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Abstract

Learning compact and general Constructive Solid
Geometry (CSG) representations in a deep-learning-
friendly manner remains a fundamental yet challenging
problem. Existing methods often produce overly com-
plex CSG expressions with heavy model architectures,
whereas lightweight models tend to lack generality. To
address this challenge, we propose ANF-CSG, an unsu-
pervised neural framework based on the Algebraic Nor-
mal Form (ANF) of Boolean expressions. Firstly, we
explicitly derive how standard CSG operations can be
expressed in ANF-based form. Secondly, by leveraging
only intersection and exclusive-or operations, ANF-CSG
naturally produces CSG representations that are both
structurally compact and provably general. This formu-
lation enables the design of a shallow but still expressive
neural architecture, substantially reducing model com-
plexity while preserving representational power. Finally,
extensive experiments demonstrate that ANF-CSG out-
performs state-of-the-art methods. Our work provides a
new perspective on neural CSG modeling by connecting
Boolean algebra with deep learning.

Keywords: Constructive Solid Geometry (CSG), Alge-
braic Normal Form (ANF), Geometry Modeling and Pro-
cessing, Deep Learning.

1. Introduction

With the rapid advancement of deep learning, re-
searchers have explored various forms of 3D shape repre-
sentations, such as voxels [18, 32, 34, 28, 27], meshes [8,
10, 14, 19, 22], point clouds [33, 15, 35, 31], and Construc-
tive Solid Geometry [30, 29, 12, 2, 5, 37, 36].

Among them, CSG stands out as an expressive repre-
sentation, enabling the construction of complex geome-
tries from basic primitives via Boolean operations (e.g.,
union, intersection, and difference). Consequently, learn-
ing effective representations of CSG models has been a

Intersection

Exclusive-or

I

I

Figure 1. ANF-CSG composition of 3D shapes. Each shape is con-
structed using two types of operations: intersection and exclusive-
or. This representation yields a concise two-layer structure suit-
able for deep learning.

long-standing and fundamental problem in computer vision,
computer graphics, and geometry modeling and processing.

In this work, we aim to learn compact and general CSG
representations. By compactness, we mean structural sim-
plicity realized by the fixed two-layer Boolean structure of
ANF-CSG. This property arises from the formulation itself,
rather than from optimization strategies or dataset charac-
teristics. Generality refers to the capability to represent any
valid CSG shape composed from the basic Boolean oper-
ations: union, intersection, and difference. In particular,
representations without the difference operation cannot ef-
ficiently represent shapes with holes or cavities, limiting
their practical generality. Such representations are crucial
for downstream tasks, including model reconstruction, ge-
ometry editing, and shape generation. Achieving a balance
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between compactness and generality remains an open chal-
lenge. Addressing this trade-off is both theoretically mean-
ingful and practically valuable.

Existing approaches to learning Constructive Solid Ge-
ometry representations can be broadly categorized based
on how the Boolean expression structures are organized.
The first category focuses on variable CSG trees. For in-
stance, CSGNet [30] represents shapes as hierarchical CSG
trees and predicts expressions in a sequential manner, while
UCSG-Net [12] introduces specialized CSG layers to gen-
erate interpretable shape programs. These tree-based ap-
proaches are flexible and can represent a wide variety of
shapes. However, they often suffer from several practi-
cal limitations, including training instability, poor scalabil-
ity to complex geometries, and structural redundancy aris-
ing from the dynamic nature of the generated programs.
The second category adopts a fixed operation order to sim-
plify expression generation. Methods such as BSP-Net [2],
CVXNet [5], and CAPRI-Net [37] approximate shapes us-
ing predefined sets of primitives, such as hyperplanes or
quadratic surfaces, and generate representations following a
fixed sequence of operations. While these approaches ben-
efit from architectural regularity, their outputs are often dif-
ficult to interpret or edit. CSG-Stump [25] and D2CSG [36]
are provably general under their respective designs. Al-
though both guarantee that any valid CSG expression can
be represented, their architectures remain relatively heavy.

