of cross-
correlations between rigid bodies, and whether integra-
tion and collision handling are modeled jointly or sep-
arately. Additionally, beside the sigma-point approach,
our methods model the penalty force as a constant at
each contact point. Omitting this assumption introduces
additional uncertainty, which, in practice, results in sig-
nificant uncertainty along the contact normal for each
method, but the objects typically repel.

4.1 Linearization

Our first approach linearizes the non-linear transition
function in Eq. (3). Given a nominal state x; and a small
perturbation 0x;, we define

Ox,41 = g(0x,) = f(x, Bx,) B f(x). 7

Here, following the /B formulation of Hertzberg et
al. [HWFS13], H applies a perturbation to the nomi-
nal state and H maps the difference between two states
back to the local error-state representation. Linearizing
around 0x; = 0 yields

dg:

0x;41 ~ F,0x;, F, = 9ox .
1 16x,=0

®)

In practice, we have computed F; numerically by fi-
nite differences and also using automatic differentia-
tion, with only a slight difference in runtime but similar
accuracy. For two rigid bodies, we stack both local er-
ror states into a joint state 5x, = [(5x\")T (§x*)T]T e
R?* and propagate the full covariance P, € R**24,
whose off-diagonal blocks model cross-correlations be-
tween the bodies. The covariance is propagated accord-
ing to

PZ‘+1 = FtPtFtT (9)

To improve numerical stability, we apply two modifica-
tions to the physics function. First, the contact normal
from Eq. (4) is regularized as

n
|| +ri+r’
since direct normalization was found to cause large
covariance growth. Second, instead of resolving all
detected contacts, we retain only the contact with
the largest overlap volume for each rigid-body pair,
which significantly reduces covariance inflation.
This dominant-contact restriction is used only in the
linearization approach and the other approaches retain
and process all detected contacts.

i (10)
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4.2 Surrogate Model

The key idea of our surrogate model is to geometrically
approximate the deviation from the contact normal n
as a cone angle, as depicted in Figure 3. This angle is
subsequently used to calculate the tangential force com-
ponent at a contact point. The resulting tangential force
is then employed to scale the uncertainty perpendicu-
lar to the contact normal. Our surrogate model stores
uncertainty in square-root form. This helps to model
linear growth without the needed correlations in vari-
ance space. Instead of storing the covariance matrix P
directly, we store a matrix S such that
P=SS'. (11)
Given an initial covariance Py, we compute its symmet-
ric square-root factor by eigendecomposition
Pi=QAQ",  So=QA2Q". (12
For this model, we propagate each rigid body indepen-
dently and do not represent cross-correlations between
different rigid bodies. For the integration step, we use
the linearized single-body transition

0X; 11 ~ A, 6x;, (13)
with
I AT 0 0
10 M 0 0
A=lo 0 1 AtR/] (14)
0 0 o0
The square-root covariance is then propagated as
Sit1=AS. 15)

For collisions, uncertainty is injected directly in square-
root space. This yields approximately linear growth in
standard-deviation space and was found to be more sta-
ble than updating the full covariance directly.

For each contact between rigid bodies i and j, we first
estimate the uncertainty of the two contact points. Let
25; ) and Zg) denote the position and rotation covariance
blocks of body i, and let R; be its nominal orientation.
With local contact offset r; joc, the contact-point covari-
ance is approximated by

LS U P yUA A

Ji= _Ri[ri,loc]x- (16)
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Largest cone angle Tangential force after collision

f
[}
f1 = fsin0

Increase uncertainty that is
tangent to normal by tan.
Sphere B force

Figure 3: Illustration of the surrogate model. Top:
sampled sphere configurations after collision, showing
the spread induced by positional uncertainty. Bottom:
schematic of our surrogate idea, where uncertainty at
contact is converted into tangential uncertainty growth
using a cone-angle approximation.

