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Abstract

Narrow-phase collision detection is a critical bottleneck in physics-based simulation, traditionally relying on exact
but sequential CPU-bound algorithms that struggle to exploit massive GPU parallelism. In this work, we reframe the
tetrahedron-tetrahedron intersection as a learned inference problem. We leverage principles of hierarchical permutation
invariance—derived from DeepSets and PointNet—to construct a neural architecture that jointly predicts intersection status
and volumetric overlap directly from vertex coordinates. We generate a large dataset of 12 million pairs covering five
distinct tetrahedron pair configurations, ensuring the model learns robust geometric decision boundaries. Our most accurate
model achieves 99.3% mean classification accuracy across five contact configurations and predicts overlap volume with
MAE ~2.88 x 1073 (for positive volumes) while remaining entirely GPU-resident. On consumer-grade GPU, our pipeline
outperforms the exact CGAL library by 93X in detection speed and over 16,821 x when volume computation is included. This
“volume-for-free” paradigm offers a transformative trade-off for real-time applications where approximate is acceptable but

ultra-fast geometric reasoning is paramount.

CCS Concepts

» Computing methodologies — Collision detection; Neural networks;

1. Introduction and Related Work

Narrow-phase collision detection remains a critical bottleneck in
physics simulation, particularly for tetrahedral meshes in finite el-
ement methods, where millions of intersection checks occur per
frame. Traditional exact algorithms (GJK [GJK88], EPA [vdBO01],
SAT [Eri05,GPR02]) rely on sequential branching logic that creates
severe thread divergence on modern GPUs, underutilizing available
parallelism. Fisher and Lin [FLO1] characterize intersection volume
as the “most complicated yet accurate method” to define intersec-
tion extent.

To address this scalability gap, we reframe tetrahedron-
tetrahedron intersection as a learned inference problem: given ver-
tex coordinates 77,75 C R?, we learn a mapping f : R** — {0, 1} x
[0, Vimax] to predict the intersection status y € {0, 1} and the volu-
metric overlap v € [0, Vinax]. The existence of exact geometric al-
gorithms establishes a deterministic ground-truth labeling function,
yet approximating such predicates via neural inference has received
little direct attention in the literature.

Closest to our setting, Onal and Zafeirakopoulos [0Z19] pi-
oneered the application of machine learning to computationally
hard geometric problems, specifically e stimating p olytope vol-
umes. Their best model achieved an accuracy of 96.31% and
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(a) Shallow intersection

(b) Deep intersection

Figure 1: Mesh intersection detection using TetrahedronPairNet:
Two tetrahedralized mesh objects at different penetration depths.
Our method analyzes relative tetrahedron pair configurations and
predicts their intersection status: red indicates intersecting tetrahe-
dra, while green/blue indicate non-intersecting regions. (a) Shal-
low intersection with limited penetration. (b) Deeper intersection
with a larger interpenetration volume.

an R*> = 0.998 for volume regression using fixed-size encod-
ings. While tetrahedron intersection has received limited attention,
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point cloud processing offers relevant architectural insights. Point-
Net [QSMG17] pioneered permutation-invariant learning through
shared MLPs and symmetric aggregation (max pooling), pro-
cessing sets directly from coordinates. In parallel Zaheer et al
[ZKR* 18], proved that any continuous permutation-invariant func-
tion can be decomposed as p(¥,cx ¢(x)), where ¢ maps elements
into a latent space and p transforms the aggregated set representa-
tion.

To the best of our knowledge, this work presents the first end-to-
end framework for joint tetrahedron intersection and overlap vol-
ume prediction via GPU-accelerated inference. By pairing standard
deep learning architectures with rigorous synthetic data, we surpass
classical exact geometric predicates in raw throughput via three ad-
vantages: (i) SIMD-Optimized Execution using branch-free tensor
operations to eliminate warp divergence; (ii) Zero-Overhead Vol-
ume Estimation computed as a latent byproduct of detection; and
(ii1) Hard Deterministic Latency providing a predictable computa-
tional floor regardless of geometry or scene density.

‘We summarize our contributions below:

e A neural architecture for joint tetrahedron intersection classifi-
cation and intersection volume regression.

e Five data generation strategies corresponding to distinct tetra-
hedron pair configurations: no—intersection, vertex—face, edge—
face, face—face, and volumetric interpenetration.

e Evaluation showing 99.3% mean accuracy over the 5 strate-
gies, with speedups of > 93X for intersection detection and
> 16,821 x for volume computation compared to exact sequen-
tial CPU predicates.

2. Dataset Generation

Each tetrahedron is i.i.d generated uniformly within the unit cube
[0,1]?, deriving ground truth labels via exact geometric predi-
cates from CGAL [The25]. Binary intersection status is deter-
mined using CGAL: :do_intersect. For volume, we employ
CGAL: :Nef_polyhedron_3 to perform robust boolean inter-
section operations. The resulting Nef structure is then converted
into a closed polyhedron, and the exact volume is computed via
CGAL: :Polygon_mesh_processing::volume.