Motivated by Occam’s Razor—the principle that “enti-
ties should not be multiplied beyond necessity”—we adopt
a “less is more” approach to directly learn CSG expres-
sions from 3D shapes. Our goal is to obtain a representa-
tion that is both structurally compact and provably general.
To this end, we introduce ANF-CSG, a lightweight and
principled framework based on the Algebraic Normal Form
from Boolean algebra (see Figure 1). Unlike prior meth-
ods, ANF-CSG represents shapes solely using intersection
(AND) and exclusive-or (XOR) operations, organized in a
concise two-layer hierarchy: primitives are first composed
through intersection, then combined via exclusive-or. This
formulation is both minimal in structure and provably gen-
eral: any CSG expression can be equivalently converted to
ANF.

A key property of ANF is its uniqueness: every Boolean
function has a single canonical form under the ANF for-
mulation [38]. This property removes equivalent or redun-
dant logical structures, significantly simplifying the repre-
sentation. Consequently, the network trains more efficiently
and exhibits greater stability compared to prior CSG-based
learning methods. Together, these properties make ANF-
CSG a framework that is both structurally compact and gen-
eral for learning CSG expressions.

In summary, the paper has the following contributions:

• We introduce ANF-CSG, a novel unsupervised frame-

work that leverages the Algebraic Normal Form of
Boolean expressions to represent arbitrary CSG pro-
grams in a compact and general manner.

• By leveraging the uniqueness property of ANF, our
formulation can help reduce redundant equivalent pro-
grams and provide a deep-learning-friendly represen-
tation that requires only two layers of Boolean opera-
tions (intersection and exclusive-or).

• Extensive experiments show that ANF-CSG outper-
forms existing methods in reconstruction quality, pro-
duces more structurally compact representations, and
enables faster training and fine-tuning.

2. Related Work

This section reviews two lines of work closely related to
ours: general 3D shape representations used in computer vi-
sion and graphics, and recent approaches for CSG learning.
Shape Representation. In the field of computer vision
and graphics, a variety of shape representations have been
developed, each tailored to different applications and sce-
narios. Volumetric representations extend the concept of
2D pixels into 3D space and thus allow many image-based
techniques to be readily adapted to 3D. However, the cu-
bic growth of memory and computational cost with resolu-
tion imposes severe limits on the level of geometric detail
they can capture [32, 34, 28]. Mesh representations, one of
the most widely used formats in geometry modeling and
processing, approximate surfaces using polygonal facets.
They can effectively capture both the shape surface and the
topological structure. Nonetheless, the non-uniformity of
mesh poses significant challenges for learning-based meth-
ods [18, 8, 10, 14, 19, 22]. With the advancement of
3D scanning technologies, point cloud-based learning has
become increasingly popular. Many recent methods em-
ploy multilayer perceptrons or convolutional architectures
to process unordered point sets. While point clouds are
simple and easy to acquire, they lack explicit topological
structure and may fail to capture critical local geometry due
to their sparse and irregular sampling [33, 9, 15, 35, 31].

More recently, implicit representations, such as Signed
Distance Field or Occupancy, have gained traction due to
their resolution-independence and compatibility with neural
networks [3, 4, 11, 21, 24]. However, these methods typi-
cally require additional post-processing steps (e.g., March-
ing Cubes [20]) to extract surface meshes from the implicit
field, adding complexity to the pipeline.
CSG Learning. Constructive Solid Geometry represents
complex shapes by recursively applying Boolean operations
over geometric primitives, forming a hierarchical tree struc-
ture. This symbolic representation is widely used in in-
dustrial design tools such as OpenSCAD [23] due to its
compactness, editability, and expressive power. Recently,



there has been increasing interest in reconstructing shapes
as CSG programs. CSG-Net [30] is an early effort that em-
ploys a neural encoder-decoder architecture to predict CSG
trees from voxel inputs in a supervised manner.

Subsequent works have explored unsupervised CSG re-
construction by leveraging implicit representations to define
reconstruction losses. For example, BAE-Net [3] introduces
a branching structure, where each branch captures differ-
ent shape parts, enabling unsupervised shape decomposi-
tion. BSP-Net [2] and CvxNet [5] leverage the insight that
shapes can be decomposed into unions of convex regions,
approximated via learned half-spaces. However, achieving
high-fidelity reconstructions often requires a large number
of hyperplanes, limiting their interpretability and editability.
UCSG-Net [12] learns a dynamic order of Boolean opera-
tions via CSG layers, offering more flexibility but at the cost
of training stability and expression compactness.

