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Figure 1: Alternating Spatial-Temporal optimization exploiting smart point sampling results in real-time continuous collision detection
between arbitrary complex signed distance fields. From left to right, our numerical method is illustrated: Starting from an initial sparse
sampling, it quickly discards non-converging local minima (purple dots), while optimizing for the closest points (blue dots) and selects the
earliest time-of-impact among all points (green dot). This results in time of impact computations on the order of 1 ms on a single CPU core.

Abstract

We present a fast, robust method for continuous collision detection (CCD) directly between pairs of complex signed distance
fields (SDFs). By casting CCD as an alternating spatio-temporal optimization and driving a small set of smartly sampled surface
points along SDF tangent spaces, our approach avoids dense sampling or triangle meshes entirely. The result is real-time
SDF-SDF time-of-impact queries—often within 1 ms on a single CPU core—even for highly detailed, non-convex geometry
undergoing fast spinning motion. This is, to our knowledge, the first practical CCD method operating directly on SDF pairs.

CCS Concepts
* Computing methodologies — Collision detection; Physical simulation; Animation;

1. Introduction tion (CCD) can be employed to either guarantee no false negatives

Collision detection is a fundamental component of many compu- (missed collisions) or, at the very least, drastically minimize them.

tational systems, including physically based simulation, computer

graphics, and robotics. Achieving accurate Discrete Collision De-
tection (DCD) without penetration remains a challenge, as it is in-
herently prone to missing collisions. Continuous Collision Detec-

Many shape representations exist, such as convex hulls, spheres,
or other primitives. While these provide real-time performance,
they are unable to accurately represent many shapes. CCD be-
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tween triangle meshes, while popular, is challenging to apply in
real-time applications if the shape is too detailed. Signed Distance
Fields (SDFs), on the other hand, are able to approximate detailed
shapes while encoding the signed distance from any point in space
to the nearest surface of the shape. This provides several particu-
larly attractive properties, such as the distance value yielding pene-
tration depth and proximity information. Further, the gradient field
provides a smoothed surface normal field, which is convenient for
defining contact normals for collision resolution, a feat that is tricky
with many other representations.

Performing Continuous Collision Detection between a pair of
Signed Distance Fields (SDFs) would be advantageous for real-
time performance over methods like CCD between triangles, since
the CCD problem can be reformulated to depend on the features of
the shape, not the number of triangles. We seek a method that, given
two SDFs and their motions over a time interval, computes the ear-
liest time of contact for any feature of either SDF. This is quite
challenging as determining contact at a given time requires identi-
fying the point in space of closest approach between the SDFs. As
the objects move, and especially under rotational motion, the loca-
tion of this closest point found by a global spatial search can change
abruptly, so it is typically non-smooth in time. This is further com-
plicated by the SDF often being non-linear and non-convex. Hence,
taking naive or existing SDF approaches and extending them to
CCD is impractical, as one would need a rather fine-grained point
sampling or high-resolution triangle meshes of their surfaces to not
miss any closest points in the time-of-impact computation, and con-
sequently, the search for closest points would be computationally
intractable with such a dense fixed surface point sampling. This
fundamental barrier is what our approach attacks by taking a dif-
ferent viewpoint of the sampling as a moving point sampling.

To deal with the nonlinearity and complexity of continuous col-
lision detection between two arbitrary signed distance fields, we
adopt an optimization process to formulate a generic novel model
of the problem. We carefully tailor the model to be agnostic towards
an initial sampling by allowing the model to improve on the sam-
ple point location during the resolution of the time-of-impact. This
is much inspired by Macklin et al. [MEM*20] who applied local-
optimization on triangle faces to deal with under-sampling issues in
discrete point vs signed distance field collision. Our approach deals
with the sampling issue in time as well as relieves us completely
from needing triangles. The simplicity of our solution is to derive a
mathematical optimization model of the problem where there is no
concept of triangles and where sample points are allowed to move
tangentially along the zero level set of a signed distance field. We
summarize our novel contribution in this work:

e We present a novel optimization model for the time of impact
between two SDFs by incorporating a tangent space motion.

e Our tangent space optimization component relieves sampling
challenges, and we present a point-SDF representation that ag-
gressively cuts down on the number of needed samples.

e We demonstrate the new approach on highly complex high-
resolution examples undergoing both linear motion as well as
fast spinning motion, and discuss the numerical optimizations
needed for real-time interactive computation.

2. Related Work

General overviews of continuous and discrete collision detection
are given by ANDREWS et al. [AEF22] and MIRTICH [Mir96].
These works also cover conservative advancement, collision re-
sponse, broad- and narrow-phase strategies, and contact generation.

For rigid polyhedral bodies, CCD methods commonly operate
directly on triangle meshes. KiM et al. [KRO3] approximate relative
motion by screw-motion segments and detect vertex/triangle and
edge/edge contacts via root finding, later extended by REDON et al.
[RKLMO04] to articulated models using dynamic bounding-volume
culling and swept volumes. ZHANG et al. [ZRLKO07] use Taylor
models to reduce the number of conservative advancement checks
for articulated bodies. BROCHU et al. [BEB12] introduce a geomet-
rically exact CCD for triangle meshes that guarantees to produce
correct boolean results (significant collision or not), but is compu-
tationally expensive and is unable to achieve real-time performance
for many triangles. Deformable geometry introduces additional dif-
ficulty due to changing topology. TANG et al. [TKM10] propose a
deforming non-penetration filter based on coplanarity conditions,
while TANG et al. [TMT10] introduce a local advancement using
motion bounds on primitives, avoiding higher-order polynomial
solvers. Their method supports self-collisions and arbitrary poly-
gon soups. HARMON et al. [HVTGO08] address the complementary
problem of collision response under simultaneous contacts.

Given the variety of triangle-based CCD methods available,
WANG et al. [WFS*21] collect popular methods into a large-scale
benchmark and provide a provably conservative bisection-based
algorithm with tight inclusion functions. This avoids false nega-
tives and limits false positives, but is slower than WANG et al.
[WTTM15], which trades some false positives for significantly bet-
ter runtime through Bernstein Sign Classification with floating-
point arithmetic. Together, these methods show the recurring trade-
off between runtime, false positive rate and even false negative rate
that motivates alternative representations. Notably, triangle repre-
sentations cannot practically achieve real-time performance for the
geometric complexity we target, since their cost scales with triangle
count rather than the shape’s intrinsic features.

