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Abstract

This work proposes a new formulation to the long-
standing problem of convex decomposition through learn-
ing feature fields, enabling the first feed-forward model for
open-world convex decomposition. Our method produces
high-quality decompositions of 3D shapes into a union of
convex bodies, which are essential to accelerate collision
detection in physical simulation, amongst many other ap-
plications. The key insight is to adopt a feature learn-
ing approach and learn a continuous feature field that
can later be clustered to yield a good convex decomposi-
tion via our self-supervised, purely-geometric objective de-
rived from the classical definition of convexity. Our for-
mulation can be used for single shape optimization, but
more importantly, feature prediction unlocks scalable, self-
supervised learning on large datasets resulting in the first
learned open-world model for convex decomposition. Ex-
periments show that our decompositions are higher-quality
than alternatives and generalize across open-world objects
as well as across representations to meshes, CAD mod-
els, and even Gaussian splats. https://research.
nvidia.com/labs/sil/projects/learning-
convex-decomp/

1. Introduction
Convex decomposition approximates detailed, nonconvex
3D shapes with a simple set of convex bodies—these con-
vex approximations are essential geometric accelerations
for fast collision detection [22, 37, 53], signed-distance
computation [32], motion animation [28, 39], and more,
which all must efficiently compute distances and spatial
bounds. Traditionally, such decompositions were manually
authored by technical artists as part of the content creation
process, but the prevalence of automated 3D pipelines and
generative AI has created ever-increasing demand for al-
gorithmic construction of convex decompositions. In par-
ticular, recent progress in physical robotics training envi-
ronments demands robust, high-performance simulation of
generated assets and world models—convex decomposi-
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Figure 1. Our method takes an input shape (top), infers features
from an open-world model learned with our new self-supervised
geometric loss (middle), and clusters those features to fit the shape
with a collection of tight convex bounding proxies (bottom).

tions are essential to enable these simulations [3].

However, convex decomposition has thus far remained
a remarkably challenging algorithmic task; one must ac-
curately approximate the starting shape in the geometric
sense, as well as a combinatorial covering problem that is
formally NP-hard in the worst case [10, 41]. Traditional
approaches from computational geometry use branch-and-
bound techniques to explore a search space of possible de-
compositions, but can be prohibitively computationally ex-
pensive [6, 9, 27]. The learned architectures have also ex-
plored representing shapes with convex primitives, but thus
far have been limited to narrow families of objects rather
than to general open-world content [12, 16]. Moreover,
much past work has focused almost entirely on mesh de-
composition, whereas geometry increasingly comes from
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imprecise representations such as Gaussian splats.

This work proposes a new formulation for convex de-
composition, which allows us to train a feedforward open-
world model directly producing high-quality convex de-
compositions of shapes. Our key insight is to adopt a fea-
ture learning approach. Rather than directly optimizing or
learning a discrete set of primitives, we instead operate on
continuous features defined along the shape, constructing a
set of features such that clustering them yields a good con-
vex decomposition. To make this possible, we introduce a
new self-supervised contrastive loss on features, inspired by
a classic geometric definition of convexity: lines connecting
pairs of points should be contained within the shape.

We validate our approach against both classical and
deep learning baselines, demonstrating superior perfor-
mance across multiple datasets. Beyond quantitative gains,
we also showcase the practical utility of our method, en-
abling collision detection, control over granularity (Fig. 2),
and generalization to various input modalities such as Gaus-
sian splats. The main contributions of this work are summa-
rized as follows:

• We formulate convex decomposition as a contrastive
learning problem and introduce our novel, self-
supervised, geometric loss that enables scalable learning
of convex decomposition on open-world data.

• We train a feedforward network that enables state-of-the-
art performance on convex decomposition, fast inference,
and generalization to different 3D modalities.

• We demonstrate the effectiveness of our approach in dif-
ferent downstream applications such as multi-granularity
decompositions, collision detection and generalization to
different input modalities.

low threshold high thresholdinput

Figure 2. By adjusting the clustering threshold, our method can
generate decompositions at varying granularity, all from the same
feature field.