Analogously, we obtain zﬁf )
relative contact covariance

for body j, and define the

T =20 420 (17)

Let u; and u; be the nominal world-space contact
points,

_ MR
1t = pll”
and let U = [u; u,] be an orthonormal basis of the tan-

gent plane orthogonal to n. Projecting the relative co-
variance into the tangent plane gives

n d=||pj — pll, (18)

Y7 =U'LqU. (19)

Let A1, A, be the eigenvalues of X7 with corresponding
principal directions uy,u,. The associated worst-case
angular deviations are approximated by

o = tan”! (ka\d/fk> , ke {1,2}, (20)

where k¢ is the chosen confidence multiplier.
Using the penetration volume Vj and stiffness k, we de-
fine the tangential square-root increment

. KVi Sin(OCk)
B 3

This term is added directly to the velocity block of each
rigid body,

V=ojuu/ +ouu,, O . (2D

S S +arm 'V, S S 4 A1V,
(22)

where m; and m; are the body masses.
Angular-velocity uncertainty is updated analogously
from the lever arm r; = ; — p; and the world-frame
inverse inertia tensor I;l :
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An analogous update is applied to body j. This up-
date is a approximation designed for stable uncertainty
growth during contact by injecting only the tangential
part of a local contact penalty scale. The angle o esti-
mates how strongly uncertainty in the contact config-
uration may tilt the contact direction away from the
nominal normal. We convert this angular deviation into
a tangential uncertainty increment by multiplying the
scale kV; /3 with sin(og) (see Eq. 21).

Because o = tan~ ! (kg /A /d), we have oy € [0,7/2)
and therefore sin(oy) € [0, 1). Hence, for fixed contact
stiffness and penetration volume, each tangential incre-
ment is bounded by

KV
OSO-k<Tk

(24)
The surrogate thus increases velocity uncertainty pro-
portionally to the estimated deviation of the contact nor-
mal, while preventing unbounded uncertainty injection
from a single contact update.

4.3 Persistent Sigma-Point Method

Our next approach is a sigma-point method inspired by
the unscented transform. For two rigid bodies, we use
the joint local state 5x; € R?*, resulting in 2141 = 49
sigma points. At initialization, the sigma-point offsets
are generated from the initial mean Xy and covariance
Py as

i i i=1,...
oxy) =0, oxf) =3t ST
-aj_,, j=n+1,...,2n,
(25
where A = [aj,...,a,] satisfies
AAT = (n+2)Py. (26)
The corresponding state sigma points are
x{) = %@ x). 27)

Unlike the standard unscented transform, we do not re-
generate sigma points after each time step. Instead,
the sigma points are propagated persistently through the
full simulator,

x =17,

= j=0,...,2n.

(28)
Empirically, regenerating sigma points during colli-
sions introduced large errors, whereas persistent sigma
points were significantly more stable.

After propagation, the mean is recovered from the
transformed sigma points using uniform weights
w; = 1/(2n+1). Consistently, we set A = 1 in Eq. 26,

0 0 . A\ so that the symmetric sigma point construction exactly
Sww < See + AL 1]« 3 (23)  recovers the initial covariance. Translational quantities
269 WSCG 2026, CSRN Vol. 3601
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are averaged linearly, while rotations are averaged per
rigid body using an iterative Karcher mean. Rotational
deviations are then mapped to R? with the quaternion
log map, and the joint covariance is reconstructed as

2n . .
Poy=Y wiox? ox/l. (29)
j=0

Because the covariance is reconstructed from the full
24-dimensional joint state, cross-correlations between
the two rigid bodies are captured implicitly.

4.4 Local Sampling

Our final approach also propagates each rigid body in-
dependently and does not model cross-correlations be-
tween different rigid bodies. As in the square-root sur-
rogate model, the collision-free integration step is prop-
agated with the linearized single-body transition
P =APA/ . (30)
To account for uncertainty introduced by collisions, we
estimate a local covariance increment by sampling per-
turbations around the current contact configuration. For
a contact between rigid bodies i and j, we draw samples
spl ~ A/ (0.PY), 8§60 ~ . (0,PL)), (1)
and analogously for body j, where P, and Pgg denote
the position and rotation covariance blocks.