Parametric surface representations, such as that proposed by
CHEN et al. [CYN*24], can be advantageous for smooth geometry.
Here, the convex hull property of parametric surfaces is exploited,
and linear motion of control points is assumed over time, yield-
ing an inclusion-based CCD method eliminating the need to subdi-
vide time. For surfaces with many sharp features, however, triangle
methods remain competitive, which motivates the SDF method we
adopt. Convex representations can be highly efficient; for example,
YUAN et al. [YXYS25] show that they can outperform equivalent
triangle meshes by a factor of 12, while preserving accuracy by
decomposing non-convex meshes into smaller convex meshes. The
performance advantage diminishes for more geometrically detailed
meshes. Our method is able to achieve similar or even better run-
times, while not being constrained to a convex decomposition. For
a restricted set of six specific primitive convex types, TRACY et
al. [THM23] achieve performance in the range of 6 — 11 us, with
collision constraints enforceable to machine precision.

Point-SDF methods represent one object as a signed distance
field and the other as a point cloud. This is most directly related
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to our work. XU et al. [XB17] model each point’s motion as a line
segment and detect intersection with the SDF by traversing an oc-
tree storing per-node minimum and maximum signed distance val-
ues, reporting runtimes of 0.7 ms for simple geometry and 9.9 ms
for detailed shapes. Their method, however, requires a sufficiently
dense point sampling to avoid missing sharp geometric features,
a challenge our work addresses by allowing points to move along
the surface of the SDF. Our method achieves a 44 x speedup on
the same geometry. A related approach is taken by PELLETIER-
GUENETTE et al. [PMA25], which represents one body as a tri-
angle mesh and the other as an SDF. Similarly to our approach,
they perform a spatio-temporal search constrained to individual tri-
angles to find the earliest time-of-impact at approximately 26 us
per triangle, but are able to discard many triangles via an acceler-
ation structure. In comparison, our method uses around 40 us for
a whole Stanford bunny. Their method achieves an accuracy on
the order of 107 to the true time-of-impact, roughly 100 better
than ours. This accuracy is usually required for applications such
as haptic rendering, while our accuracy is suitable for game-like
applications. The substantial accuracy gap may be attributable to
the potential use of analytical SDFs, which can yield significantly
more precise distance queries and gradient estimates.

Discrete SDF-SDF collision detection has been explored by L1U
et al. [LZW*24], who decompose both SDFs into AABBs, con-
struct shallow octrees at their intersections, and with a gradient
method search for maximum penetration depth between the two
surfaces. This is, to our knowledge, the only prior work on direct
SDF-SDF collision detection, and it serves as an inspiration for our
starting point selection strategy.

3. A Spatial-Temporal Optimization Approach

Our idea is to start from a sparse set of sample points restricted
to the surface of one body, and perform gradient-based spatio-
temporal optimization of their positions to locate the first time-of-
impact (TOI) at which both SDFs evaluate to zero.

Let B; and B, denote a pair of bodies each undergoing motion
determined by linear velocity V. and angular velocity ®c around the
center ¢ of the body. For continuous collision detection, we seek
the earliest time 7 € [fsrarr,feng] at which the two surfaces of B
and 3, touch at any point. We denote this contact point as x; € R>.
This must be the earliest point in time when the two surfaces meet.
Let 05(¥) : R® — R denote the signed distance to the surface
of the body B. Then the earliest point of contact X; must satisfy
both ¢, (¥;) = 0 and ¢, (X;) = 0. Thus, our optimization problem
becomes spatio-temporal: Minimize the signed distance of a point
X; over time ¢ between both surfaces:

X0 = argr;li;l ((1)5] ()?,)2—1—(1)52()?,)2) (1
st 0, (%) >0, )

0, (%) >0, 3

te [tslartvtend]v 4

Here, t.,4 > tstarr > 0. A collision occurs only if the global min-
imum for ¢ leads to both ¢p, (X;) = 0 and ¢, (%;) = 0. The non-
negativity constraint for ¢ (¥;) is important, as squaring the signed
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distances makes the objective non-negative while preserving the
location of any zero-valued minima. Any strictly positive global
minimum implies the trajectories are intersection-free over the in-
terval. Here, the subscript ¢ indicates temporal dependence, as X is
the point evaluated in time 7; thus, the model simultaneously op-
timizes for the earliest TOI and the spatial location that achieves
it.

Solving the aforementioned optimization problem for a single
point is challenging: Due to the possibility of non-convex surfaces,
gradient-based solvers would struggle to find a global minimum
and often converge to a local minimum. Discretizing the surface
into points with some uniform spacing, like fast Poisson disk sam-
pling [Bri07], and using those points as starting points for our opti-
mization, would likely have at least one point converge to the global
minimum, but as explored by XU et al. [XB17], this approach can
be slower, as it requires a sufficiently dense sampling to properly
capture all geometric features of the surface. An advantage of this
approach is that for a sufficiently dense sampling, the spatial search
can be skipped. We instead propose to carefully sample a few points
that reduce the risk of converging to a local minimum. This sam-
pling should be much faster than dense sampling, although each
point now requires a more expensive spatio-temporal search.

A key design decision is to fix all search points to the surface
of By by projecting the points onto it. Enforcing this for all start-
ing points results in the constraint ¢z, (¥;) = 0 being trivially ful-
filled. If the bodies are not intersection-free, the global minimum
must lie somewhere on By; therefore, restricting the spatial search
to the surface of By does not exclude true contact solutions. Conse-
quently, we argue that choosing the starting points at the extrema of
B, only is sufficient to find the point that leads to a solution close to
the global minimum, since, as illustrated in Figure 2, choosing too
few starting points increases the risk of getting trapped in a local
minimum on B; due to its local surface features.

3.1. Signed Distance Field Representation

To facilitate spatial-temporal search, we use a Signed Distance
Field: Consider a three-dimensional body. Let ¢ be its signed dis-
tance field, i.e. the function ¢ : R> — R such that ¢(¥) yields the
signed distance to the body; note that the set {¥ € R* | ¢(%) = 0}
forms the surface of the body. Further, the gradient of an SDF,
Vo(x) € R, satisfies || Vo (%) ||= 1; consequently, the surface nor-
mal at a point X is given by 7i = VQ)(x_)'. These properties hold ex-
actly for an analytical SDF; on the discrete grid representation we
use, VO(X) is approximated by finite differences and carries the
same discretization error as the SDF values themselves. This con-
nects directly to our minimization problem: The zero level set de-
fines the constraint surface on which our sample points must lie,
and the gradient V¢(X) provides the normal used to project points
back onto that surface and to compute the tangential spatial step.

Our optimization problem requires frequent evaluations of the
signed distance to both SDFs, so we rely on extremely fast SDF
queries. Although many SDF representations exist, we intention-
ally adopt a regular uniform grid representation, being a discrete
sampling of the true SDF, rather than more space-efficient struc-
tures such as Octrees, OpenVDB or NanoVDB [FPRJ00; Mus13;
Mus21]: Since runtime-performance is desired, a regular grid rep-
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(1.b) Algorithm’s found TOI 7
by searching on the triangle.