2. Related Work
Classic Convex Decomposition. Convex decomposition
is a long-studied problem in computational geometry [5, 9,
37, 41] enabling applications such as fast and precise col-
lision detection [22, 37, 53], shape deformation [59], dis-
tance computation [23, 49], skeleton extraction [28], ani-
mation [39], segmentation [18], simulation and gaming [3].
The task of exact convex decomposition—decomposing a
shape into the minimum number of strictly convex com-
ponents—is known to be NP-hard [10, 41]. Multiple
works [5, 6, 9, 24, 25] introduce different heuristics to
tackle this problem but often produce a large number of
components that limit practical use. This led to the prob-
lem of approximate convex decomposition [27] that instead
only requires components to be nearly convex, where they
first define a concavity metric that measures the deviation
of a component with its convex hull, then iteratively de-
composes a shape until the concavity metric for all com-
ponents is below a selected threshold. Concavity metrics
have been defined based on the boundary of the compo-
nent [21, 27, 29, 35], volume [4, 36, 51] or surface vis-
ibility [30, 46] with respect to its corresponding convex
hull. Notably, V-HACD [36] has long been widely-used
due to easily-available implementations and robust perfor-
mance, while recently CoACD [58] improved it by intro-
ducing a collision-aware concavity metric based on both the
shape’s boundary and interior volume. RL-ACD [34] re-
places searching with reinforcement learning to improve ef-
ficiency. Although these methods perform acceptably well
on general shapes, the search space over all partitions to
minimize concavity is enormously large, resulting in meth-
ods that are computationally slow even with assumptions
such as axis-aligned cuts [58] and voxelization [36] to re-
main tractable.

Learning-based Methods. The prevalence of deep learn-
ing has spurred efforts to replace these classical search algo-
rithms with data-driven optimization. Lacking ground-truth
labels for optimal convex decompositions, learning-based
methods such as BSP-Net [12] and Cvx-Net [16], adopt a
self-supervised paradigm, where they define a fixed set of
half-planes, and learn to optimize and assemble them to
reconstruct the target shape. Although these approaches
have shown promise in category-level datasets [8], the re-
construction objective fundamentally limits their scalability
to large-scale topological and geometric variations in open-
world data [14, 15]. Related to this line of work is learning-
based shape abstraction, where the goal is to approxi-
mate the input shape into simple primitives. These works
are commonly self-supervised with reconstruction [19, 43,
47, 52] or rendering [20, 38] to abstract the shape into
simple primitives such as cuboids [48, 52, 60, 64], su-
perquadrics [17, 20, 32, 43, 57], superellipses [63] or dif-
ferentiable support functions [42]. Part-based decomposi-



tion [31, 44, 50, 62] has also been explored and shares some
similarities with our setting, however, it does not result in a
good solution for convex decomposition.

3. Method
Convex decomposition takes a 3D shape as input and out-
puts a collection of convex bodies tightly approximating
the shape. The core of our approach is to generate a set
of features on the surface of the shape such that the dis-
tance in the feature space indicates points which should lie
in the same convex body. These features are fitted using a
new self-supervised geometric loss (Sec 3.3), and are ulti-
mately be learned with a feedforward model (Sec 3.4). Any
application-appropriate clustering-like strategy could be ap-
plied to these features; we propose a simple recursive algo-
rithm well-suited to this setting (Sec 3.5) to partition the
surface, and finally evaluate the convex hull of each par-
tition as the resulting decomposition. Figure 3 shows an
overview of our pipeline.

3.1. Formulation
We introduce our approach abstractly on a general shape
M, and will later demonstrate how to apply it to various
shape representations like meshes, point clouds, and Gaus-
sian splats. Specifically, let M ⊂ R3 denote the shape
surface that we assume to be the boundary of a solid, and
Vol(M) ⊂ R3 as the solid volume.

Convex decomposition can be viewed as finding a par-
tition ofM into a set of disjoint components {Si}, that is⋃

i Si = M and Si ∩ Sj = ∅ for i ̸= j. A good partition
is one where (i) the number of components is minimized,
and (ii) each component is a tight convex approximation
of the shape, i.e. the deviation of Si from its convex hull
hull(Si) is small. We call the latter measure concavity, and
in Sec. 4.2 we will discuss exactly how it is evaluated. We
can also define an assignment function G :M→ {Si} that
takes a point on the shape and returns which segment it is a
member of.

convex
pair

non
convex
pair

Convex Pairs. Our method is
inspired by a classic geomet-
ric definition of convexity. A
shape is convex if for any two
points, the line segment con-
necting them is entirely con-
tained inside the shape