For each sample, the penalty-based collision response is

evaluated using the perturbed contact geometry, result-

(s) (s
P T

. . 0) _(0
Using the nominal contact response (f<0)771(' ), T§» >) as
reference, we estimate the corresponding covariance in-
crements as

ing in sampled contact forces f*) and torques T

1 N
2= ; (£ —O) (£ — ¢ T (32)
L& (s s
L=y (@ -2 @ -1 33
1

and analogously for X,.

These quantities are then mapped to velocity and
angular-velocity covariance updates:

Py« P+ (Arm; )2y, (34)

Pl Pl APTIE T, 69

with an analogous update for body j. Hence, colli-
sion uncertainty is approximated locally by sampling
the variability of the contact force and torque induced
by the current state uncertainty.
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S EVALUATION

In this section, we compare our predicted distribution
with the Monte Carlo distribution, which we treat as the
ground truth. Our final distribution is modeled as a non-
isotropic Gaussian, whereas the Monte Carlo sampling
distribution is not necessarily Gaussian. To quantify the
discrepancy between these two distributions, we use the
Wasserstein distance. A key advantage of this metric is
that it does not rely on restrictive assumptions about
the underlying distributions. Moreover, it has a natu-
ral interpretation as the average distance that must be
transported to transform one distribution into the other,
or, equivalently, the amount of work required for this
transformation.

The main drawback of the Wasserstein distance is its
high computational cost. Therefore, we compute a reg-
ularized W, distance using the Python Optimal Trans-
port library [FCG*21, FVCC"24]. Since our predic-
tion is parameterized as a Gaussian distribution, we
generate samples from it to match the ground-truth dis-
tribution’s sample count. We then compute the Wasser-
stein distance between the resulting two discrete distri-
butions. For translational components, we use the Eu-
clidean norm as the ground cost, while for rotational
components, we use the geodesic distance measured in
degrees. Our computational results were generated us-
ing an Intel® Core™ i7-12700K CPU, and we are tak-
ing the last frame for comparison, which has the highest
dissimilarity.

5.1 Collision-Free Rigid-Body Motion

To validate the implementation, we first evaluate all
methods in a collision-free setting; the results are
shown in Table 2. In this case, uncertainty propagation
is close to linear. Therefore, for uncertainty in linear
velocity, the propagated distribution should theo-
retically be recovered without error, since Gaussian
distributions are closed under linear transformations.
This is reflected in the very small positional errors of
the analytic methods.

For uncertainty in angular velocity, a small error is still
expected due to the non-Euclidean nature of rotations
and the associated approximation in the rotational rep-
resentation. Nevertheless, these errors remain relatively
small compared to the collision scenarios considered
later. Overall, this experiment serves primarily as a
sanity check and confirms that the proposed methods
behave as expected in the absence of contact.

5.2 Rigid-Body Collisions

In the following, we evaluate our approach in terms of
performance and quality. We have simulated a colli-
sion between three 3D models: Armadillo, Bunny, and
Pin. A pair of objects approaches with an uncertain ini-
tial position (isotropic) and a certain velocity. There

http://www.wscg.eu
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Method Wi (position) | W (rotation) |
MC-100 0.0094 1.065
MC-50 0.0147 1.919
MC-10 0.0873 3.537
Surrogate 0.0021 0.792
Local Sampling 0.0021 0.792
Linearization 0.0021 0.781
Sigma-Point 0.0021 1.861

Table 2: Validation of collision-free uncertainty prop-
agation against a Monte Carlo ground truth obtained
from 1,000 samples. Reported values are 1-Wasserstein
distances measured after 4s. The first column reports
positional error for runs with uncertain initial linear ve-
locity; the second reports rotational error for runs with
uncertain initial angular velocity. Lower values indicate
better agreement with the ground truth.

Figure 4: Collision-free comparison between the Monte
Carlo ground truth (red, 1,000 samples) and samples
drawn from the Gaussian distribution predicted by our
linearization method (turquoise, 1,000 samples). (a)
Pin with uncertainty in the initial linear velocity. (b)
Pin with uncertainty in the initial angular velocity.

is no gravity or other collision, i.e., with a floor in-
volved. However, a linear damping for the velocity
is applied. We simulated 5s with a Ar = 0.01s. We
varied the number of spheres, the method, and posi-
tional sigma during the experiments. The models are
scaled to fit inside a unit sphere, so the objects are sim-
ilarly sized, and using the same absolute sigma for all
objects is therefore reasonable. We examine scenarios
with 10" spheres, where n = 1,2,3,4,5, corresponding
up to 100k spheres. The maximum sigma is 10% of the
max extent (0.1) and uniformly divided. This means
each object has the same absolute sigma. We use a sam-
pling approach for comparison, where 1k samples serve
as the ground truth. A visual comparison after collision
can be seen in Fig. 5.