(1.a) Start pose for running the
algorithm on an extrema point
leading to a global minimum.

=0 t=T7
X0 X0

(2.a) Start pose for running the
algorithm on an extrema point
leading to a local minimum.

(2.b) Algorithm’s incorrectly
found TOI 7 by searching on the
triangle.

Figure 2: In (1.b), the algorithm uses the correct starting point se-
lected at one of the extrema. This leads to the algorithm finding the
global minimum. In (2.a), a starting point at a different extremum
is used. Observe how in (2.b), the spatio-temporal search for the
selected extrema point can get stuck at one feature of By, thus con-
verging to the wrong local minimum, leading to penetration.

resentation is absolutely unparalleled in terms of lookup, as a grid-
lookup is an index-computation followed by a single array access
(with some trilinear interpolation if our sample point does not co-
incide with a point in the regular grid). However, this choice comes
at the cost of memory usage, which rapidly increases when the grid
resolution increases, where more efficient structures can reduce
storage by one to three orders of magnitude. We did not explore the
use of neural representations of SDFs as in [PFS*19], since their
inference costs are anticipated to impede real-time performance;
our proof-of-concept implementation therefore uses regular grids.
However, neural representations remain a promising avenue to ex-
plore, as they provide significant benefits, such as substantially re-
ducing memory usage, providing more accurate gradients, and con-
tinuous signed distance point queries.

Further, we chose not to use analytical SDFs due to their inability
to easily represent arbitrary triangle meshes. While our proof-of-
concept implementation depends on discretized grids, our method
is easily adaptable to any of the discussed SDF representations.

3.2. Smart Point Sampling

Since each point will be subjected to a spatial search, convergence
typically occurs at geometric extrema of the surface. In particu-
lar, when contact generation is required, failing to include start-
ing points in all relevant extrema may result in missed contacts.
We therefore design a sampling strategy that targets extremal sur-
face features, while working for geometries without clearly distin-
guished "peaks" or "valleys". To facilitate this process, we use a
discretized grid: Here, detection of extrema is simple. If the SDF is
represented analytically, neurally or similar, we suggest temporar-

ily constructing a discretized grid (e.g., octree-based), to be used
solely for generating starting points. These initial points are com-
puted once as a preprocessing step and reused throughout the simu-
lation. Extrema are identified directly on the discretized grid. A grid
point is classified as a local maximum if its value is strictly greater,
along at least one coordinate axis, than the values of its neighbour-
ing samples. Note that all neighbouring points and the grid point
are projected onto the closest point on the isosurface. Similarly,
a point is declared a local minimum if it is strictly smaller than its
neighbours along at least one axis. Selecting only local maxima and
minima is insufficient for shapes such as a flat plane, which do not
exhibit any extrema under the above criteria. To ensure adequate
point coverage in such cases, we expand our sampling procedure:

e Subdivide the SDF into N* uniformly sized voxels. Retain only
those voxels that intersect with the isosurface and discard the
remainder.

e Analyze the surface of the SDF and select points based on the
following criteria:

— Identify all extrema on the isosurface and select starting
points at the extrema. These are the points that are most likely
to collide with the other SDF.

— If no extrema are found within a voxel based on the above
criteria, select the center of the voxel and project that point to
the closest point on the isosurface.

e Finally, to ensure there is a minimum distance between points,
those closer than a threshold are pruned, as they would likely
converge to the same time-of-impact and therefore provide re-
dundant searches. The discrete nature of the grid can provide
some noise, leading to multiple points selected in close proxim-
ity, making this step a requirement.

A contact cannot be missed when the sampling covers the full
isosurface of the discretized SDF. Complete isosurface coverage is,
however, stronger than necessary: Flat regions need only one start-
ing point, since gradient descent from any position on a flat region
converges to the same local minimum. Similarly, a sphere requires
only two starting points, one at each pole, as these are the only
locations where descent can reach a local minimum. The extrema-
based strategy is a sparse approximation to this exhaustive sam-
pling, one that works well empirically, but the reliability argument
rests on surface coverage rather than extrema alone. The number
of samples therefore provides a direct quality-performance trade-
off: More samples improve robustness, while fewer reduce runtime
cost. Should a miss for our extrema-based sampling, however un-
likely, actually occur, it would be difficult to detect at runtime, as
the case in which no collision occurs in the search interval, and
one in which a collision occurs but all starting points converged to
non-contacting local minima looks identical.

For completeness, we list the time it takes to preprocess the start-
ing points in Table 1. This is not part of the runtime cost, and can be
pre-baked for any real-life application. Hence, we have not sought
to optimize this part of the work.

3.3. The Numerical Optimization Method

Restricting the spatial point search to By offers several advantages:
If the SDFs undergo large angular motion, non-projected spatial
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Grid resolution 643 1283 256° 5123
XYZ-Dragon 6.11847ms  49.0732ms  420.896 ms

3187.86 ms

Table 1: Total computation time for finding extrema on the SDF for
grid sizes. Observe linear scaling with resolution.

points could move too quickly away from B towards B,, leading
to empty regions on 31, which could be where the global minimum
lies. Instead, even with a large spin, constraining the points en-
sures they follow the motion of By, guaranteeing the points do not
move too far off-course. It also serves as a simplification to the opti-
mization problem. By always projecting the spatio-temporal search
point X; to the surface of 51, we ensure that ¢z, (X;) = 0. For SDFs,
the projection is based on the gradient and distance to the SDF:

Xty < Xt = 05, (%) VOB, (%). )

Each point should move towards the closest feature of B,, while
sticking on 3;. While it is possible to have the spatial step move in
B,’s gradient direction, the projection can prevent the point from
making any progress. Thus, in the spatial direction, the point moves
towards the closest point on the surface of B, while moving along
the tangential plane of B;. The temporal direction is based on how
quickly X; is moving towards 5;:
v X1)-V X o>

¢ﬁzv<¢zil (f?)T\IZ( Vo5, (%) (©)
Vog, (%) - Vi

Here, ¥; is the velocity, which depends on the simulation type. For
rigid body simulations, like ours, the instantaneous velocity for the
point on a rigid body whose center is at C, with a linear and angular
velocity Ve and @, is:

d(x) = Vo5, (%) -

Vt:VC+(Y)Cx(fz—C) (7)

However, this is under the assumption that only B; is moving. If
both are moving, we compute the relative velocity:

Vrel = (i"Bl +6:)31 X (zf 7CB])) - (VBZ +6:)Bz X (55[ 7("32))5 (8)

0z, (xt) >0
[ @ 0 d
7 98,(w)=0 0, (%) =0

Figure 3: A point moving with a linear velocity. Note how there
are two possible positions the point can take in its trajectory, where
the distance to the isosurface is exactly zero, but the first point is
the only correct choice. Using backtracking line search risks tak-
ing overly large steps initially, ending up on the wrong side of the
sphere, as visualized with the red point.

