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Abstract— Collision detection is a fundamental problem in
robotics, but handling collisions between non-convex objects
remains challenging. A common approach for representing non-
convex geometry is a signed distance function (SDF). Voxel-
based SDF (VoxelSDF) enables fast distance queries but suffers
from discretization artifacts and high memory costs. Neural
implicit SDF (NeuralSDF) provides a continuous and memory-
efficient representation with generalization, yet their slow query
speed has limited their use in collision detection. To overcome
these limitations, this paper proposes a novel amortized Neu-
ralSDF-mesh collision detection framework. NeuralSDF-mesh
collisions are formulated as a constrained optimization problem
at the triangle level, and the Karush—-Kuhn-Tucker conditions
are derived to enable the amortization. A learning-based
amortized optimization directly predicts collisions in a single
forward pass, eliminating iterative optimization procedures.
The amortized model adopts an auto-decoder architecture,
extending the advantages of NeuralSDF in memory efficiency
and category-level generalization to collision detection. Experi-
ments demonstrate substantial speedups over baseline methods
while maintaining comparable contact quality and reduced
memory usage. The proposed approach also exhibits category-
level generalization to unseen objects and can be applied to
various robotic simulation scenarios.

I. INTRODUCTION

Collision detection is a fundamental problem for physics-
based simulation, manipulation, and planning in robotics.
Handling collisions between non-convex objects is partic-
ularly challenging, as both the accuracy and efficiency of
collision detection depend on shape representation. Collision
between geometric primitives such as boxes, spheres, and
capsules can be efficiently handled with analytic methods [1],
however, these primitive representations cannot model com-
plex non-convex shapes. Collision between convex meshes
can be processed using the Gilbert-Johnson-Keerthi method
[2] and the Expanding Polytope Algorithm [3], which are
well established for convex shapes. However, extending these
methods to non-convex shapes requires convex decomposi-
tion, often compromising geometric fidelity while increasing
computational complexity.

A signed distance function (SDF) is a representation
that encodes the shortest distance to an object’s surface.
Its implicit formulation can represent non-convex shapes,
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Fig. 1: Ilustration of proposed amortized NeuralSDF-mesh
collision detection framework. Multiple collisions between
NeuralSDF and mesh are decomposed into NeuralSDF-
triangle collision problems. In contrast to typical iterative
optimizations, our method directly identifies a contact.

leading to extensive use in robotics. SDFs can be imple-
mented in several forms, including analytic expressions,
voxel-based discretizations, or neural network parameteriza-
tions. Analytic SDF [4] provides exact formulas for simple
shapes. Voxel-based SDF (VoxelSDF) [5] discretizes objects
into volumetric grids storing precomputed signed distances,
enabling fast queries via lookup tables. However, it suffers
from discretization artifacts, resolution dependence, and high
memory cost due to per-object storage, which limits scalabil-
ity in complex or large-scale scenarios. More recently, neural
implicit SDF (NeuralSDF) [6], [7] has been introduced,
representing signed distance fields using neural networks.
Compared to VoxelSDF, NeuralSDF provides a continuous
representation with higher geometric fidelity and improved
memory efficiency. Moreover, it supports category-level gen-
eralization [6], [8], allowing adaptation to unseen objects
within the same category through shape code optimization
without additional training.

However, applying NeuralSDF in downstream robotics
applications exposes a critical limitation, most notably in
collision detection of robotic contact simulations. Each
distance query of NeuralSDF requires a forward pass of
neural network, which is significantly slower than analytic
computation available in analytic SDF or the direct table
lookups available in VoxelSDF. Since collision detection
algorithms using SDFs are typically solved with iterative
optimization, this inefficiency is further exacerbated as each
optimization demands tens of NeuralSDF queries [9]. Widely
used physics simulators such as MuJoCo [10] and Isaac
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Sim with PhysX [11] also rely on iterative optimization
to solve SDF-SDF and SDF-mesh collisions, respectively.
However, MuJoCo primarily supports analytic SDFs, while
Isaac Sim supports only VoxelSDF representations for SDF-
based collision detection. Prior work [12] explored real-time
collision handling between general SDFs, but did not support
NeuralSDF, explicitly noting it as a limitation. Other works
[13], [14] solve SDF-mesh collision problems using three
iterative numerical algorithms, but they also consider only
VoxelSDF representations. To the best of our knowledge,
no prior work has addressed the inefficiency of NeuralSDF
queries for SDF-based collision detection. As a result, Neu-
ralSDF remains less practical for time-sensitive robotics
applications.

