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Abstract

Abstract: We present D2CSG, a neural model composed of two dual and comple-
mentary network branches, with dropouts, for unsupervised learning of compact
constructive solid geometry (CSG) representations of 3D CAD shapes. Our net-
work is trained to reconstruct a 3D shape by a fixed-order assembly of quadric
primitives, with both branches producing a union of primitive intersections or
inverses. A key difference between D2CSG and all prior neural CSG models is its
dedicated residual branch to assemble the potentially complex shape complement,
which is subtracted from an overall shape modeled by the cover branch. With the
shape complements, our network is provably general, while the weight dropout
further improves compactness of the CSG tree by removing redundant primitives.
We demonstrate both quantitatively and qualitatively that D2CSG produces com-
pact CSG reconstructions with superior quality and more natural primitives than
all existing alternatives, especially over complex and high-genus CAD shapes.

1 Introduction

CAD shapes have played a central role in the advancement of geometric deep learning, with most
neural models to date trained on datasets such as ModelNet [51], ShapeNet [2], and PartNet [33] for
classification, reconstruction, and generation tasks. These shape collections all possess well-defined
category or class labels, and more often than not, the effectiveness of the data-driven methods is tied
to how well the class-specific shape features can be learned. Recently, the emergence of datasets of
CAD parts and assemblies such as ABC [21] and Fusion360 [49] has fueled the need for learning
shape representations that are agnostic to class labels, without any reliance on class priors. Case in
point, the ABC dataset does not provide any category labels, while another challenge to the ensuing
representation learning problem is the rich topological varieties exhibited by the CAD shapes.

Constructive solid geometry (CSG) is a classical CAD representation; it models a 3D shape as a
recursive assembly of solid primitives, e.g., cuboids, cylinders, etc., through Boolean operations
including union, intersection, and difference. Of particular note is the indispensable role the difference
operation plays when modeling holes and high shape genera, which are common in CAD. Recently,
there have been increased interests in 3D representation learning using CSG [9, 50, 41, 40, 19, 57, 6,
3], striving for generality, compactness, and reconstruction quality of the learned models.

In terms of primitive counts, a direct indication of compactness of the CSG trees, and reconstruction
quality, CAPRI-Net [57] represents the state of the art. However, it is not a general neural model,
e.g., it is unable to represent CAD shapes whose assembly necessitates nested difference operations
(i.e., needing to subtract a part that requires primitive differences to build itself, e.g., see the CAD
model in Fig. 2). Since both operands of the (single) difference operation in CAPRI-Net can only
model intersections and unions, their network cannot produce a natural and compact CSG assembly
for relatively complex CAD shapes with intricate concavities and topological details; see Fig. 1.
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Figure 1: Comparing CSG trees and shape reconstructions by our network, D2CSG, and CAPRI-
Net, the current state of the art. To reproduce the ground truth (GT) shape, a natural CSG assembly
necessitates a difference operation involving a complex residual shape, which D2CSG can predict with
compactness (only three intermediate, general shapes) and quality. CAPRI-Net can only build it using
a union of convexes, requiring unnecessarily many primitives and leading to poor reconstruction.

In this paper, we present D2CSG, a novel neural network composed of two dual and complementary
branches for unsupervised learning of compact CSG tree representations of 3D CAD shapes. As
shown in Fig. 2, our network follows a fixed-order CSG assembly, like most previous unsupervised
CSG representation learning models [57, 6, 3]. However, one key difference to all of them is the
residual branch that is dedicated to the assembly of the potentially complex complement or residual
shape. In turn, the shape complement is subtracted from an overall shape that is learned by the cover
branch. Architecturally, the two branches are identical, both constructing a union of intersections of
quadric primitives and primitive inverses, but they are modeled by independent network parameters
and operate on different primitive sets. With both operands of the final difference operation capable
of learning general CAD shape assemblies, our network excels at compactly representing complex
and high-genus CAD shapes with higher reconstruction quality, compared to the current state of the
art, as shown in Fig. 1. To improve the compactness further, we implement a dropout strategy over
network weights to remove redundant primitives, based on an importance metric.

Given the challenge of unsupervised learning of CSG trees amid significant structural diversity among
CAD shapes, our network is not designed to learn a unified model over a shape collection. Rather,
it overfits to a given 3D CAD shape by optimizing a compact CSG assembly of quadric surface
primitives to approximate the shape. The learning problem is still challenging since the number,
selection, and assembly of the primitives are unknown, inducing a complex search space.

In contrast to CAPRI-Net, our method is provably general, meaning that any CSG tree can be
converted into an equivalent D2CSG representation. Our dual branch network is fully differentiable
and can be trained end-to-end with only the conventional occupancy loss for neural implicit models [4,
3, 57]. We demonstrate both quantitatively and qualitatively that our network, when trained on
ABC [21] or ShapeNet [2], produces CSG reconstructions with superior quality, more natural trees,
and better quality-compactness trade-off than all existing alternatives [3, 6, 57].