Optimizing the objective function in Equation 1 presents a sub-
tle problem: As visualized in Figure 3, given a sample point mov-
ing in time, there can be multiple local minima in which both 5
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and 3, yield a signed distance of zero, while lying on different
sides of the surface. This ambiguity undermines standard adaptive
step size strategies, such as backtracking line-search. Usually, those
start with a large step size value until the Armijo conditions are sat-
isfied; however, the first large step size might cross to the wrong
side of the SDF, yet still cause the line search to accept this step,
since it appears the point is moving closer to the objective.

We employ projected gradient descent to optimize the objective
function: Gradients are cheap to compute, and must be sampled
multiple times per search point. Further, it is easy to enforce the
constraint of having points projected to the surface of B;. How-
ever, with a constant temporal step size o, too high a value risks
overestimating the TOI, while too low a value can lead to slow
convergence. A step size o that leads to an accurate TOI would re-
quire unacceptably many iterations. To mitigate this, we multiply
o by 03,, as this acts as an adaptive step size: When the bodies are
far away, the temporal step will be large, while close bodies would
take tiny steps. The temporal step size, scaled by ¢, is bounded by
the distance to the isosurface, which avoids divergence in practice.

We provide Algorithm 1 for performing the gradient descent.
When running the algorithm on each point, we keep track of the
best time-of-impact found so far. This is then fed to subsequent
points, and if a point’s TOI exceeds the current best, we discard it.
This halved the runtime without affecting accuracy. Note simulat-
eVertexPosTo(x,t) transforms point x from the body’s pose at fsrarr
to its pose at time ¢, using the body’s linear and angular velocity.

ALGORITHM 1: Gradient Descent SDE-SDF
Input: Time range fyq+ and t,,4, starting point xg, step size o,
temporal step size P, best time of impact 5, found for any point so
far.
I: 1o < Istart
2: x;'[ — simulateVerteXPosTo(x%, to)
3: for i = 1 to max iterations do
4 if t; > tpes OY t; > 1,4 then
5 discard point
6: end if
7:  Compute v;; as Equation 7 or 8
vos, (5;)-ves, ()
2
[ves, (+)]

*®

Ax Vo, (x,) — Vo, (%)

9: xff] exfif(x-Ax
. i+1 i+1
10: A<+ Vg, (4) - viog, (x)
11: iy = clamp(t; + B~ At tyart s tona)
12: leﬂ — simulateVertexPosTo(x}i+l Jticl)
. i+1 i+1 i+1 i+1
130 xh <X, — 05 (x;iﬂ) Vos, (x;m)

14: ifop, (x;’:}) < ¢ then

15: break

16: end if

17: if|(l,'+1 —l,‘)‘-‘rl(l,ur] —ti,1)| < e then
18: discard point

19: end if

20: end for

3.4. Optimizations Resulting in a Threefold Speedup

To optimize the algorithm, we employ several strategies, which,
when combined, yield an average speedup of 3 x:
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1. We employ the conservative advancement discussed in [Mir96]
to create a tight upper bound for how far in time our body can
travel based on its linear and angular velocity and its bound-
ing sphere. It thus yields the earliest possible time two bodies
are able to meet. This method guarantees no false negatives, but
will, in almost all cases, provide a false positive. However, this
is well suited to our case: Computing the earliest possible time
is a natural starting time for all points used in our algorithm.
This reduces the time range necessary to search for all points.

2. We employ an inexpensive search to obtain the point most likely
to hit the SDF first: Compute ¢p, (xp) for all points, then se-
lect the point that yields the closest distance to the isosurface,
and use its computed time-of-impact as an upper bound (the
end of the time range) for all remaining extrema points. If an-
gular velocity is present, the points selected should be the one
most likely to reach B, first during angular motion, which can

08, (%)

Vo, (%) ¥

3. While processing each point sequentially, keep track of the ear-
liest TOI computed so far, then always use the best TOI found
as the upper bound in the TOI-search for all subsequent points.

be computed based on

We initially designed the method to evaluate both orderings of
the pair B; and B,. After computing the TOI for the original or-
dering, By and BB, were swapped, and the TOI was computed using
starting points for B,. However, this additional step did not yield
any meaningful improvement in accuracy and thus was left out.

3.5. Re-using starting points for Contact Generation

Our point-search method offers an additional advantage: Because
we hypothesize that the number of contacts needed is limited to
the number of extrema, all starting points converging to the earliest
time-of-impact can be stored and reused directly as a multi-contact
set. The voxelisation we proposed is vital for this, as otherwise the
number of available contact points may be insufficient; for exam-
ple, when contact happens between two perfectly planar surfaces.
Contact generation is cheap, incurring only negligible overhead to
compute the contact normal, and the contact point and penetration
depth are already available from the CCD query.

4. Results

To the best of our knowledge, no other CCD method for SDF pairs
has been reported. The closest related work found is a point-SDF
approach by XU et al. [XB17]. Like our method, it uses random-
ized testing and reports results on the Stanford Dragon and Bunny.
The reported runtimes are: Bunny: 0.7 ms and Dragon: 9.9 ms. The
work does not provide a quantifiable error analysis measuring how
the computed CCD queries approximate the true time-of-impact.
Their method does, however, compute an exact continuous test be-
tween a trilinear interpolated implicit function and a line segment.
We therefore expect it to be more accurate than ours, although some
of the loss in our method is an inherent consequence of discretizing
the SDF grid, particularly in the gradient approximation.

All benchmarks were run on a Linux laptop with an 8-core 16-
thread Ryzen 7735HS CPU and 20.5 MB cache. We only use one
core. We excluded benchmarks involving multiple pairs and re-
stricted our experiments to pairwise testing. Although broad-phase

strategies such as spatial hashing or temporal BVHs are important
in a full CCD pipeline, they are not the focus of this work and would
only add noise to the benchmarks. Instead, we focus on non-convex
geometry with high geometric complexity and sharp features, us-
ing models with equivalently high triangle counts, as these both
expose limitations and capabilities of our method on challenging
geometry. Further, all meshes are scaled such that they are 1 meter
wide. Points closer than 5% of the geometry-size to other points are
pruned, and a voxel size of 53 are used for all experiments.