In this paper, we address this issue by introducing the
amortized NeuralSDF-mesh collision detection framework.
Our method directly predicts collisions between NeuralSDFs
and meshes in a single forward pass, eliminating iterative
numerical procedures. Specifically, we formulate collisions
between NeuralSDFs and triangles as a constrained opti-
mization problem and derive the optimality conditions from
the Karush—-Kuhn-Tucker (KKT) conditions [15]. Leverag-
ing this formulation, we design a learning-based amortized
model with a loss that enforces the derived conditions,
enabling successful unsupervised learning. We adopt an
auto—decoder architecture to extend the category-level gen-
eralization property of NeuralSDF to collision detection.
The network handles the collisions of unseen objects within
the same category without additional training. Additionally,
we structurally incorporate permutation equivariance through
shared MLPs [16], [17] for efficient learning. The main
contributions of this paper are:

o We present a novel amortized NeuralSDF-mesh colli-
sion detection framework with learning-based approach.

e« We derive optimality conditions of NeuralSDF-mesh
collision and leverage them to train amortized model,
achieving substantial speed improvements.

o We extend memory efficiency and category-level gen-
eralization of NeuralSDF to collision detection.

The rest of the paper is organized as follows. Sec. II
formulates NeuralSDF-mesh collision detection problem and
derives the KKT optimality conditions. Sec. III presents
our learning-based amortized collision detection framework,
including network architecture, training strategy with loss
functions and implementation details. Sec. IV reports exper-
imental results, evaluating collision detection performance
and effectiveness of amortized model in terms of generaliza-
tion and structure.

II. NEURALSDF-MESH COLLISION DETECTION
A. Problem Formulation

We consider the collision detection problem between an
object represented as a NeuralSDF and another represented
as a triangle mesh. NeuralSDF (fspr : R? — R) is a continu-
ous function which maps a 3D point to its signed distance to
the object surface, and the triangle mesh is defined as a set of

triangular faces. As illustrated in Fig. 1, multiple collisions
can occur between NeuralSDF and mesh, and we decompose
these collisions into elementary NeuralSDF-triangle colli-
sion problems, where each triangular face of mesh object
is considered independently. For each triangular face, the
objective is to identify a point that minimizes the signed
distance of NeuralSDF inside the triangle, which corresponds
to the closest point between the NeuralSDF object and the
triangular face. This can be formulated as the following
constrained optimization problem:

min fspr (v + Bve + yv3)
a,B,y (1)
st. a+pB8+~v=1, a,B8,7v>0

where vi,vo,v3 € R3 are the vertex coordinates of the
triangle and «, 8,y € R are the barycentric coordinates of
the closest point to be optimized. The constraints ensure that
the optimized solution lies within the triangle.

Our formulation adopts the same optimization structure
as previous studies [13], [14], which have formulated the
SDF-mesh collision detection problem. However, we ob-
serve that their iterative numerical optimization exacerbates
the query inefficiency of NeuralSDF, thereby motivating the
need for amortized optimization [18]. As illustrated on the
right side of Fig. 1, the amortized approach directly approxi-
mates the solution, replacing typical iterative procedures and
reducing computational cost.