In pursuit of more general and structured CSG repre-
sentations, later methods adopt alternative formulations of
CSG trees. CSG-Stump [25] reformulates the CSG tree
into a three-layer program structure and is provably gen-
eral. However, it relies on a non-differentiable inverse layer,
which may limit its ability to learn difference operations
accurately. CAPRI-Net [37] extends BSP-Net by incorpo-
rating quadric surfaces as primitives and uses a fixed op-
eration order. Although more expressive than planar-based
methods, it cannot learn nested difference operations. This
limits its generality and its ability to produce compact CSG
programs. D2CSG [36] is also provably general, using dual
complementary branches to produce expressive CSG pro-
grams. From a Boolean perspective, its representation can
be interpreted as composing two disjunctive normal forms
followed by a global subtraction. While expressive, this
design requires maintaining separate structures for addi-
tive and subtractive components, resulting in a relatively
complex architecture. Meanwhile, ExtrudeNet [26] and
SECAD-Net [17] focus on sketch-and-extrusion modeling,
while SfmCAD [16] further incorporates extrusion, lofting,
sweeping, and revolving operations. These methods offer
intuitive control but compromise generality and Boolean ex-
pressiveness.

Despite steady progress, existing CSG learning frame-
works still face a fundamental trade-off between compact-
ness and generality. Our proposed ANF-CSG framework
addresses this challenge by introducing a CSG formulation
that is both structurally compact and provably general, rely-
ing solely on intersection and exclusive-or operations. Em-
ploying Boolean operations in the Algebraic Normal Form,
our method generates interpretable CSG programs while
preserving full representational power.
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Figure 2. Architecture of ANF-CSG. The voxel input is first en-
coded into a latent vector, which predicts the shape primitives via
the matrix WP. Query points are then augmented to form P, and
multiplying WP with P produces the occupancy matrix O. In-
tersections are computed by combining O with the SSI-enhanced
matrix WT, yielding O∩ that represents intermediate shapes. The
SBO module is then applied to O∩, followed by the weighting
with Ww, producing O⊕, which stores the occupancy counts. Fi-
nally, a cosine-based parity mapping implements the XOR opera-
tion to obtain the final occupancy values.

3. The Proposed Method

This section describes the architecture of our ANF-CSG.
Figure 2 shows an overview of the proposed framework. A
discretized shape (e.g., voxel representation) is first encoded
into a latent code that captures its geometric structure. The
latent code is then decoded by a primitive prediction net-
work to predict the parameters of a set of geometric primi-



tives. For each primitive, the occupancy value of any query
point can be computed to determine whether the point lies
inside or outside the primitive.

The ANF connection matrix contains two submatrices
corresponding to the intersection and exclusive-or layers.
By sequentially combining the predicted occupancy values
through these layers, the network produces the final occu-
pancy representing the target shape.

3.1. Equivalence of ANF-CSG and CSG-Tree

Leveraging the classical Algebraic Normal Form repre-
sentation from Boolean algebra, we show how Boolean ex-
pressions represented by standard CSG trees [12, 29, 30]
can be systematically expressed in our two-layer ANF struc-
ture using only intersection and exclusive-or operations.
This establishes the representational completeness of ANF-
CSG with respect to standard CSG formulations.

Let P = {p1, p2, . . . , pk} denote the set of primitive
shapes. The Boolean operations considered are union (∪),
intersection (∩), and difference (\).

The goal is to prove that any CSG shape constructed
from primitives P and Boolean operations {∪,∩, \} can be
equivalently represented by an ANF-CSG expression, i.e., a
finite XOR (⊕) of intersections of primitives.
Base Case: For k = 1 with a single primitive p1, the shape
trivially admits an ANF-CSG representation as p1, which
directly corresponds to a base ANF term.