5.2.1 Performance Analysis

We first grouped the results by object type and number
of spheres to evaluate the performance. Then, we ac-
cumulated the computation time of each frame for each
sigma. Fig. 6 shows the performance. In that plot, we
can see that the sampling approach scales linearly with
performance for different numbers of samples. On the
other hand, it stays almost constant for each sigma and
is therefore independent of it. However, our approaches
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Figure 5: Visual comparison between the ground truth
(1,000 Monte Carlo samples; black and red) and our
methods for two rigid bodies colliding under initial un-
certainty (o = 0.05). (a) Bunny with 1,000 spheres us-
ing local sampling. (b) Bunny with 1,000 spheres using
persistent sigma points. (c) Pin with 100 spheres using
linearization. (d) Armadillo with 10,000 spheres using
the surrogate model.

are up to 1-1.5 orders of magnitude faster than ten sam-
ples. The surrogate model is the fastest, followed by
the local sampling approach and linearization. The lin-
earization approach becomes faster when more spheres
are used. The reason for that is that it processes only
a single contact point. The sigma-point approach takes
the most computation, as expected. Also, the overall
computation time increases as the number of spheres
increases.

Pin 10 Bunny 1000
104;...,....,_ _Il Linearization
= LocalSampling
e Sampling10
102 —————— B — SampI!ng100
————| = Sampling1000
—— — | = SigmaPoint
e | = SUIrOgate
A e B o
o e s | 1 1
£
% Bunny 10000 Armadillo 100000
k| . T [
3
g10
o — /
o e
————
10— ¢ n
—
10° - 1 r -
P B | N B |
0.05 0.10 0.05 0.10
Sigma

Figure 6: Computation time over sigma for different
methods, objects with different numbers of spheres.
Our approaches take the least computation time.
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5.2.2  Quality Analysis

In Fig. 7, we see the average W, distance for each
sigma, with 1k samples as the ground truth. With more
samples, the similarity to the ground truth increases, but
not linearly. We can see that across all methods, the W
distances increase with larger sigma, as one would ex-
pect. Our surrogate model achieves similar accuracy to
using 10 samples for position and 5 for rotational ac-
curacy. Linearization and local sampling achieve even
better positional accuracy than surrogate, but they are
worse at rotational error. The sigma-point approach
achieved the best accuracy for position and rotation.
We can see that, in general, the relative error with re-
spect to Monte Carlo is larger for rotation than for posi-
tion. With the shaded regions for 10 and 100 samples (1
standard deviation), we can also see that, for the small-
est sigma, the rotational uncertainty is more difficult to
represent with Monte Carlo. It is wider than for the po-
sition beginning with the smallest sigma. We hypothe-
size that this is due to the computation of torque, which
involves a more significant compounding of uncertain-
ties, thereby making prediction more challenging. On
the other hand, this discrepancy might underscore the
importance of non-local contact information for accu-
rate angular prediction. However, the sigma-point ap-
proach had non-local contacts and achieved rotational
accuracy comparable to 5-10 Monte Carlo samples. We
think the reason is that we estimate a new mean and
covariance from it, whereas the ground-truth rotational
distribution is already much less Gaussian-like than for
position.

Position Rotation —— Linearization
0175 F T 5! —— LocalSampling
1 Sampling10
0.150 - Sampl?ngwoo
— =+ Sampling5
—=—- Sampling50
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£ —— Surrogate
£ 0.100
o
@
% 0.075
=
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O'OOOHH P B
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Figure 7: Average W distances to the 1k sampling dis-
tribution over sigma for different objects and number
of spheres, measured when objects stopped moving af-
ter collision. Left: positional W; distance (Euclidean
norm). Right: rotational W, distance (geodesic dis-
tance, degrees). Lower values indicate greater similar-
ity to the ground-truth distribution.