B. KKT Optimality Conditions

From the problem of NeuralSDF-triangle collisions (1),
we derive the optimality conditions using the Karush-Kuhn-
Tucker (KKT) conditions [15] of the optimization problem.
The corresponding Lagrangian function is defined as:

ﬁ(avﬁvva )‘7M17N23M3)

2
= fsor(P) + AMa+ B +7—1) — i — p2 B — pzy @

where A € R is the Lagrangian multiplier for the equality
constraint, p;, 2, 3 € R are the Lagrangian multipliers for
the inequality constraints, and p € R3 denotes the closest
point defined as p = av; + fva + yvs with barycentric
coordinates «, [3,7. The KKT conditions, including station-
arity, primal-dual feasibility, and complementary slackness,
can be expressed as follows:

vV fsor(P) + A — p; = 0,
0<alu >0
0<BLuz>0
0<~vLp3=>0.

1€ {1,2,3}

3)

Considering all possible cases of «, and - within the
constraints, the following inequality equation is satisfied:
(p—vi) Vfsor(p) >0, i€ {1,2,3}. “)

The equality in (4) holds for a vertex v; when the corre-
sponding inequality constraint is inactive. Since at least one
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Fig. 2: Network architecture of the proposed amortized NeuralSDF-Traingle collision detection framework. Based on an
auto-decoder architecture, the network predicts the contact point p as barycentric coordinates A = [a, §,7] on the given
triangle vertices v = [v1, va, v3], directly addressing NeuralSDF—triangle collisions.

of the three inequality constraints must be inactive, we derive
the optimality condition as:

(V fspr(p))" (P — Vinin) = 0,

where v, = argmin VfSDF(p)TV ®)

ve{vi,va,v3}

where the p is the optimal solution, serving as the contact
point between the NeuralSDF and the triangle. The v,
denotes the vertex with the minimum projection onto the
gradient of SDF at p, corresponding to the farthest vertex in
the negative gradient direction. The derived optimality con-
dition characterizes the solution of the optimization problem
of NeuralSDF-triangle collisions and provides a way to adopt
an amortized framework.

III. AMORTIZED COLLISION DETECTION FRAMEWORK

We propose a learning-based framework that amortizes
the solution of the constrained optimization problem (1) in
NeuralSDF-triangle collision detection.

A. Network Architecture

Most NeuralSDF models [6], [8] adopts an auto-decoder
architecture that takes a point coordinate and a corresponding
latent shape feature vector as inputs to enable category-level
generalization. We extend this architecture to a collision
detection network that takes the vertex coordinates of the
triangle vi,va,v3 € R3 and corresponding shape feature
vectors as inputs and produces the barycentric coordinates
a,,7 € R of the contact point p € R3 as outputs. The
network architecture is illustrated in Fig. 2.

For the shape feature vectors, we consider both
vertex-level and triangle-level representations, denoted as
Z1,%2,23 € R3? and z, € R32. We adopt the dynamic
code cloud introduced in [8], which adaptively captures
fine geometric details, although it can generally be replaced
by other design choices. The vertex-level shape feature
vectors are defined for each triangle vertex and computed
by distance-based interpolation [8] of shape codes as:

> vi = %e,llz e

Z ;v:cni!e

Zi(vi) = (6)

Vi — XC,‘ ”2_3

where ¢; € R* and x., € R? are a shape code and its

Neode With

position of the dynamic code cloud {(Cj’xcj>}j=1

Neoge = 1376.

The triangle-level shape feature vector is designed to
capture shape variations within the triangle. We define it as
a weighted sum of the vertex-level shape feature vectors z;
with learnable weights w; as:

3
zZa(Vy, Ve, v3) = Zwizi(w),
=1

™
wi =g ([IIvi = Vll2/p, {cos(z; — 2:)};2i])

where v and p denote the centroid and perimeter of the
triangle. The network g4 predicts weights w; using as input
the normalized centroid distance of each vertex v; and cosine
similarities between vertex-level shape feature vectors z;,
enabling the weights to learn local geometric and shape
variations. The network g, : R® — R is implemented
as a shared multilayer perceptron (shared MLP) [16], [17],
meaning that the same parameterized network is applied to
each input. The MLP is designed with (3—16—1) dimensions
with a ReLU activation, followed by a softmax function to
normalize the weights. The shared MLP structure ensures
permutation equivariance with respect to input ordering.
Consequently, the weighted sum of each weights and vertex-
level shape feature vectors in (7) is permutation invariant,
meaning that reordering the vertices v; does not change
the resulting triangle-level shape feature vector za. This
invariance improves both training stability and efficiency.