For two primitives p1, p2, the Boolean operations are ex-
pressible in ANF-CSG form as follows:

p1 ∪ p2 = p1 ⊕ p2 ⊕ (p1 ∩ p2), (1)
p1 ∩ p2 = p1 ∩ p2, (2)
p1 \ p2 = p1 ⊕ (p1 ∩ p2), (3)

Where all right-hand side expressions are either XORs or
intersections of primitives, conforming to ANF-CSG.
Inductive Hypothesis: Assume that any CSG shape con-
structed from at most n primitives can be equivalently rep-
resented by an ANF-CSG expression.
Inductive Step: Consider an arbitrary CSG shape β com-
posed from n + 1 primitives. The root Boolean operation
splits β into two sub-shapes:

β = β1 ⊙ β2, (4)

where ⊙ ∈ {∪,∩, \} and each βi is a CSG shape formed
from at most n primitives.

By the inductive hypothesis, β1 and β2 admit ANF-CSG
representations:

β1 =

m⊕
i=1

Ai, β2 =

l⊕
j=1

Bj , (5)

where each Ai and Bj is an intersection of primitives.
We analyze each Boolean operation:

• Intersection:

Recall that the XOR operation can be expressed as

A⊕B = (A \B) ∪ (B \A).

Then, for any set X , we have

X ∩ (A⊕B) = X ∩
(
(A \B) ∪ (B \A)

)
=

(
X ∩ (A \B)

)
∪
(
X ∩ (B \A)

)
= (X ∩A)⊕ (X ∩B). (6)

This derivation shows that intersection distributes over
XOR. Consequently, for two ANF-CSG expressions
β1 =

⊕m
i=1 Ai and β2 =

⊕l
j=1 Bj , we obtain

β1 ∩ β2 =

m⊕
i=1

l⊕
j=1

(Ai ∩Bj), (7)

which remains in ANF-CSG form.

• Union: Using the identity

β1 ∪ β2 = β1 ⊕ β2 ⊕ (β1 ∩ β2), (8)

and noting that

β1 ∩ β2 =

m⊕
i=1

l⊕
j=1

(Ai ∩Bj), (9)

The union β is expressible as a finite XOR of intersec-
tions of primitives.

• Difference: By definition,

β1 \ β2 = β1 ∩ β2. (10)

The complement can be expressed as

β2 = ⊮⊕ β2, (11)

where ⊮ denotes the universal shape. Hence,

β1 \ β2 = β1 ∩ β2

= β1 ∩ (⊮⊕ β2)

= (β1 ∩ ⊮)⊕ (β1 ∩ β2)

= β1 ⊕ (β1 ∩ β2). (12)

Since β1 and β1 ∩ β2 are both representable in ANF-
CSG form, the difference is also representable.

Conclusion: Any CSG shape composed through Boolean
operations over primitives can be equivalently formulated
in the ANF-CSG representation.



The proposed ANF-CSG formulation exhibits several
theoretical properties. First, it is closed under Boolean oper-
ations: applying union, intersection, or difference to ANF-
expressible primitives produces a result that remains rep-
resentable in ANF form. Second, ANF-CSG is provably
general: it possesses the same expressive power as stan-
dard CSG trees, guaranteeing no loss of modeling capability
when adopting ANF-based structures.

3.2. Primitive Prediction and Occupancy Representation

The primitive prediction network maps a latent vector to
a set of parametric primitives. Each primitive is represented
as a quadratic surface [37], which can model common con-
vex shapes such as spheres, planes, cylinders, and cones.
Formally, each primitive satisfies the quadratic equation

ax2 + by2 + cz2 + dx+ ey + fz + g = 0, (13)

where the seven parameters (a, b, c, d, e, f, g) are stored in
the primitive parameter matrix Wp ∈ RK×7, with K denot-
ing the total number of primitives.

To obtain occupancy values [21, 24, 4] for a set of query
points P = {pi}Ni=1, where each point pi = (xi, yi, zi) ∈
R3, we first augment them into an extended representation.
For each point, we compute a feature vector p̃i ∈ R7:

p̃i =
[
x2
i , y

2
i , z

2
i , xi, yi, zi, 1

]⊤
. (14)

The augmented points are converted into primitive pa-
rameters through matrix multiplication with WP:

Oi = max
(
0,WP p̃i

)
, (15)

where Oi ∈ RK×1 encodes the occupancy of the i-th query
point with respect to all K primitives. Here, Oi,j = 0 in-
dicates that the i-th point lies inside the j-th primitive pj ,
while Oi,j > 0 indicates that it lies outside.