λx+(1−λ)y ∈ Vol(M) ∀x, y ∈M, ∀λ ∈ [0, 1] (1)

we refer to such points as a convex pair. On a potentially-
nonconvex shape we can define set of all convex pairs of
points C(M) ⊆M×M as

C(M) = {(x ∈M, y ∈M) :

λx+ (1− λ)y ∈ Vol(M) ∀λ ∈ [0, 1]}
(2)

noting that it is sufficient to test only points which lie on
the surface. Any pairs (x, y) /∈ C are nonconvex, meaning
the line segment connecting them passes outside the shape.
In practice, a pair of points on a surface can be efficiently
tested for convexity by casting a ray between its endpoints
and checking for intersections with the surface.

This notion of convex pairs allows a formalization of
the optimization problem for what it means to be a good,
tightly-convex decomposition. Good decompositions max-
imize the number of convex pairs which belong to the same
segment, or equivalently minimize the number of convex
pairs split into different segments

max
{Si}︸︷︷︸

optimize over
partitions

∫∫
x,y∈C(M)︸ ︷︷ ︸

for all convex pairs
of points on the shape

1G(x)=G(y) dx dy︸ ︷︷ ︸
counting pairs which are
in the same component

(3)

where 1G(x)=G(y) is an indicator function that equal to 1
if x,y belongs to the same component. Directly optimizing
this objective would amount to an intractable combinatorial
partitioning problem, but we will show how to relax it to a
continuous feature embedding problem.

3.2. Convex Decomposition as Feature Learning
We observe that the objective in Eq. 3 shares a similar-
ity with unsupervised clustering, and draw inspiration from
this insight to reformulate the original convex decomposi-
tion objective as a feature learning problem. Here, the goal
is to learn continuous features that can later be clustered
to yield the desired convex decomposition. We consider a
field of k-dimensional features defined at each point on the
shape f : M → Rk, with some notion of feature distance
d(fx, fy), moving the argument of f(·) to a subscript for
brevity. Under this perspective, the objective from Eq. 3
can be relaxed as

min
f︸︷︷︸

optimize over
features

∫∫
x,y∈C(M)︸ ︷︷ ︸

for all convex pairs
of points on the shape

d
(
fx, fy

)
dx dy︸ ︷︷ ︸

distance between
their features

(4)

where f is the desired feature field on the shape. As-written,
Eq. 4 tries to pull pairs of points together, and thus has a triv-
ial degenerate solution with f(x) = constant, so we balance
the objective with a second term that tries to push noncon-
vex pairs apart

min
f

∫∫
x,y∈C(M)

d
(
fx, fy

)
−
∫∫

x,y/∈C(M)

d
(
fx, fy

)
(5)

which gives our feature embedding objective, restricting
||f || = 1 to prevent unbounded growth. From a machine
learning viewpoint, this objective is self-supervised, it al-
lows us to optimize for a good set of features, and hence a
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Figure 3. An overview of our convex decomposition pipeline. We train a feedforward model that takes a point-sampled 3D shape as input
and predicts a feature field represented defined over the object. At training time, these features are fit with a self-supervised geometric
objective derived from the definition of convexity. At inference time, the features are clustered to split the shape into components, and the
convex hull of each component becomes the decomposition. Note that feature colors are visualized by running PCA on the feature field.

good decomposition, purely from the geometry of the input
shape. In practice, optimization amounts to first sampling
many pairs x, y of points on a shape, geometrically test-
ing whether each pair x, y ∈ C(M) based on whether the
line between the points is contained in the shape, and fi-
nally continuously optimizing for features to minimize the
embedding objective.

3.3. Contrastive Feature Learning
Eq. 5 is already a well-posed embedding problem, but rather
than optimizing it directly we follow previous works [11,
31] to recast it as relative contrastive learning, which is
more amenable to high-dimensional stochastic optimization
without imposing a metric structure. The contrastive objec-
tive is defined by gathering triplets of points x, p, n ∈ M
forming a positive pair x, p ∈ C(M) and negative pair
x, n /∈ C(M), with the goal that the distance between the
positive pair should be smaller than the distance between
the negative pair. The loss is then a log-normalized balance

Lcc = − 1
2

[
log

sim(fx, fp)

sim(fx, fp) + sim(fx, fn)

+ log
sim(fp, fx)

sim(fp, fx) + sim(fp, fn)