The decoder predicts the contact point within the triangle
that minimizes the signed distance, using both the vertex-
level shape feature vectors zq, zs, zs and the triangle-level
shape feature vector za. Two decoder functions, h,, and
hy,, are designed to interpret the two types of embeddings
accordingly and are defined as:

y1 = [hy, ([21;v1]), by, ([225 Val), by, ([23; va])]
Y2 = hy, (22)13 )
A=lo, 8,9 =0y +y2)
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where y1,y2, A € R3, [z;;v;] denotes the concatenation of
vertex-level shape feature vector z; and vertex coordinate
vi, and o is the softmax function. The network hy,
R3° — R is implemented as a shared MLP with (35-32-32-
1) dimensions, applied independently to each input to ensure
permutation equivariance. The network hy, : R3? — R is
implemented as an MLP with (32-32-32-1) dimensions. The
output A = [, 3, ] represents the barycentric coordinates of
the contact point within the triangle, satisfying a4+ 5+~ =1
through the softmax function. Since the vertex-level shape
feature vectors zi,zs,z3 are permutation equivariant and
the triangle-level shape feature vector z, is permutation
invariant with respect to the triangle vertices, the decoder
yields permutation equivariant output A. As a result, the
predicted contact point p, defined as p = avy + vy +yvs,
is invariant to vertex ordering, ensuring robustness of the
network.

The auto-decoder architecture supports category-level gen-
eralization, building upon the design of NeuralSDF. It can
handle unseen objects within the same category by optimiz-
ing only shape codes from the dynamic code cloud. Since the
network learns the relations among shape features and among
triangle vertices, the trained auto-decoder can be directly
applied to unseen objects without additional training.

B. Objective Function

We incorporate the optimality condition in (5) into our
amortized framework by formulating it as a loss function:

Lop = (Vfsor(P))” (P — Vinin) 9)

where p denotes the predicted contact point, computed from
the triangle vertices v = v, vo, v3] and the network outputs
A = [a, 3,7] in (8). This optimality loss L,, enforces the
predicted point to satisfy the KKT optimality condition of
constrained optimization problem without additional supervi-
sion, thereby enabling unsupervised learning. The minimum
signed distance loss Ly, is formulated to encourage the
predicted point to attain the minimum signed distance as

Lumin = max(fspr(p), 0). (10)

The network is jointly trained with two loss functions in an
unsupervised manner, and the total loss is defined as

Etotal = Eop + Amin Lomin- (11)

where A\pip = 1.

C. Training Details

The training dataset consists of sets of triangles sur-
rounding the object that may collide with it. The dataset
is collected for each object. To apply the same training
procedure across various objects, each object is normalized
into the unit cube [—0.5,0.5]% and triangles are sampled
around the object under the following conditions:

o The triangle edge lengths lie within [0.03, 0.08].

o The triangle area lies within [0.0002, 0.002].

o The signed distance of the triangle centroid lies within

[0,0.1].

e The minimum signed distance from the triangle to the
object is positive.
All numerical values are defined with respect to the nor-
malized object scale and can therefore be interpreted as
percentages of the object size.

For training stability, the triangle size is restricted and
the ranges are chosen based on the default edge lengths
commonly used in mesh generation software such as Mesh-
Lab [19], and Blender [20]. The signed distances used in
the conditions are computed using each NeuralSDF model
and the point which attains the minimum signed distance
is obtained by solving an optimization problem using the
Frank-Wolfe algorithm with 100 iterations. Under these
conditions, each dataset is constructed using 100k triangles.