>
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Figure 2: Data Generation Strategies: visualizations of randomly
generated .obj tetrahedron—tetrahedron pairs corresponding to five
topological configurations. (1) non-intersecting pairs (N-1), (2, 3,
and 4) show contact configurations (V-F, E-F, F-F) sampled via
constraints, and (8) volumetric interpenetration (Vol.).

2.1. Strategies for Generating Training Data

These strategies, illustrated in Figure 2, are detailed further in the
Supplementary Material:

1. No Intersection: Pairs 77,7, ~ U([0, 1}3) are generated via re-
jection sampling, using CGAL: : do_intersect to filter can-
didates and guarantee strictly disjoint volumes.

2. Vertex—Face: 7, is anchored to a point p on a face F of 7j.
To prevent penetration, the three non-contact vertices are spher-
ically sampled strictly within the outward half-space defined by
F’s normal. An angular buffer (e = 10716y prevents precision-
based intersections near the boundary.

3. Edge-Face: Two vertices of 7, are projected onto the support-
ing plane of a face of 77, aligning an edge. To maintain disjoint-
ness, the remaining two vertices are spherically sampled strictly
within the outward hemisphere, utilizing the e = 10~ 16 angular
buffer for numerical stability.

4. Face-Face: Three vertices of 7, are projected onto the
supporting plane of a face of 7;. The fourth vertex is
spherically sampled relative to their centroid strictly within
the outward hemisphere (buffered by ¢ = 10~ 16y, Finally,
CGAL: :do_intersect ensures the coplanar triangle actu-
ally overlaps the target face.

5. Volumetric Intersection: Candidates 77,7 ~ U([0,1]%)
are repeatedly generated via rejection sampling until
CGAL: :do_intersect explicitly confirms an intersec-
tion.

2.2. Distribution and Volume Constraints

To avoid trivial zero-volume heuristics caused by the disjoint-
dominant nature of naive sampling, we enforce the constraints sum-
marized in Table 1.

Table 1: Dataset Constraints: Stratification and normalization
strategies used to balance the data distribution and stabilize train-

ing.

Constraint Implementation & Rationale

Class Stratifica- 50% Disjoint (y = 0) and 50% Intersecting (y = 1),

tion split as V=F (5%), E-F (7%), F-F (20%), and Volu-
metric (18%) to accurately capture decision bound-
aries.

Volume Norm. Intersections are log-uniformly sampled
v € [1077,2072]. A global scale A = 1000
shifts targets to ~ [10~%,20] to prevent vanishing

gradients.

2.3. Geometric Transformations for Input Normalization

During both training and inference, we reduce input dimensional-
ity by applying canonicalizing geometric transformations (Table 2;
details in Supp. Material).

3. TetrahedronPairNet

Figure 1 demonstrates the method’s capability to detect inter-
sections at varying penetration depths between two tetrahedral-
ized mesh objects. TetrahedronPairNet (Figure 3) implements
a symmetric architecture grounded in PointNet [QSMG17] and
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Figure 3: Schematic of TetrahedronPairNet. A permutation-invariant, DeepSets-based architecture. (1-3) Vertex Level: Each 3D vertex is
processed by a shared Vertex-MLP with a local residual skip, then aggregated. (4) Tetrahedron Level: Features are refined symmetrically by
a shared Tetrahedron-MLP with a local 12D residual from each tetrahedron. (5) Both tetrahedron embeddings are pooled into a Combiner-
MLP, which integrates a global 24D residual from the raw input. (6) A Shared Backbone MLP feeds dual heads: classification (intersection

status) and regression (overlap volume).

Table 2: Input Normalization Strategies: Geometric transforma-
tions used to project tetrahedron pairs into a canonical frame.

Strategy Mechanism & Properties
Principal Axis Align- Mechanism: Applies a rigid rotation derived
ment (PCA) from the PCA of 7] to both tetrahedra, aligning

T1’s principal axes with the global basis.
Properties: Standardizes orientation while
strictly preserving distances, scale, and volume.

Unitary Tetrahedron
Alignment (Unit)

Mechanism: Applies an affine transfor-
mation that maps 7; to the unit simplex
{(0,0,0),(1,0,0),(0,1,0),(0,0,1)} and ex-
presses 7 in this new frame.

Properties: Preserves boolean intersection sta-
tus; intersection volume is scaled linearly by the
determinant of the affine map.

DeepSets [ZKR" 18] to satisfy the requirement of permutation in-
variance for tetrahedral vertex sets, skip connections are integrated
to ensure robust gradient propagation and enable high-capacity fea-
ture extraction [ZTHR22, MQY *22]. To minimize computational
overhead and maximize raw throughput, we deliberately omit nor-
malization layers, though these remain optional for specific conver-
gence needs.