]
,

(6)

where we also exchange smaller-is-closer distance for
larger-is-closer similarity, typically the exponential of co-
sine distance on sphere-normalized features sim(x, y) =
exp
(
x · y/τ

)
, with τ as a temperature hyperparameter akin

to a softmax.
Triplet Sampling and Hard Negatives. The triplets
(x, p, n) could be generated by uniform rejection sampling,
but this is computationally expensive to begin with, and fur-
thermore there is opportunity to seek out hard negative sam-
ples which are particularly informative to the optimization

process. We first choose an anchoring sample x ∈ M uni-
formly from the object’s surface. To get a sample p ∈ M
forming a positive pair with x, we cast a random ray into
the hemisphere opposite the surface-normal direction of x,
into the interior of the shape, and takes the point where it
exits the surface as p. To get a sample n ∈ M forming
a negative pair with x, we rejection sample by generating
candidates on the surface ofM and testing whether the line
segment connecting x and n exits the shape. Rather than
uniformly gathering points on the surface, we prefer neg-
atives spatially close to x, sampling inversely proportional
to the Euclidean distance P(n) = 1

∥n−x∥2 . These negatives
are likely to be challenging pairs, enabling more efficient
optimization of features.

The geometric queries in this sampling procedure can
be implemented efficiently and robustly, as it requires only
sampling points and casting rays, the latter of which can be
hardware-accelerated with libraries like Intel Embree and
NVIDIA OptiX for fast on-the-fly triplet generation.

positive pairs
hemisphere sampling

negative pairs
hard Euclidean sampling

nearer points
are more likely

cast rays
source point

Figure 4. Contrastive training triplets are formed by a source point,
a positive pair generated by casting a ray in a random inward di-
rection (left), and a negative pair rejection-sampled from all points
on the surface weighted to prefer nearby points (right).



Single shape optimization process Feedforward
Figure 5. Left: Visualization of the learned feature field during our
single-shape optimization, shown at different optimization stages.
Right: Feature fields produced directly by our feed-forward model.

Single shape optimization. Given the sampling and opti-
mization procedures described above, we can optimize our
feature fields directly on a single shape to obtain its convex
decomposition. Figure 5 shows an example of such opti-
mization. Although already effective, we take advantage of
feature-based setting to train a feedforward model to gener-
ate smoother features, rather than fitting them per-shape.

3.4. Feedforward Model
Feature-based formulations have been used throughout vi-
sual computing as a framework for large-scale learning of
segmentation, embeddings, and more [7, 40, 45]. Refor-
mulating convex decomposition as a feature learning prob-
lem makes it amenable to this approach, allowing us to train
a feedforward model predicting the field f conditioned on
an input shape M, self-supervised across a large dataset
of open-world 3D shapes [14, 15]. Our self-supervised
geometric loss (Eq. 6) is essential, sidestepping the lack
of high-quality ground truth supervision for this task to
learn solely from the shapes’ geometry. Compared with
per-shape optimization, the feedforward model offers three
main advantages: (a) fast inference, (b) smooth feature
fields that are robust to input noise or incomplete geome-
try (c) generalization across 3D input modalities, i.e. our
model can be applied to different 3D representations at in-
ference time, without requiring a watertight mesh.

We adopt an architecture similar to prior work on open
world-shape learning [31]. The model takes as input a point
cloud sampled from the shape’s surface M, and outputs a
triplane-encoded feature field that can be evaluated at any
spatial location. This network consists of two main stages.
First, a PVCNN encoder [33] encodes an input shape M
represented as a point cloud and extracts per-point features
from the input. These features are orthogonally projected
onto three axis-aligned 2D feature planes via mean reduc-
tion to form an initial triplane representation. These initial
triplanes are processed by a 2D CNN for downsampling,
then reshaped and passed through a transformer module,
and finally upsampled via a transposed 2D CNN to recon-
struct final feature triplanes. Hence for any 3D query point
we have its corresponding feature is retrieved by aggregat-
ing corresponding features from the final feature triplane.

Decomposition HierarchyConvex Union

Figure 6. A hierarchical decomposition tree from our algorithm.