The network is implemented in PyTorch and trained using
the Adam optimizer with a learning rate of 1 x 1074,
exponential decay rates of 0.9 and 0.999, and a batch size
of 5000. Training is performed for 3000 epochs, taking
approximately 3.0 hours on an Intel Core i7-12700F CPU
and an NVIDIA RTX 4060 GPU.

IV. EVALUATION

We evaluate the proposed amortized NeuralSDF-mesh col-
lision detection framework in terms of detection performance
and the effectiveness of the amortized model.

A. Collision Detection Performance

We compare our amortized NeuralSDF-mesh collision
detection framework with existing SDF-mesh collision detec-
tion approaches. As baselines, we consider the method that
solve the SDF-mesh contact problem via iterative numerical
optimization using the Frank-Wolfe (FW) algorithm, which
is widely used in IsaacSim and prior research [11], [13],
[14]. We implement two FW-based methods with different
SDF representations, NeuralSDF and VoxelSDF, denoted as
NeuralSDF+FW and VoxelSDF+FW. Our proposed method
is denoted as NeuralSDF+Ours.

The collision detection performance evaluation is con-
ducted at three levels: triangle-level, object-level, and
simulation-level. We focus our analysis on the advantages of
NeuralSDF over VoxelSDF representations and the benefits
of amortized optimization compared to iterative optimization.

As contact objects, we select mugs and bottles, commonly
used in manipulation tasks, and gears and bolts, commonly
used in assembly tasks. While mugs and bottles represent
objects with typical geometric complexity, gears and bolts
introduce highly complex geometries that create contact-rich
scenarios, enabling a robustness evaluation of the proposed
method.

1) Triangle-level Evaluation: We first evaluate the per-
formance on a triangle dataset of 10k samples generated
using the same sampling strategy as the training dataset. For
each triangle, we assess whether the detected contact point p
satisfies the optimality of the NeuralSDF-triangle collision
problem, using an optimality metric defined as:

Optimality = (V fspr(p))" (P — Vi) /P (12)
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Fig. 3: Optimality comparison of NeuralSDF+Ours, Neu-
ralSDF+FW, and VoxelSDF+FW at the triangle level. Results
are shown in linear scale (left) and logarithmic scale (right).

Time [ms]
Object  Optimality (' ' |SDF  NeuralSDF  VoxelSDF
+ Ours + FW (Iter) + FW (Iter)
Mug 7.843c—04 0.038 64.5 (11.2) 00 (00)
Botle  1.762e—03 0.038 51.9 (9.05) 00 (00)
Gear  4.641e—03 0.038 29.8 (5.16) 00 (00)
Bolt 4.25%—03 0.038 342 (5.95) 00 (00)

TABLE I: Computation time comparison to achieve the same
level of optimality for NeuralSDF+Ours, NeuralSDF+FW,
and VoxelSDF+FW.

where vy, and p are defined in (5).

The comparison results are shown in Fig. 3. The y-axis
shows the optimality metric defined per triangle. The median
is plotted as a line, with the first and third quartiles shown as
a shaded region. NeuralSDF and amortized model are trained
per object, and VoxelSDF is computed at a resolution of
1024. The results correspond to the bottle object in Table 1.

Fig. 3 shows that NeuralSDF+Ours achieves a low opti-
mality value in a single forward pass, while NeuralSDF+FW
converges gradually and reaches a similar level around
iteration 9. In contrast, VoxleSDF+FW does not converge
to same level of optimality. Similar trends are observed for
the other objects, and the numerical results are summarized
in Table L.

To compare computational efficiency, we measure the
time required to achieve the same level of optimality for
three methods. We report the optimality value, computa-
tion time, and the number of iterations required for the
FW-based method. NeuralSDF+Ours consistently achieves
convergence in approximately 0.038 ms per triangle, while
NeuralSDF+FW requires 5-11 iterations and 30-65 ms of
computation time. VoxelSDF+FW fails to converge to the
same optimality. Since NeuralSDF represents object ge-
ometry more accurately than VoxelSDF, NeuralSDF-based
method can detect solutions with low optimality values. Fur-
thermore, the amortized approach does not require iterative
procedures, providing advantages in terms of computational
efficiency.