ATOI Min Max Mean Avg. Runtime
Dragon —7.53-107°  9.06-10~*  6.96-1073 0.225 ms
Armadillo —1.12-1073  7.66-1073 9.53.107° 0.203 ms
XYZ-Dragon —1.33-10—3 1.52-1073 4.93.107° 0.277 ms
Bunny —5.04-107*  1.03-1073  7.21-107 0.040 ms

Table 2: 2000 shape pairs (Dragon, Armadillo, XYZ-Dragon, and
Bunny) with a static shape in the center. We benchmark our Gra-
dient Descent method for SDF-SDF CCD. Ground truth is estab-
lished by simulating in At = 107° steps and using finer steps when
contact is detected. We measure mean, min, and max differences
between the ground truth and our algorithm’s computed time-of-
impact, as well as average runtime. Accuracy is close to ground
truth across all bodies despite varying geometric complexity.

4.1. Accuracy of CCD-SDF

Most tests are randomized: For each test, we generate 2000 pairs of
the same specified shapes (e.g., dragon, armadillo, and others), with
randomized positions, orientations and velocity. The linear velocity
has a magnitude (such as 100m/s), split randomly into the compo-
nents of the vector. The ground truth of when the pairs collide is
compared with the time-of-impact returned by our algorithm. To
obtain reliable results, we choose the random configurations such
that most pairs collide within the prescribed time interval.

ATOI Min Max Mean Runtime
Float32 —1.32-1073 1.72-1073 541-107° 0.241 ms
Float64 —1.33-1073 1.52-1073 4.93-107° 0.277 ms

Table 3: Comparison of single- and double-precision arithmetic
with respect to closeness to the ground-truth TOI for 2,000 seeded
pairs of dragon shapes randomly propagated toward a static SDF.
Observe how the accuracy only decreases slightly, while the run-
time improves. Here the grid discretization error of gradients and
gradient descent approximation errors dominate.

Ground truth is computed from the isosurface of the grid: We
collect all discrete points on the isosurface, then advance both bod-
ies in small increments Ar = 10~° according to their angular and
linear velocity. At each step, all isosurface points of one body are
sampled against the other SDF to test for penetration. If penetra-
tion occurs for any one of the points, we restart the search from the
last non-penetrating configuration with time-steps of 10~°. This
process is refined once more with steps of 10~'2 to obtain a more
precise estimate of the contact time. It should be noted that this
ground truth is itself an approximation: It is based on the isosur-
face of the discretized SDF, not the true analytical time-of-impact.
The reported errors are therefore relative to this approximation.

© 2026 The Author(s).
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Since we extract and test all isosurface points, runtime must be
measured separately from accuracy evaluation against ground truth;
otherwise most of the grid would be cached, making runtime appear
significantly better than it is. The randomized tests use only Stan-
ford meshes: Bunny, Dragon, XYZ-Dragon, and Armadillo, with a
maximum of 100 iterations and all optimizations from Subsection
3.4. We use the interval fseart = 0 and teg = 1, a step-size-o. = 0.1,
and a temporal step-size of 1.0. In Tables 2, 3, and 4, all bodies are
assigned random linear velocities with a magnitude of 100 m/s, no
angular velocity, and randomized start configurations.

Unless otherwise noted, all tables use 64-bit precision. However,
as shown in Table 3, runtime can be improved slightly at lower
precision with only a tiny loss in accuracy. This is a surprisingly
small difference: We hypothesize that the dominant source of error
is the gradient approximation on the discretized grid and the gradi-
ent descent error, rather than floating-point precision. Using 32-bit
precision is therefore attractive, as it halves the memory footprint,
provides a modest speedup of 1.15x, and is better suited for GPU
implementations. The trade-off is a slight decrease in accuracy.
Table 2 reports the accuracy of the method on a range of shapes
with varying geometric complexity. The bunny, being the simplest
shape, requires only a small number of starting points and therefore
achieves a significantly lower runtime than more complex models.

4.2. Scalability of points

We hypothesize that our method’s runtime is dependent on the
number of extrema the shapes contain, rather than the number of tri-
angles or the SDF resolution. While our method’s runtime is depen-
dent on the number of points, due to all optimizations employed,
the runtime should scale more slowly than the number of points
used. We show in Table 4 that the number of triangles is not as im-
portant as the number of points, and that many high triangle-counts
can be represented using significantly fewer points than vertices.

Scalability Total triangles ~ Points used ~ Runtime  Avg. Iterations
Dragon 871414 380  0.225 ms 2.14
Armadillo 345944 388  0.203 ms 1.87
XYZ-Dragon 7218906 594 0.277 ms 2.37
Bunny 1500 43 0.040 ms 4.23

Table 4: Scalability of points in terms of execution time for the
entire algorithm, averaged over 2000 shape pairs, randomly shot
towards a static SDF. Observe how fewer points often lead to im-
proved runtime. The number of starting points does not necessarily
scale directly with the number of triangle, due to the adaptive sam-
pling strategy of the approach. As a result, performance is more
dependent on the shape than the representation itself. This sepa-
rates the visual representation, such as a triangle mesh, from the
collision detection discretization, being point samples and SDFs.

4.3. Angular vs Linear Velocity

For this experiment, the step-size-f is 1.1 to avoid using too many
iterations while still preserving accuracy. The maximum number of
iterations is increased to 200, since a few points may struggle to
find a time-of-impact when angular velocity is present.

© 2026 The Author(s).
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Studying the effect of angular velocity on our method is impor-
tant, since points travel based on the gradients of both SDFs. When
bodies spin significantly, their poses at the initial guess #y and true
time-of-impact 7 may differ substantially. As a result, the points
may initially take a step in an incorrect direction. Near the actual
TOI, this can require additional steps to travel to the solution, and
we therefore expect a higher iteration count, and consequently, a
worse average runtime. In practice, however, large angular veloci-
ties are uncommon. We therefore separate the effects of linear and
angular motion by reporting the linear velocity on its own.

Table 5 shows that the method takes significantly longer when
angular velocity is present than when it is absent. Observe how the
magnitude of the velocity scales with the proximity to the solu-
tion. Here, higher velocity values correspond to a closer approx-
imation to ground truth. For linear velocity alone, we observe a
slight speedup once the search interval shrinks.