5.2.3 Storage Analysis

We compare persistent storage in terms of the number
of scalar values required to represent the current sim-
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Method Scalar count  Scalars for B =2
Monte Carlo (N samples) Nn, 26N
Linearization ne+ng 26+ 247 = 602
Surrogate ne+B-122 2642122 =314
Persistent sigma points (2ng +1)ny 49.26 = 1274
Local sampling ny+B-122 2642122 =314

Table 3: Persistent storage requirements, measured as
the number of scalar values required to represent the
current simulated distribution. Here B is the number of
rigid bodies, n, = 13B is the dimension of the stored
rigid-body state, and ng = 12B is the dimension of the
local error state used for covariance propagation.

ulated distribution in Table 3. This excludes static ge-
ometry data, such as sphere hierarchies, because it is
shared by all methods. Let B be the number of rigid
bodies, n, = 13B the dimension of the stored rigid-body
state, and ng = 12B the dimension of the local error
state used for covariance propagation. The difference
arises because orientations are stored as quaternions in
the mean state, while rotational uncertainty is repre-
sented in the tangent space. The counts assume dense
matrix storage.

For the two-body collision scenarios considered in our
evaluation, the proposed methods require less persis-
tent storage than high-sample Monte Carlo baselines
such as MC-100 and MC-1000. For example, MC-1000
stores 26,000 scalar values, compared with 602 for lin-
earization, 314 for the square-root surrogate and local
sampling, and 1274 for persistent sigma points.

More generally, per-body methods such as the square-
root surrogate and local sampling scale linearly with
the number of rigid bodies and remain more storage-
efficient than Monte Carlo for sample counts larger than
approximately 12. In contrast, methods that store joint
uncertainty, such as linearization with a full covariance
and persistent sigma points, scale quadratically with the
number of bodies. For sufficiently many bodies and a
fixed Monte Carlo sample count, these joint represen-
tations can therefore require more storage than Monte
Carlo.

6 DISCUSSION

Our results show that uncertainty can be propagated
through a rigid-body collision simulation substantially
faster than explicit Monte Carlo sampling, while also
achieving a competitive accuracy. The comparison
highlights a practical trade-off between accuracy and
efficiency: persistent sigma points provide the best
overall approximation quality, whereas the surro-
gate model offers the lowest runtime and remains
competitive, especially for rotational uncertainty.

Several modeling choices were made to isolate the core
problem of uncertainty propagation with rigid-body
collisions. = We consider penalty-based rigid-body
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dynamics with linear damping, but omit gravity, floor
contacts, and other external effects. The collision
experiments focus on pairwise object interactions with
controlled initial uncertainty, enabling a systematic
comparison of propagation methods but limiting the
direct generality of the reported results. Gravity itself
is not expected to fundamentally alter the collision-free
propagation of uncertainty, but it may increase the
frequency and complexity of subsequent contacts.
Floor interactions, repeated impacts, stacking, and
dense clutter would introduce longer contact sequences
and stronger sensitivity to contact timing, and are
therefore likely to challenge the proposed approaches
more severely than the two-body collisions studied
here.

The treatment of uncertainty during collisions also dif-
fers across methods. The linearization approach retains
only the dominant contact per rigid-body pair to re-
duce covariance inflation. In contrast, persistent sigma
points run through the full simulator and can capture
non-local contact effects. This distinction may help
explain the sigma-point method’s better rotational ac-
curacy. Rotational uncertainty is particularly challeng-
ing because torque depends on both force variation and
uncertain lever arms, causing approximation errors to
compound more strongly than for translation. This
interpretation is consistent with the quality analysis,
which shows that rotational Wasserstein distances are
generally larger than positional ones, and that sigma
points perform best overall.