2) Object-level Evaluation: We evaluate pairwise object
collisions in terms of contact quality, computation time, and
memory usage within a single simulation step. The collision

detection procedure in a single step contact simulation con-
sists of broad-phase and narrow-phase collision detection. In
the broad-phase, Axis-Aligned Bounding Box overlap test
is used to identify candidate triangles that may potentially
collide. In the narrow-phase, three methods are applied
to detect contacts on the candidate triangles, followed by
contact feature extraction. In the contact feature extraction,
SDF values and its gradients are queried, as contact features
are defined as:

pP=avi+ fva+7vs
d= fSDF(P)
n =V fspr(p).

A point is classified as a valid contact if d < e, where ¢
denoted the contact margin.

The evaluation results are in Fig. 4 and Table II. Following
four scenarios are evaluated: a mug hanging on a rack
(Mug-Rack), a bottle placed on a holder (Bottle—Holder),
two spur gears in mesh (Gear—Gear), and a bolt—nut assembly
(Bolt—Nut). NeuralSDF and amortized model are trained per
object, and VoxelSDF is computed with a truncation distance
of 0.1 for normalized objects and a resolution of 1024,
which corresponds to the maximum resolution supported by
IsaacSim. The iteration limits for NeuralSDF+FW are set
to the value required to achieve same level of optimality
as reported in Table I, while the limit for VoxelSDF+FW
is set to 50. The contact margin is set to ¢ = 1 x 1073,
The computation time and memory usage are measured for
the entire collision detection procedures in CPU, and the
number of candidate triangles and total mesh triangles are
also reported.

In Fig. 4, NeuralSDF+Ours and NeuralSDF+FW pro-
duce consistent contact points, whereas VoxelSDF+FW often
fails to capture contacts, either missing them or producing
physically inconsistent contact normals. In Table II, Neu-
ralSDF+Ours and NeuralSDF+FW achieve reliable collision
detection, producing a similar number of contacts. The
small differences may arise from approximation errors in the
learned NeuralSDF for complex geometries and the filtering
of contacts using a small contact margin. Furthermore,
even when both methods detects an optimal solution, the
location of contact points may be slightly different. While
NeuralSDF+Ours achieves comparable collision detection
quality, it is 2-12 times faster than NeuralSDF+FW. In
contrast, VoxelSDF is faster but fails to capture collisions due
to a small contact margin. The total memory usage of Neu-
ralSDF+Ours comes from 60.7 MB for NeuralSDF model
and 0.1 MB for our amortized collision detection model. This
demonstrates that our framework is highly memory-efficient.
In contrast, VoxelSDF+FW requires memory on the order of
GB and particularly fails to produce plausible contacts for
thin and complex-shaped objects.

3) Simulation-level Evaluation: We demonstrate the ap-
plicability of our method in robotic contact simulation level.
Extending the single-step contact scenarios presented in
Sec. IV-A.2, we implement full simulation experiments for
four scenarios (Mug-Rack, Bottle-Holder, Gear-Gear, and

13)
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Fig. 4: Contact feature visualization in pairwise object collisions for NeuralSDF+Ours, Neural SDF+FW, and VoxelSDF+FW.

. . . .. . Triangles

Scenario Method Contacts Time [s] | Memory [MB] | Iteration Limit Resolution (Cand. / Total)
NeuralSDF + Ours 6 0.150 60.8 - -

Mug-Rack NeuralSDF + FW 9 1.778 60.7 12 - 18 7228
VoxelSDF + FW 9 0.013 18417 50 1024
NeuralSDF + Ours 115 0.926 60.8 - -

Bottle-Holder = NeuralSDF + FW 116 7.619 60.7 10 - 132 /924
VoxelSDF + FW 49 0.073 3715 50 1024
NeuralSDF + Ours 66 4.940 60.8 - -

Gear—Gear NeuralSDF + FW 70 8.785 60.7 6 - 93 / 2800
VoxelSDF + FW 39 4.327 9033 50 1024
NeuralSDF + Ours 1010 14.245 60.8 - -

Bolt-Nut NeuralSDF + FW 1111 61.656 60.7 6 - 1714 / 9548
VoxelSDF + FW 1 3.764 15248 50 1024

TABLE II: Collision detection performance comparison for NeuralSDF+Ours, NeuralSDF+FW, and VoxelSDF+Fw. The
number of detected contact points and triangles, computation time and memory usage are reported. Iteration limits are set
for the FW-based algorithms, and resolution is specified for the VoxelSDF representation.