3.5. Recursive Decomposition on Features
At inference time, our trained model generates feature fields
f : M → Rk, such that similar features indicate surface
regions that should appear together in the decomposition.
Concretely, we densely sample features on the surface of
the input shape S using the predicted field and apply off-the-
shelf clustering algorithms to partition S into approximate
convex components {Si}. In principle any clustering algo-
rithm could be used for this purpose, common choices in-
clude k-means for fast performance, or agglomerative clus-
tering to take connectivity into account. For mesh-based
inputs, features are sampled per face and clustered using
agglomerative clustering with mesh connectivity. For other
modalities such as point clouds, we blend feature-space dis-
tance and Euclidean distance and apply k-means clustering.
Finally, we compute convex hulls {hull(Si)} for each clus-
ter, whose union approximates the input geometry.

There is no obvious strategy to choose the number of
clusters in the decomposition of a shape, so we adopt a re-
cursive strategy of repeatedly binary clustering until a de-
sired user-specified concavity threshold is reached. This
threshold allows control over the granularity of the output;
importantly this granularity need only be set during the clus-
tering post-processing, and our learned features can be used
for decomposition at any granularity. Algorithm 1 describes
the divide-and-conquer strategy. For each cluster which is
not yet a sufficiently tight convex proxy for its covered re-
gion, we apply binary clustering to split it, then recurse on
both subcomponents. Components are processed in order
of concavity until all reach the target threshold, or a user-
specified maximum component count is reached. Figure 6
illustrates an example of this process.

4. Experiments
4.1. Implementation details
We train our model on the Objaverse dataset [14]. Low-
quality data, such as scans with broken or incomplete ge-
ometry, are filtered out, leaving approximately 340K shapes
for training. All shapes are normalized to the range [−1, 1]3,
and 100,000 points are uniformly sampled from each shape



Algorithm 1: Our Recursive Decomposition
Require: Mesh S, threshold ε, max hulls K
Ensure: PartsR

1: P ← SAMPLE(S); F ← MODEL(P )
2: CS ← CONCAVITY(S)
3: Q ← {(S, CS)} {max-heap by concavity}
4: R ← ∅; N ← 0
5: while Q ̸= ∅ and N < K do
6: (P,CP )← POPMAX(Q)
7: if CP < ε then
8: R.ADD(P ); N ← N + 1
9: else

10: (P1, P2)← CLUSTERING(P, 2)
11: C1 ← CONCAVITY(P1);

C2 ← CONCAVITY(P2)
12: PUSH(Q, (P1, C1)); PUSH(Q, (P2, C2))
13: end if
14: end while
15:
16: return R

as network input. For every shape, we generate 10,000
triplets; for each triplet, 64 positive and 512 negative sam-
ples are drawn to construct candidate pairs.

The feature field has a dimensionality of 448. The tri-
plane representation has a spatial resolution of 512 × 512
with 128 channels, and the transformer backbone consists
of six layers. We train the model for 600,000 steps on eight
NVIDIA A100 GPUs over one week, using a batch size of
two per GPU. It takes 5s to generate features and 13s for the
recursive algorithm to perform decomposition.

4.2. Baseline Comparisons
Evaluation Datasets. We evaluate our method on three
datasets: V-HACD [36], PartObjaverse-Tiny [61] and
ShapeNet [8] datasets. The V-HACD dataset contains
61 3D models including mechanical objects, animals, and
human body parts, and is commonly used for evaluat-
ing approximate convex decomposition algorithms. The
PartObjaverse-Tiny dataset is a curated subset of the large-
scale Objaverse collection, containing 200 3D objects span-
ning diverse semantic categories. ShapeNet [8] is a large
dataset for man-made shapes commonly used for evaluating
learning based 3D shape reconstruction. We use 13 most
common categories in ShapeNet and randomly sample 10%
of the shapes from the test set resulting in 900 models.

Evaluation Metric. Following previous work, we eval-
uate all methods using the concavity metric defined
in [58]. We compute maxi(Concavity(M ∩ hull(Si)),
where Concavity(P ) is the maximum of the surface and
volumetric Chamfer distances between P and its con-
vex hull. We also further report the overall reconstruc-

Concavity ↓ Recon. Error ↓

# comp. # comp.
OURS VHACD CoACD

Figure 7. Quantitative comparison with CoACD and VHACD on
the VHACD dataset under different granularity.

tion accuracy defined as the Chamfer distance between
the input shape and the union of all convex hulls, i.e.
Chamfer(M,∪ihull(Si)).