Linear  Angular

(/s) (radls) Min Max Mean Runtime
15 15 —429-1073  7.55.1073 9.41-107%  0.861 ms
150 150 —2.64-1073  6.03-10~* 4.19-1075  0.824ms
1500 1500 —3.83-107%  1.37-1074 8.76-10"7  0.941 ms
15000 15000 —8.45-107°  1.00-107° —4.56-10"°  0.939 ms
15 0 —9.44.1073  6.76-1073 1.54-10~*  0.277 ms
150 0 —8.37-107%  3.71-10~* 1.68-107%  0.263ms
1500 0 —8.55-107*  3.51-1075 —2.83-107° 0.257 ms
15000 0 —8.65-107>  2.61-107°® —7.84-107° 0.249 ms

Table S: Scalability of points in terms of linear and angular veloc-
ity, with 2000 random XYZ Dragon-XYZ Dragon pairs. We measure
mean, minimum, and maximum differences between the ground-
truth and our algorithm’s computed time-of-impact. Observe that
when high angular velocity is present, the algorithm’s average run-
time increases, compared to the case with only linear velocity.

4.4. Effect of grid resolution on accuracy and runtime

Since the computed gradient is obtained using a finite-difference
approximation, increasing the grid resolution is expected to im-
prove the accuracy of the solution, but worsen execution time, as
the likelihood of points being cached from previous runs’ iterations
decreases. Further, finer details in the mesh may emerge, increasing
the likelihood of reaching a local minimum. We wish to investigate
the importance of an accurate gradient for the algorithm. In these
tests, all bodies have the same linear velocity of 50 m/s and no an-
gular velocity, but random start configurations.

Table 6 shows the runtime increases with the grid size. Our CPU
has 20 MB cache. Here, 128> grid uses 16 MB and fits in cache, un-
like the 256> , which uses 128 MB. However, the runtime only wors-
ens slightly, likely due to the outer layers of the grid being sam-
pled significantly more; consequently, most samples are in cache.
A 512° grid uses 1 GB, so cache misses are frequent, worsening
runtime performance.

4.5. Convergence Behaviour

We aim to provide a fair characterization of the convergence be-
haviour of our algorithm. Following the same randomized bench-
marking strategy used in the previous experiments, we perform 100
runs and report two separate convergence measures.
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Grid Size Min Max Mean Runtime
643 —2.49.1073  9.78-10* —1.27-10=>  0.193 ms
1283 —2.75-10—3  5.94.1073 9.98-1075  0.303 ms
2563 —6.68-10—3  1.49.1073 3.59-107°  0.325ms
5123 —6.67-1073  8.95-10~* 2.93-107°  0.386 ms

Table 6: Performance of the same XYZ Dragon-XYZ Dragon SDF
pair for different grid sizes, compared to our ground truth method.
We measure mean, minimum, and maximum differences between the
ground-truth and our algorithm’s computed time-of-impact. Ob-
serve how the runtime is not affected much when we increase the
resolution, but the accuracy improves. This is unsurprising as most
query points lie outside the discretized domain of the SDF, so the
points on the outer layers are accessed repeatedly, keeping this rel-
atively small portion of the grid in the CPU cache.

First, we compare the predicted time-of-impact against the
ground truth time-of-impact at each iteration of starting points until
convergence. For each of the randomized runs, we only select the
starting point that led to our method’s earliest predicted TOI and
discard all other starting points. This avoids including noisy start-
ing points arising from early exit or worse TOI estimations. The
plot should show how quickly the method approaches a nearby so-
lution, with most iterations being small refinements. Figure 4 shows
that, in most cases, the method converges rapidly to a solution close
to the ground truth, typically within 5-7 iterations.

We further evaluate algorithmic convergence by tracking the
starting points, until they satisfy ¢, (x;;) < e. We exclude starting
points that terminate via early exit, or exhibit no temporal progress.
The remaining points from all runs are collected into a convergence
plot in Figure 5. Here we see the error decreases at a similar rate as
in Figure 4, although some cases require substantially more itera-
tions. Nevertheless, most points converge in only a few steps before
reaching a point sufficiently close to SDF ;.

Convergence plot for starting points over 100 runs (LOCF)

0.012
Interquartile range (25-75%)
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Figure 4: Quartile convergence plot for 100 runs. For each run,
convergence is measured using the starting point that yields the
earliest predicted time-of-impact. Notice how the algorithm rapidly
finds a TOI very close to the true TOI, before converging.

4.6. Ablation study

Our previous benchmarks established that extrema-point sampling
yields reasonable time-of-impact estimates. However, we have not

Convergence plot for starting points over 100 runs (LOCF)
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Figure 5: Quartile convergence plot for 100 runs. For each
run, convergence is measured over all starting points satisfying
OB, (x1,) < €. Observe, how convergence is mostly achieved within
10 iterations, although some points uses substantially more.

yet experimentally assessed whether it is necessary to sample all
extrema points. To investigate this, we reduce the number of points
until the method clearly fails. We expect some loss in accuracy,
but since starting points may travel far from their initial positions,
removing only a few points should rarely affect the estimated TOL.

Points Min Max Mean Runtime
594 —1.33-1073  1.52-103 4.93.1075 0.277 ms
367 —721-1073  2.65-1073 6.32-107° 0.231 ms
155 —834.1073 4.82-1073 2.69-10~*  0.079 ms
31 —6.09-1073  7.46-10=3 9.35.10~* 0.021 ms
1 —1.36-1073  8.66-10~1 239.1072  0.004 ms

Table 7: Performance of 1000 random seeded XYZ Dragon-XYZ
Dragon SDF pairs for a decreasing amount of starting points. We
compare our methods’ computed time-of-impact with our ground
truth method. Min and max denote the minimum and maximum dif-
[erences between our method and the ground truth across all runs,
while mean denotes the average difference. Observe how the accu-
racy decreases when the amount of points are only reduced slightly.

We use the XYZ-dragon, containing the largest number of ex-
trema in our test set, and use a linear velocity magnitude of 100m/s.
In Table 7, we evaluate the method using the same seeded 1000
randomized start configurations. The results show that the method
remains surprisingly accurate even as the number of starting points
is reduced significantly. Although accuracy decreases as points are
removed, it could be considered usable in some applications. When
one starting point is used, it fails to detect that two bodies meet.

4.7. Robustness: A Full Simulation Scenario

We set up a scene intended to reflect a typical use-case. The scene
consists of a large ground box measuring 4m in each dimension.
Four meters above the ground, an XYZ-dragon is launched toward
a static XYZ-dragon placed 8m away, with an angular velocity of
50 rad/s and a linear velocity of 16 m/s. We simulate the scene for
300 frames and visualize every frame superimposed onto one image

© 2026 The Author(s).
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Figure 6: The entire trajectory over 300 simulation frames super-
imposed into one image.

in Figure 6. The moving dragon initially collides with the static
dragon, then bounces and subsequently collides with the ground.
Due to the bounce and the high angular velocity, it contacts the
ground twice before being launched upwards at approximately 1s.