The surrogate model is designed as a low-cost and sta-
ble approximation for capturing collision related un-
certainty growth. Its update is bounded by the lo-
cal collision-response scale, as discussed in Sec. 4.2,
thereby avoiding excessive uncertainty growth from a
single contact event. However, the model approximates
the effect of uncertainty on the contact normal direction
and does not explicitly account for cross-body correla-
tions. Nevertheless, the surrogate remains competitive
with low-sample Monte Carlo baselines while being the
fastest method in our evaluation, as shown in Figs. 6
and 7.

More broadly, this work should be viewed as a first step
toward a rigorous, uncertainty-aware rigid-body colli-
sion simulation. The design space is large, and our ex-
periments suggest that more expressive representations
do not automatically yield better approximations. For
instance, preliminary variants of local sampling with
joint cross-body covariance, although seemingly more
principled, were less stable and did not consistently im-
prove agreement with Monte Carlo sampling. This re-
flects the difficulty of propagating Gaussian uncertainty
through collisions.

Scalability and long-term stability are additional limita-
tions. The storage analysis shows that per-body meth-
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ods, such as the surrogate model and local sampling,
scale linearly with the number of rigid bodies. Lin-
earization with a full joint covariance scales quadrat-
ically, while the persistent sigma-point method also
has quadratic storage in our joint-state formulation, be-
cause both the number of sigma points and the size
of each propagated state grow linearly with the num-
ber of bodies. This suggests that joint representations
may become costly in larger scenes, despite their abil-
ity to preserve correlations. Over longer horizons, re-
peated collision events may also amplify model mis-
match and accumulate errors in mean and covariance
estimates. In general, evaluating stability over longer
simulations and testing scenarios with repeated contact
transitions would provide a stronger assessment of ro-
bustness. This is particularly relevant in collision sce-
narios, where the resulting distribution may become
non-Gaussian after contact. Nevertheless, our experi-
ments show that, for the controlled scenarios consid-
ered here, a single Gaussian representation can still pro-
vide good agreement with Monte Carlo. Extending the
framework to include mixture models or adaptive sam-
pling strategies may further improve accuracy when a
single Gaussian representation becomes insufficient.

7 APPLICATION TO ROBOTICS

The proposed uncertainty propagation methods are par-
ticularly relevant for autonomous agents operating in
unstructured environments. When an embodied agent
interacts during everyday activities, its sensory obser-
vations are inherently limited temporally (e.g., will the
placed object fall?), spatially (e.g., where is the han-
dle?), and informationally (e.g., no depth for trans-
parent object). This sparsity increases the semantic
entropy within bottom-up data-driven approaches, of-
ten leading to brittle behaviors. Insights from human
cognition suggest that humans overcome these limita-
tions by utilizing mental simulation, emulating the hid-
den dynamics of manipulated objects through an inter-
nal physics engine [ZGF"20]. However, as we have

Figure 8: Uncertain simulation enabling safe and suc-
cessful robot manipulation. Probabilistic anticipation
of object states after self-interactions and with the
robot.

demonstrated, such mental simulations are only reliable
if they account for uncertain physical parameters that
cannot be directly observed. By embedding positional
and contact uncertainty into these simulations, the agent
can leverage the resulting physical knowledge. Our fast
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uncertainty-aware simulation allows the robot to antic-
ipate the behavior of objects after interactions, be it
object-object or object-robot in realtime, and then es-
timate the pose of these objects, which is essential for
safe and successful grasping [KK25].

8 CONCLUSION AND FUTURE
WORK

We presented four methods for rigid-body simulation
with positional and rotational uncertainty and compared
them against Monte Carlo sampling, which is compu-
tationally expensive but commonly used as a baseline.
Our results show that the proposed methods are sig-
nificantly faster while still achieving competitive accu-
racy. Among them, the surrogate model is the fastest
and performs well for rotational uncertainty, whereas
the sigma-point method gives the best overall accu-
racy. Linearization and local sampling also achieve
strong results, especially for position. Overall, the re-
sults suggest that uncertainty can be handled directly
during rigid-body collision simulation without relying
on a large number of costly samples. In future work, it
would be interesting to combine the speed of the surro-
gate model with the positional accuracy of local sam-
pling, and to explore richer uncertainty representations
such as multi-modal distributions or learned models for
rotational uncertainty prediction.
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