Baselines. We compare our method against both (i) clas-
sical convex decomposition approaches: CoACD [58] and
V-HACD [36], as well as (ii) learning-based methods: Cvx-
Net [16] and BSP-Net [12]. For fair comparison, we re-
port both Cvx-Net and BSP-Net using their original setup
trained on ShapeNet (Cvx-S, BSP-S) as well as both mod-
els trained on Objaverse, a larger dataset corpus (Cvx-O,
BSP-O). We use their recommended parameter settings in
all experiments. Quantitative evaluation for CoACD and
V-HACD are computed by setting hyper-parameters that
maintain the same level of granularity with our method and
visualize results at different granularity level qualitatively.

Results. Quantitative results are reported in Table 1,
where we see that across all datasets, our method consis-
tently outperforms both classical and learning-based base-
lines in terms of concavity and reconstruction error at any
given component count. Figure 7 further comprehensively
compares our method against V-HACD and CoACD show-
ing superior performance at multiple granularity levels. Fig-
ure 12 shows our qualitative results. While these classical
approaches remain strong baselines, they often fail to cap-
ture inclined convex regions, leading to unnecessary splits
(top row: hermit crab shell) due to their axis-aligned cut as-
sumption. In contrast, our approach better preserves large
convex structures (third row: submarine), separates nearby
convex parts (fourth row: elephant), and performs well even
when restricted to a small number of components (second
row: airplane). On learning-based baselines, both Cvx-S
and BSP-S struggle to generalize on shapes beyond those in
ShapeNet as shown by their poor reconstruction results (see
airplane in the second row vs other examples), even when
using a substantially larger number of convexes. While both
Cvx-O and BSP-O improve in reconstruction quality, their
resulting convex decomposition are still far from ideal, sug-
gesting that both do not scale well to open-world shapes.
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Figure 8. Qualitative results against the baselines.

VHCD Dataset PartObjaverse-Tiny ShapeNet
# comp. concavity recon. # comp. concavity recon. # comp. concavity recon.

VHCD 13.39 0.1176 0.0213 21.94 0.1800 0.0318 14.73 0.1155 0.0201
COACD 14.47 0.1095 0.0321 23.63 0.1388 0.0321 13.02 0.0746 0.0172

BSP-Net (ShapeNet) 12.90 0.2249 0.1227 12.33 0.2593 0.1258 21.58 0.2107 0.0273
BSP-Net (Objaverse) 22.26 0.1857 0.0297 21.44 0.1964 0.0315 16.15 0.1592 0.0273

Cvx-Net (ShapeNet) 50.00 0.4673 0.0814 50.00 0.5079 0.0808 50.00 0.1795 0.0234
Cvx-Net (Objaverse) 50.00 0.2880 0.0373 50.00 0.2970 0.0359 50.00 0.2191 0.0258

Ours 11.90 0.0973 0.0180 21.18 0.1257 0.0254 12.63 0.0656 0.0142

Table 1. Quantitative comparison across three datasets. #comp. denotes the number of convex components, and recon. denotes reconstruc-
tion accuracy measured using Chamfer distance. For all metrics, lower ↓ means better.

4.3. Analysis and Ablation
Concavity thresholds ϵ. Figure 2 shows the convex de-
composition produced under different user-specified con-
cavity thresholds ϵ, which directly controls the decompo-
sition granularity. Lower thresholds produce more com-
ponents and preserve finer geometric details, while higher

thresholds yield fewer components and result in coarser ap-
proximations of the input shape.

Ablation Study. We evaluate variants of our framework
to understand the impact of each component. First, we re-
move hard-negative sampling when selecting negative pairs
and hemisphere-based sampling when selecting positive



VHCD Dataset Objaverse-Tiny
#comp conc. recon. #comp conc. recon.

- Hard-neg 12.88 0.0993 0.0186 21.60 0.1293 0.0268
- Hemis-Pos 13.08 0.0999 0.0219 23.27 0.1286 0.0263

- Recur. Clus. 12.25 0.1292 0.0191 25.44 0.1375 0.0288
Single opt. 12.40 0.1134 0.0198 22.35 0.1300 0.0266

Ours 11.90 0.0973 0.0180 21.18 0.1257 0.0254

Table 2. Quantitative ablation on components of our approach.