Dragon-Ground pair and Dragon-Dragon pair over time

100 5 M

1024

—— Dragon-Ground pair
—— Dragon-Dragon pair

CCD Query time (ms)

0.0 0.5 1.0 15 20 25 3.0
Simulation time (s)

Figure 7: A simulation of a static box-ground SDF and a moving
XYZ-dragon SDF shot towards another XYZ-dragon over 300 sim-
ulation steps with a time step of 0.01s. Observe how only a few
steps near the contacts require around Ims, whereas remaining
steps complete in only a few hundred nanoseconds. This is due to
conservative advancement skipping entire simulation steps.

Pairs Mean > 0.0l ms  Max time (ms) Mean time (ms)
Dragon-Ground 0.5644 ms 1.1116 ms 0.0606 ms
Dragon-Dragon 0.7828 ms 1.1961 ms 0.0653 ms

Table 8: A simulation of a static box-ground SDF and a moving
XYZ-dragon SDF shot towards another XYZ-dragon over 300 sim-
ulation steps with a time step of 0.01s. In addition to mean runtime
over all simulation frames, we report the subset of frames whose
runtime exceeds 0.01ms, since conservative advancement cannot
skip the full time step for those frames. We further report the max-
imum runtime found across all 300 frames. Even for the frames
exceeding 0.01 ms, observe how the mean runtime remains slightly
below that reported in Table 5 for comparable velocities.

Figure 7 shows that the method spends significant time at con-
tacts. However, it also spends time searching for a time of im-
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pact near a contact, but where no contact occurs within the sim-
ulated time step. This is expected, since conservative advancement
is designed to remain conservative; thus, near potential contacts, it
cannot safely advance across an entire time step, and our method
must search to determine whether there is a time-of-impact in those
steps. Table 8 reports timings for both object pairs in the scene.

4.8. Comparison with PhysX

PhysX is built for real-time performance in applications such as
games, where speed is valued over exact geometric accuracy.

Figure 8: Two moving dragons shot against each other, shown at
the time of contact, with a linear velocity of (200, 0, 0) m/s. Observe
how they find the exact same correct contact point.

Simulation for Convex Hull vs SDF with XYZ-Dragons

103
102
ERLL
o
E
=10
]
< 10t
8 —— SDF representation
© 102 —— 396 hulls
—— 6886 hulls
1073

0.00 0.05 0.10 0.15 0.20
Simulation time (s)

Figure 9: Twwo moving dragons launched against each-other with a
linear velocity of (200, 0, 0) m/s, shown at the time of contact. Ob-
serve how the runtime approaches a second for 6886 convex hulls.
Despite one contact happening only at 0.04s, PhysX spends a large
runtime for the remaining steps, potentially because conservative
advancement could be applied to individual convex hulls.

Our method operates under similar constraints targeting fast
CCD queries rather than exact solutions, making PhysX a relevant
comparison as it reflects typical real-time CCD usage. This allows
us to assess whether our method provides advantages under simi-
lar performance constraints encountered in real-time applications.
Since PhysX does not support CCD for triangle meshes or SDF
pairs directly, we approximate each body using convex decompo-
sition. Because PhysX does not expose isolated CCD query tim-
ings, reporting them only as part of the broader contact resolution,
we control the experimental setup to minimize ambiguity: The two
bodies make contact at a single point with only two convex compo-
nents colliding, as visualized in Figure 8. We report only the CCD
query time for our method, excluding contact resolution.

We simulate two identical XYZ-dragons launched toward each



10of 12

other with a linear velocity of (200,0,0) m/s and zero angular
velocity. We evaluate a high-resolution (6,886 hulls) and a low-
resolution (396 hulls) decomposition. We note that PhysX may not
be optimized for large convex decompositions, and results should
be interpreted with this caveat in mind. As shown in Figure 9, our
method outperforms even the low-resolution convex decomposition
in runtime, and as visualized in Figure 8, the contact is found at the
same point. The high-resolution decomposition, while still a poor
approximation of the original mesh, incurs runtimes approaching
one second rendering it impractical for real-time use.

5. Discussion

As shown by our experiments, our approach is limited by the ac-
curacy of numerically estimated gradients in regular grid-based
SDFs as well as the linear convergence rate of gradient descent.
Overall, this means our approach can rarely exceed an accuracy
of 10~ under limited compute resources. This is acceptable for
real-time game-like applications and even permits single-precision
arithmetic, yielding substantial memory savings and reduced com-
puting times. Our results also open up questions about improving
accuracy: Our optimization approach opens up a range of gradient-
type numerical methods and their different tradeoffs, such as rank-
one quasi-Newton methods, BFGS, or similar. One may even pur-
sue a Hessian-based approach to get to a full Newton method.

Our experiments further suggest that gradient estimation from
discrete SDFs plays an even more significant role. They are cheap
to evaluate, and they are sufficiently efficient to get very close to
the accurate results. We speculate it may be interesting to have a
technique that can use the poor accuracy but fast gradients at a dis-
tance, but as one gets closer to a contact, more expensive and higher
accuracy techniques can be used. Our method can quickly reduce
the number of feasible sample points that can end up as potential
contact points. Hence, for the much-reduced number of feasible
sample points, a more expensive technique can be afforded without
significantly reducing the overall running time.

As shown experimentally, larger grids increase runtime due to
worse caching. Our CPU has 20 MB cache, though much of today’s
hardware offers less, so runtime may worsen for smaller grids on
hardware-scarce platforms. Future work should therefore explore
alternatives to regular grids, such as octrees, which represent fine
details with less memory: Individual lookups may be slower, but
fitting more of the SDF in cache could improve overall runtime.

We currently do not provide a GPU implementation. We have at-
tempted to structure the method so that it can be adapted to GPUs as
easily as possible. However, the algorithm depends on processing
points sequentially in order to maintain the best time-of-impact so
far and feed it to other points for early exits, making straightforward
parallelization difficult. The benefit of the sequential early exit is
that points processed later use an already refined upper bound. In
a concurrent execution, all threads begin their iterations before any
bound has been established: Once one thread computes an upper
bound, other threads have consumed many unnecessary iterations
that would have early exited. In practice, the first few starting points
require many iterations to converge, but once a valid TOI-upper
bound exists, subsequent points terminate in far fewer iterations.

One may improve parallelism by identifying the point most
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likely to contact with the SDF, compute its time-of-impact, and
then use that estimate as an early exit for the remaining points. This
trades some performance, for making points parallelizable. On the
other hand, GPUs are well suited for regular grid representations,
since 3D textures and hardware-accelerated trilinear interpolation
may make point-sampling substantially faster. In this work, we fo-
cus on CPU-based implementation because, for games and training
simulators, GPUs are often reserved for visual effects. That said,
GPU implementations would be interesting to investigate for appli-
cations such as physics Al, DRL, and robotics training.