Bolt-Nut) as shown in Fig. 5. The Franka Emika Panda
robot with a parallel gripper is used in the first two sce-
narios. For simulation, we employ the cascaded Newton-
based augmented Lagrangian (CANAL) [21] method as the
contact solver, which can manage multi-contact accurately
and robustly. All simulations are implemented in C++, with
the Eigen and OpenGL libraries. Video results are provided
in the accompanying video.

In the Mug-Rack scenario, the gripper grasps a mug
and hangs it onto the rack. Contact are detected stably on
NeuralSDF-based methods, while VoxelSDF-based method
detects contacts inconsistently and sometimes results in
penetration. In the Bottle-Holder scenario, Neural SDF-based
methods enables the gripper to stably grasp a bottle and
place it on the holder without penetration. In contrast, with
VoxelSDF+FW, the gripper fails to generate proper contacts
during grasping, making it impossible to grasp and lift the

bottle. Even when the bottle is forcibly dropped onto the
holder, no contacts are detected and the bottle penetrates
and falls through the holder. This failure is consistent with
Table II, where VoxelSDF+FW produces no valid contact
points with holders. The slender geometry of bottles is
difficult to capture at voxel resolution, which explains the
limited performance.

In the Gear-Gear scenario, one gear is forced to rotate
and the meshed gear rotates accordingly. With NeuralSDF-
based methods, the two gears rotate smoothly with stable col-
lision detection. Hoewever, With VoxelSDF+FW, although
the gears rotate, intermittent sticking behavior is observed
due to inconsistent contact. In the Bolt-Nut scenario, a
nut is threaded onto a bolt and rotated. With NeuralSDF-
based methods, numerous contact points are detected in
each simulation step, enabling stable rotation of the nut. In
contrast, with VoxelSDF+FW, it fails to detect any contacts,
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Mug-Rack

Bolt-Nut

Gear-Gear

Fig. 5: Snapshots of robotic contact simulations. Mug—Rack
(top), Bottle-Holder (middle), Gear—Gear (bottom left), and
Bolt-Nut (bottom right).

consistent with Table II.

Across all scenarios, NeuralSDF enables reliable contact
simulation due to its powerful geometric representation, and
Neural SDF+Ours is significantly faster and more computa-
tionally efficient than NeuralSDF+FW.

B. Category-level Generalization

We evaluate the category-level generalization ability of our
amortized model on unseen objects. Following the property
of auto-decoder architecture, unseen objects from the same
category can be handled by optimizing only shape codes
from the dynamic code cloud, while keeping the network
parameters fixed. To validate this, we train NeuralSDF and
our collision detection network on ten mugs and ten bottles
from the ShapeNet dataset [22], and then test them on an-
other ten unseen mugs and ten unseen bottles from the same
category. We restrict our experiments to mugs and bottles,
as ShapeNet provides mesh datasets for these categories.

Fig. 6 visualizes the contact points in single-step con-
tact scenarios of Mug—Rack and Bottle-Holder for unseen
objects. Our method consistently predicts plausible contact
points and contact normals. Table III summarizes the opti-
mality metric (12) and normalized mean error (NME) of the
prediced contact point for seen and unseen objects. NME
is defined as the Euclidean error normalized by the triangle
edge lengths, where ground truth is obtained by FW with
500 iterations. The results show that performance on unseen
objects is comparable to that on seen objects, confirming
the effective category-level generalization of our framework.
Fig. 7 shows the application of simulation level, and the
plausible contacts are well detected both seen and unseen

Unseen Bottles

Fig. 6: Contact feature visualization on unseen mug and
bottle objects.