Figure 9. Convex decompositions are used to accelerate colli-
sion handling in physical simulations, shown here on rigid bodies,
decomposed with our method and simulated under gravity in the
Newton engine [2] .

pairs in the contrastive triplet construction (Section 3.3).
We also compare against a version that does not use our
recursive decomposition strategy (Section 3.5), instead in-
creasing the number of clusters in a flat clustering procedure
until the stopping criterion is met. Finally, we include an ab-
lation where optimization is performed directly on a single
shape rather than through the feedforward model. Quanti-
tative results for all settings are shown in Table 2.
3D segmentation features. Although 3D segmentation
and convex decomposition share conceptual similarities,
segmentation features are not suitable for convex partition-
ing. To highlight this difference, we apply our recursive de-
composition algorithm to feature fields produced by a recent
3D segmentation model, PartField [31]. PartField’s features
reflect semantic structure, which leads to poor convex par-
titions when clustering is applied. In contrast, our method
learns features that are convex-aware, enabling accurate and
geometrically meaningful decompositions.

4.4. Applications
Collision Detection. We showcase our convex decompo-
sition results by applying the default collision detection im-
plementation in Newton [2] as shown in Figure 9. Our con-
vex approximation yields a 5x faster simulation step v.s. us-
ing the original meshes (8ms vs 40ms).

Input Modalities. Our feed-forward model operates di-
rectly on point clouds, allowing it to be applied to 3D shapes
in a wide range of modalities. Figure 10 shows convex de-
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Figure 10. Our model can take different modalities as input, in-
cluding CAD models, 3D scans, and 3D Gaussian splats, and per-
form convex decomposition.

Input shape

Our features

Partfield features

Our decomp.

Partfield decomp.

Figure 11. Our geometric objective produces convex-aware fea-
tures for accurate decomposition (top). PartField instead yields
nearly uniform features on flat regions. For example, the L-shaped
surface appears almost entirely red—resulting in inferior decom-
position (bottom). Feature colors are visualized by principle com-
ponent analysis on the feature field.

compositions generated from CAD models of mechanical
parts from the ABC dataset [26], real-world 3D scans [1],
and AI-generated 3D Gaussian splats. Although trained
primarily on point clouds sampled from human-authored
meshes, the model generalizes well across these diverse in-
put types, demonstrating broad applicability.

5. Limitations and Future Work
Our model was trained
on clean object-level data,
and does not necessarily
generalize to scene-scale
or highly-incomplete ge-
ometry; one route to en-
hance this capability is training on scenes and noise-injected
data. Our model also struggles with complex thin structures
such as the frame of the fan (inset). More broadly, we are
optimistic about further extending the generation of con-
vex decompositions with feature learning, such as learning
semantically-aware proxies adapted to likely motions of an
object.
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Learning Convex Decomposition via Feature Fields

Supplementary Material

This document supplements the main paper Learning
Convex Decomposition via Feature Fields. In particular,
we provide additional implementation details (Sec. A), base-
line comparison details (Sec. B), runtime comparison with
baselines (Sec. C), an alternative training objective ablation
(Sec. D) and more qualitative results on our proposed method
(Sec. E).

A. Implementation Details

A.1. Triplet Sampling

Positives and negatives for our contrastive loss are sampled
on the fly during training. For each shape, we first run march-
ing cubes on a precomputed 2563 signed distance function
grid to obtain a watertight mesh. We then uniformly sample
1024 surface points as anchor points. For each anchor point,
we cast 64 random rays into the hemisphere opposite the sur-
face normal to obtain 64 positive candidate pairs. Negative
candidates are generated via rejection sampling over the sur-
face points of the entire shape until we obtain 1024 valid neg-
ative samples for each anchor. Triplets are then constructed
by pairing positives and negatives that share the same an-
chor point. Specifically, for each anchor point we sample
one positive pair (x,p) uniformly from the 64 positive candi-
dates. Each positive pair is then matched with 512 negatives
(x, {n}): 256 sampled uniformly and 256 selected via hard-
negative mining from the pool of 1024 negative candidates.
This produces triplets (x, p, {n}), and the contrastive loss is
defined as:

L = −1

2

[
log

(
sim
(
f(x), f(p)

)
sim
(
f(x), f(p)

)
+
∑

n sim
(
f(x), f(n)

))

+ log

(
sim
(
f(p), f(x)

)
sim
(
f(p), f(x)

)
+
∑

n sim
(
f(p), f(n)

))]
(7)

We utilize Embree [55] via pyembree to accelerate ray–mesh
intersection.