Most other deformable collision detection work based on SDFs
uses a local transformation based on mapping model coordinates
to spatial coordinates. That mapping emerges naturally from the
tetrahedral mesh used for a deformable simulation method. Hence,
our approach can use the same technique for mapping our sample
points into the undeformed space that stores the SDF in the model
coordinates. Alternatively, if fast SDF recomputation is available,
that can be used to update the SDFs. That approach is not feasible
with our current use of a regular dense grid. A narrow-band or neu-
ral representation may be better suited for this purpose. Our tech-
nique does introduce the complication that, as surfaces deform, we
need to ensure that our point sampling stays on the surface of the
model. However, SDFs provide a natural back-projection capabil-
ity that eliminate any drift from the deforming surface. Even non-
optimal back-projection is not a major concern, as our optimization
approach would simply trace and move the point sampling on the
deformed surface afterwards. As such, our optimization approach
may even be more attractive if adaptive SDFs are fast enough. It
would entirely eliminate any mapping between local undeformed
model coordinates and spatial deformed world coordinates.

Most state-of-the-art rigid body simulators use a first-order semi-
implicit time-stepping approach, which lets us treat motion as a
screw motion between time endpoints; the assumption exploited in
Equation (7). Using higher-order or more implicit methods would
require incorporating the effects of forces. This is a current limita-
tion in our work, as with many other simulation frameworks.

6. Conclusion

We have presented a novel method for continuous collision detec-
tion between signed distance field pairs, typically achieving run-
times below 1 ms. By formulating CCD as a spatio-temporal opti-
mization problem, our method solves for time of impact using gra-
dient descent over a sparsely sampled collection of starting points
on the SDF, together with an effective adaptive temporal step-size.
Since no standardized benchmark suite exists for SDF pairs, we
evaluated the method using randomized configurations and veloci-
ties to assess its robustness across a broad range of cases and to re-
duce the likelihood of missing important potential edge cases. Our
experiments show that sampling only geometric extrema points is
sufficient, and in practice, relatively few points are necessary even
for geometrically detailed meshes. Across all tested meshes, the
method consistently produced time-of-impact estimates close to the
true time-of-impact. Overall, the proposed approach robustly han-
dles both simple and complex geometry in real-time on a single
CPU core. While our experiments indicate that missed collisions
and tunnelling are unlikely, we do not provide a formal guarantee
that they cannot occur.
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7. Supplementary Experiments
7.1. PhysX repeated with angular velocity

We simulate two identical XYZ-dragons launched toward each
other with a linear velocity of (200,0,0) m/s and an angular ve-
locity of (200,0,0) rad/s. We evaluate two convex decompositions
of differing fidelity: A high-resolution decomposition (6,886 hulls)
and a low-resolution decomposition (396 hulls). We again note that
PhysX may not be fully optimized for large convex decomposi-
tions, and results should be interpreted with this caveat in mind. As
shown in Figure 10, our method is quite similar to low-resolution
convex decomposition in terms of runtime close to contact, but is
much faster when separated. The high-resolution decomposition,
while still a poor visual approximation of the original mesh, in-
curs runtimes approaching one second, rendering it impractical for
real-time use. For both CCD methods, there is not much difference
compared to the absence of angular velocity in Figure 9.

7.2. Analytical SDFs
7.2.1. Sphere

As theorized, if our method is sound, the time-of-impact solution
for an analytical sphere SDF should be found with little to no error
using only two starting points at each pole, for any sphere con-
figuration. Unlike prior experiments, we no longer have to rely on
approximate time-of-impact, as finding the point of contact now
becomes analytically solving a quadratic equation. Thus instead of
only relying on 2000 runs, solving the quadratic equation and us-
ing only two starting points, means we can increase this number
drastically. We ran the experiment twice: Once without conserva-
tive advancement and once with, and we observed no difference in
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Figure 10: Two moving dragons launched against each other with
a linear velocity of (200, 0, 0) m/s and an angular velocity of (200,
0, 0) rad/s, shown at the time of contact. Observe how the run-
time approaches a second for 6886 convex hulls. Despite one con-
tact happening only at 0.04s, PhysX spends a large runtime for
the remaining steps, potentially because conservative advancement
could be applied to individual convex hulls.

results. We report the results without conservative advancement in
Table 9.

Points Min Max Mean
2 —1.001-10—13  2225.107308  _8313.10~14

Runtime

0.011 ms

Table 9: Closeness to the ground-truth TOI for 1,000,000,000 ran-
dom pairs of analytical sphere SDF's, randomly propagated toward
another sphere SDF. We measure the differences in mean, min,
and max between the analytically computed ground truth time-of-
impact and our algorithm’s computed time-of-impact. Observe how
the min and max clearly show that we do not miss a collision, and
we precisely find the time of impact.

Here, we observe many interesting aspects: Firstly, we only use
64-bit floating precision. This means machine epsilon is around
1.11- 107" This is slightly lower than our mean estimate of
101, but it is by no means surprising: Our algorithm performs
many floating-point operations, decreasing the amount of precision
achievable by quite a lot. This means, the intuition that only two
points at the poles are enough for our method to never get stuck
is experimentally supported. Out of 1 billion runs, not a single one
missed or achieved poor accuracy. We are always within the limits
of floating precision error in this benchmark.

7.2.2. Torus

Geometrically, for our algorithm, a torus is a significantly more dif-
ficult and interesting test case. Here, both the inner and outer rings
are part of the isosurface. Unfortunately, unlike the sphere case, we
can not solve the TOI analytically. Thus, we use the same ground
truth method as prior experiments, where we take tiny steps. Due
to the high accuracy and potentially the tori just grazing, we must
take tiny steps of 10~'? and refine from that. This means we are
only able to run a few thousand configurations for this experiment
to be practical.

Nielsen & Erleben / Alternating Optimization for CCD-SDF

Points Min Max Mean
4 —1.000-107'2  6.688-10—13 —5.152.10"13

Runtime

0.081 ms

Table 10: Closeness to the ground-truth TOI for 2000 random
pairs of analytical torus SDFs, randomly propagated toward an-
other torus SDF. We measure the differences in mean, min, and max
between the approximated ground truth time-of-impact and our al-
gorithm’s computed time-of-impact. Observe how the min and max
clearly show that we do not miss a collision, and we precisely find
the time of impact.

Observe how the accuracy is close to the sphere, but slightly
worse. This may be limited by the time ground truth computation.
Nevertheless, these benchmarks strongly hint that one of the lim-
iting factors in our prior benchmarks are the grid discretization,
which decreases the accuracy of the gradient compared to other
representations.
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