Optimality NME
Seen Unseen Seen Unseen
Mug 8.8576e—04  9.7915e—04  0.0058  0.0089
Bottle  1.9080e—03  4.4341e—03 0.0152  0.0176

TABLE III: Category-level generalization performance, com-
paring the optimality and normalized mean error (NME) for
seen and unseen objects.

Fig. 7: Snapshots of robotic contact simulations for both seen
and unseen objects.

objects.

Although our evaluation is conducted only for two objects,
category-level generalization is an inherent property of auto-
decoder architecture. Therefore, if the NeuralSDF model is
well trained at the category level for arbitrary objects, the
amortized model is expected to achieve similar collision
detection performance.

C. Ablation Study

An ablation study is conducted to validate each network
component, by removing the optimality loss Lo, the mini-
mum signed distance loss L, the vertex-level shape feature
vectors z, Zo2, Z3, and the triangle-level shape feature vector
z . Performance is measured using the optimality metric in
(12) and the normalized mean error (NME) of the predicted
point. Table IV shows that removing the optimality loss
Lop significantly degrades performance, yielding the largest
differences in both optimality and NME. While the network
can be trained using only the minimum signed distance loss,
the performance is less competitive. This result confirms that
Lop is indispensable for predicting optimal solutions and
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Model Variant Optimality | NME |
Full (Ours) 7.8433e—04  0.0102
w/o Lop 9.5106e—02 0.3049
w/o Lumin 4.1231e—03 0.0455
w/lo z1,%2,23 4.2045e—02 0.1819
w/o ZA 4.4112e—03 0.0460

TABLE IV: Ablation study. The optimality and the normal-
ized mean error (NME) of the predicted contact point are
compared.

enables unsupervised learning, as it is directly derived from
the optimality conditions.

V. CONCLUSION

In this work, we presented a novel amortized Neu-
ralSDF-mesh collision detection framework with a learning-
based approach. We formulate the NeuralSDF-triangle col-
lision problem as a constrained optimization and derive the
corresponding KKT optimality conditions. We leverage the
conditions to train our amortized model that predicts the
contact point directly, replacing typical iterative procedures.
The proposed amortized model, implemented with an auto-
decoder architecture, not only improves query speed but
also achieves memory efficiency and category-level gen-
eralization. Its effectiveness is validated through extensive
evaluations.

Since the proposed method is learning-based, contact
prediction may degrade for triangles whose sizes differ from
the conditions of the training dataset. However, the triangle
size adopted in the dataset corresponds to a commonly
used values and is set to be sufficiently small in practice.
Therefore, for meshes with triangles sizes outside the range,
remeshing the mesh to satisfy the dataset conditions enables
the proposed method to be applied a broader range of contact
scenarios.

The proposed method provides fast and plausible solu-
tions, making it useful in contact-rich scenarios where a large
number of contacts must be processed efficiently. However,
for tasks requiring high-precision contacts, our learning-
based approach may not always be sufficient, and a trade-
off between accuracy and computation cost may need to
be considered. In addition, the proposed framework relies
on NeuralSDF for the loss functions and the definition of
contact features, and therefore its performance inherently
depends on the quality of the NeuralSDF representation. In
such cases, the proposed method can be effectively used
as a warm-starting option for NeuralSDF+FW, reducing
the computational cost of early iterations, while allowing
additional FW refinement to ensure accuracy.

Moreover, our work addresses the SDF-mesh collision
problem accurately and efficiently, and can be applied not
only to the collision detection of contact simulation but also
to other applications that require collision computation. It
can be extended to manipulation and planning problems in
robotics [23], where collision avoidance is critical. Further-
more, since both NeuralSDF and amortized model are based

on neural networks, the entire pipeline provides differentiable
contact features, making the method suitable for gradient-
based optimization methods in robotic problems.
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