4. Experimental Results

We established a CGAL baseline using exact predicates and eval-
uate a TetrahedronPairNet with the parameters presented in
Table 3. Performance was measured on an Intel Core i5-1035G1 for
sequential CPU execution and an NVIDIA GeForce MX330 (1.95
GB) for GPU inference.

Table 4 presents the performance profile.

© 2026 The Author(s).
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Training Configuration Model Architecture

Training Samples 12,000,000 Precision float32
Optimizer AdamW Total Parameters 73,370
Learning Rate 1073 Model Size 633 KB
Batch Size 2048 Activation Function ReLU
Epochs 50 Aggregation Function Max-Pooling
Loss Function 0.5 BCE + 0.5 RMSLE Vertex MLP [24, 24]
Class Balance 0.5 positive/negative Tetrahedron MLP [48, 48]
Input Normalization PCA + Unit Combiner MLP [96, 96]
Data Distribution [50%, 5%, 1%, 20%, 18%] Shared Backbone [1024]

Volume Scaling 10° Classification Head [128, 64,32, 1]

Regression Head [128, 128, 1]

Table 3: TetrahedronPairNet architecture and training hyperpa-
rameters. The model uses a shared feature backbone for simultane-
ous intersection classification and volume regression. MLP blocks
consist of sequential linear layers followed by the specified activa-
tion; dimensions denote hidden unit counts; list length denotes the
number of layers.

5. Limitations

While promising, our approach assumes a fixed data distribu-
tion; thus, scene-specific distributional shifts may reduce accuracy
and require fine-tuning. Additionally, three contact configurations
are currently missing from the training data: vertex—vertex, ver-
tex—edge, and edge—edge. However, we detail possible generation
strategies for these cases in the supplementary material. Finally,
compared to our classification results, the volume regression accu-
racy remains less reliable, especially for deep penetrations. There-
fore, for accuracy-sensitive simulations, we position Tetrahedron-
PairNet as a fast, GPU-resident pre-pass to filter pairs and provide
low-cost volume estimates. Exact predicates can then be selectively
applied to predicted intersections, low-confidence outputs, or large
penetrations.



4of 4

Erendiro Pedro & Hermann Meifienhelter & Gabriel Zachmann / Tetrahedron-Tetrahedron Intersection

Test Subset / Metric Detect Acc. Vol. MAE Notes

Degenerate & Non-Intersecting Cases

No Intersection 98.02% 1.67x 1077 Baseline negative class

Vertex—Face 99.07% 427x107° Correctly predicts ~ 0 volume

Edge-Face 99.97% 472x107° Correctly predicts ~ 0 volume

Face—Face 99.92% 1.65x 107 Correctly predicts ~ 0 volume

Volumetric Intersection Analysis

Volumetric (Overall) 99.07 % 2.88x1073 Volumetric collision case
Small (v < 0.0067) — 1.47x 1073 88% Bin Acc. (34% of samples)
Medium (0.0067 <v < 0.0133) — 2.80x 1073 60% Bin Acc. (33% of samples)
Large (0.0133 <v < 0.0200) — 4.44 x 1073 41% Bin Acc. (33% of samples)

Global Averages | 99.37% — | Aggregated across 500k samples

Computational Performance (Average of 30 runs)

Method | Throughput | Latency (Pre. + Inf.) | Speedup (Detect / Vol)
CGAL (Detection, CPU) 6,352 samples/s 157us Baseline
CGAL (+ Volume, CPU) 35 samples/s 28.31 ms Baseline

TetrahedronPairNet (CPU, BS=2048)
TetrahedronPairNet (GPU, BS=2048)

271,313 samples/s
588,744 samples/s

3.69us (1.80 + 1.89)

1.70us (1.11 + 0.59)

43x /7,751%
93x /16,821x

Table 4: Performance benchmarks (500k samples; 100k/class). High accuracy at contact thresholds demonstrates robust identification of
topological transitions. Regression error scales with intersection magnitude; predictive accuracy is highest for small overlaps—critical
for collision onset—but degrades at high penetration. BS: Batch Size; FP32: Float32; MAE: Mean Absolute Error on a unit cube scale

(Veuve = 1.0).

6. Conclusion

TetrahedronPairNet achieves 99.3% mean accuracy and a volume
estimation MAE of ~ 2.88 x 1073, delivering a 93 x speedup for
intersection detection and a 16,821x speedup for volume esti-
mation over exact CGAL predicates. By reformulating intersec-
tion as learned inference, we trade absolute exactness for mas-
sive parallel throughput, enabling high-speed narrow-phase filter-
ing and providing differentiable collision signals for optimization.
While our baseline relies on minimal inductive biases, integrating
richer geometric priors is expected to further improve the accuracy—
throughput frontier. Ultimately, this work demonstrates that the per-
ceived sequentiality of geometric kernels is often an artifact of tra-
ditional design, opening the door to massively parallel, learned ge-
ometric algorithms.

All code and artifacts are open source and available in the sup-
plementary material.
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