A.2. Input Preprocessing and Clustering

For all experiments except those using 3D Gaussian splats as
input, we preprocess each shape into a manifold, watertight
mesh following the protocol of [56]. Clustering is then per-
formed using agglomerative clustering from SciPy [54]. For
experiments that use 3D Gaussian splats as input, we instead
operate directly on point features using K-means clustering.

A.3. Metric Definitions
For easy comparison, we adopt the definition of the concavity
metric from [58] as:

Concavity(S) = max
(
H(∂S, ∂ hull(S)), H(Vol(S), Vol(hull(S)))

)
(8)

where H(·) denotes the Hausdorff distance, ∂S is the surface
of S, and Vol(S) denotes points sampled in its interior. We
uniformly sample 20,000 points per component to compute
this metric. For reconstruction metric, we measure mean sur-
face Chamfer distance between original shape and the union
of convex hull, we also sample 20,000 points to calculate this
metrics.

B. Baseline Comparisons Details
BSP-Net [12]. We use the official PyTorch codebase and
the released checkpoint trained on ShapeNet. In addition, we
train the network on the Objaverse subset used by our model.
Following the official training protocol, we train the auto-
encoding network (voxel input) for 8M steps at voxel reso-
lutions 16 and 32, and for 16M steps at resolution 64 during
Phase 0. We then train for another 16M steps at resolution
64 for Phase 1. We use the default network architecture and
optimizer settings.

Cvx-Net [16]. We use the official TensorFlow implementa-
tion. Since no pretrained checkpoint is available, we train the
network separately on ShapeNet and on our Objaverse subset.
The model takes 20 depth images as input. Following their
original protocol, for each shape, we sample random camera
positions uniformly on a sphere of radius 1.5 centered at the
origin and render depth maps at a resolution of 224 × 224.
We train the network for 1M steps.

VHACD [36]. We run VHACD using the implementation
in the PyBullet[13] package. All shapes are processed with
a 1M-voxel approximation. Like our approach, the algorithm
allows the user to select a threshold to control the granularity
of the decomposition; finer decomposition granularity gen-
erally improves quality metrics at the expense of generating
more components. For fair comparison, we follow a similar
approach to [58] in selecting the threshold value and man-
ually search for a suitable value that roughly results in the
same granularity, i.e. the same number of resulting hulls. For
Table 1 and Table 2, we use a fixed threshold of 0.01.

CoACD [58]. We use their official implementation in our
comparisons. Similar to VHACD, the algorithm requires
specifying a threshold to control the granularity of the decom-
position; finer decomposition granularity generally improves



VHACDCoACD CVX BSP Ours

time (s) 16.11 25.86 1.46 1.02 13.32
memory (GB) 0.5 5.5 1.78 1.38 2.61

GPU memory (GB) - - 2.08 1.65 3.61
model size (Mparams) - - 44 39 106

Table 3. Per-shape computation cost on VHACD dataset

VHCD Dataset Objaverse-Tiny
#comp conc. recon. #comp conc. recon.

Alter. objective 15.24 0.1243 0.0260 27.36 0.1653 0.0303
Ours 11.90 0.0973 0.0180 21.18 0.1257 0.0254

Table 4. Quantitative ablation on alternative training objectives.

quality metrics at the expense of generating more compo-
nents. For fair comparison, we follow their evaluation pro-
tocol in selecting the threshold value and manually search for
a suitable value that roughly results in the same granularity,
i.e. the same number of resulting hulls. For Table 1 and Ta-
ble 2, we use a fixed threshold of 0.10.

C. Run time comparison with baseline methods
Table 3 compares run time statistics with baseline meth-
ods. Our approach is somewhat faster than optimization-
based methods and somewhat slower than feedforward learn-
ing model, but offers quality improvements over both.

D. Additional Ablation with Alternative Train-
ing Objectives

We provide an additional ablation to validate the effectiveness
of our loss function. Specifically, we ablate on our triplet-
based contrastive learning objective. We compare it against a
network trained on our feature embedding objective defined
in Equation 5, but without using triplets. Concretely, we train
the model with the following loss:

L = 1
2

[
− f(x)⊤f(p) + f(x)⊤f(n)

]
(9)

As shown in Table 4, the triplet-based contrastive loss used
in our main method outperforms this alternative objective,
demonstrating its effectiveness.

E. More Results
We present additional qualitative results across various gran-
ularities for further evaluation.
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Figure 12. Additional result.
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