2 Related Work

In general, a 3D shape can be represented as a set of primitives or parts assembled together. Primitive
fitting to point clouds has been extensively studied [29, 26, 24]. For shape abstraction, cuboid
[44][54] and super quadratics [38] have been employed, while 3D Gaussians were adopted for
template fitting [12]. From a single image, cuboids have also been used to estimate object parts and
their relations using a convolutional-recursive auto-encoder [34]. More complex sub-shapes have
been learned for shape assembly such as elementary 3D structures [8], implicit convex [7], and neural
star components [20], as well as parts in the form of learnable parametric patches [41], moving or
deformable primitives [30, 58, 55, 37], point clouds [28], or a part-aware latent space [10]. However,
none of these techniques directly addresses reconstructing a CSG tree for a given 3D shape.

Deep CAD Models. Synthesizing and editing CAD models is challenging due to their sharp features
and non-trivial topologies. Learning-based shape programs have been designed to perform these
tasks by providing easy-to-use editing tools [43, 11, 17, 1]. Boundary Representations (B-Reps) are
common for CAD modeling and there have been attempts to reverse engineer such representations
given an input mesh or point cloud [52]. For example, BRepNet [23], UV-Net [15], and SBGCN [16]
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Figure 2: For a given 3D shapeS (shown at the right end), our network D2CSG is trained to optimize
both its network parameters and a feature code to reconstructS by optimizing an occupancy loss. The
network parameters de�ne a CSG assembly over a set of quadric primitives and primitives inverses.
The assembly is built using two identical branches: a cover branch (top), producing shapeSC , and a
residual branch (bottom), producing shapeSR . After applying intersections and a union to obtain
the cover shapeSC and residual shapeSR , by optimizing their respective occupancy losses, the
recovered shape is obtained via a difference operation. A dropout is further applied to the parameters
in the intersection and union layer for removing redundant primitives and intermediate shapes.

offer encoder-based networks to work with B-Reps and their topological information through message
passing for CAD model analysis. NH-Rep [14] proposed several hand-crafted rules to infer CSG
trees from B-Reps. However, the leaf nodes of their CSG trees are not parameterized primitives but
implicit surfaces. Extrusion-based techniques [50, 53, 39] have also been used in deep-learning-based
CAD shape generation, but extrusions do not provide general shape representations and the ensuing
supervised learning methods [48, 50] are restricted to speci�c datasets.

Learning CSG. Learning CSG representations, e.g., primitive assembly [47] and sketch analy-
sis [35, 25], has become an emerging topic of geometric deep learning. While most approaches are
supervised, e.g., SPFN [26], ParseNet [41], DeepCAD [50], ComplexGen [13], Lambourne et al. [22]
and Point2Cyl [45], there have been several recent attempts at unsupervised CSG tree reconstruction,
especially under the class-agnostic setting, resorting to neural implicit representations [4, 31, 36, 3].
InverseCSG [9] is another related method, which �rst detects a collection of primitives over the sur-
face of an input shape using RANSAC, then performs a search to �nd CSG sequences to reconstruct
the desired shape. However, RANSAC requires meticulous parameter tuning and the initially detected
primitives can be noisy. Additionally, the space of CSG sequences is vast, leading to a lengthy search
process. CSG-Net [40] employs a GRU-based decoder to generate CSG programs and resorts to RL
to �nd the optimal CSG sequence for a target shape. However, the large search space for their beam
search limits the method's ability to reconstruct complex target shapes. PLAD [18] follows CSG-Net
and improves the program training with pseudo-labels and approximate distributions, but suffers from
similar limitations as CSG-Net due to the use of similar program grammars and sequential network
designs. UCSG-Net [19] learns to reconstruct CSG trees with arbitrary assembly orders. Such a task
is dif�cult due to the order �exibility, but it can be made feasible by limiting the primitives to boxes
and spheres only. More success in terms of reconstruction quality and compactness of the CSG trees
has been obtained by learning�xed-order assemblies, including D2CSG.

BSP-Net [3] learns plane primitives whose half-spaces are assembled via intersections to obtain
convexes, followed by a union operation, to reconstruct concave shapes. CAPRI-Net [57] extends
BSP-Net by adding quadric surface primitives and a difference operation after primitive unions.
Similar to D2CSG, CAPRI-Net [57] also tries to perform a �nal shape difference operation by
predicting a set of primitives that undergo a �xed order of intersection, union, and difference
operations to obtain the target shape. However, it constrains all primitives to be convex and its
sequence is notgeneralto support all shapes. To support generality, the set of primitives in D2CSG
includes both convex primitives and complimentary primitives (see Section 3.1). This enables
the integration of difference operations during the initial phases of the CSG sequence. See the
supplementary material for a formal proof of the generality of D2CSG. CSG-Stump [6] also follows
a �xed CSG assembly order while including an inverse layer to model shape complements. The
complement operation helps attain generality of their CSG reconstructions, in theory, but the inverse
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