3.3. ANF connection matrix

The ANF connection matrix encodes the ANF-CSG
structure with two submatrices, reflecting its compact two-
layer structure. The first submatrix corresponds to the in-
tersection layer, selecting geometric primitives for each
intersection node. The second submatrix represents the
exclusive-or layer, aggregating intersection results via XOR
operations to produce the final shape. Let C denote the
number of intersection nodes, and K the total number of
primitives. The first submatrix has size C × K, while the
second is a row vector of size 1× C.

• Intersection layer: uses a matrix WT ∈ {0, 1}C×K ,
where the i-th intersection node includes primitive j if
WT[i, j] = 1.

• Exclusive-Or layer: employs a vector WW ∈
{0, 1}C , with WW[i] = 1 indicating inclusion of the
i-th intersection node in the XOR aggregation for the
final shape.

The two connection matrices are applied to the occu-
pancy matrix O to compute the final shape occupancy.
Specifically, the intersection is computed as

O∩ = AND(WT O), (16)

and the occupancy counts are obtained via

O⊕ = WW O∩. (17)

The final occupancy values are then computed by

Ofinal = XOR(O⊕). (18)

Thus, the final shape occupancy is fully determined by the
K primitives and the connection matrices, which transform
the occupancy matrix O into an ANF expression with a
compact two-layer structure. Compared to traditional CSG
trees, which are often deep, irregular, and difficult to opti-
mize, ANF-CSG is more structurally compact, regular, in-
terpretable, and compatible with deep learning.

In Boolean algebra, converting an expression into ANF
can sometimes increase the number of intermediate inter-
section terms. In ANF-CSG, this potential growth is con-
trolled by the network design. The number of candidate
intersections is limited by the size of the intersection layer
and by the number of primitives. This prevents uncontrolled
combinatorial expansion. In addition, the training process
naturally encourages sparsity. During training, only a small
number of intersection terms actually contribute to the fi-
nal shape. The others become less important over time,
as the network gradually reduces their weights. Therefore,
although ANF may lead to more intermediate intersection
terms in theory, in our neural framework the number of ac-
tive terms remains limited and stable in practice.

3.4. Differentiable ANF-CSG for Occupancy Prediction

We now describe how we train ANF-CSG in a fully
differentiable manner, focusing on the intersection and
exclusive-or operations.

To simulate binary matrices while preserving differen-
tiability, the intersection weights are first transformed via a
Soft Set Indicator (SSI) module:

ŴT = σ
(
(WT − 0.5) · α

)
, (19)

where WT are the learnable intersection weights, σ(·) is
the sigmoid function, and α controls the sharpness of the
approximation.



Next, the transformed intersection matrix is applied to
the occupancy matrix O to simulate the intersection opera-
tion. For a query point pi, the resulting soft occupancy after
intersection is

O∩
i = ŴT Oi, (20)

where Oi ∈ RK×1 encodes the occupancy of pi with re-
spect to all K primitives, and ŴT ∈ RC×K selects and
weights the primitives involved in the intersection. Intu-
itively, since 0 represents a point lying inside a primitive,
a query point lies inside the intersection of selected primi-
tives only if all corresponding occupancy values are 0. This
implements the intersection operation implicitly.

To implement the exclusive-or operation in ANF-CSG
more effectively, we introduce a second sigmoid function,
called the Soft Boolean Operator (SBO):

Õi = σ
(
(0.5−O∩

i ) · β
)
, (21)

where β controls the sharpness. This transformation inverts
the inside–outside convention, assigning values close to 1
to points inside the region and values close to 0 to those
outside.

The final XOR aggregation is computed using learnable
weights WW:

O⊕
i = Õi WW, (22)

where O⊕
i denotes the sum occupancy of query point pi,

providing a soft count of active primitives.
Conceptually, the XOR operation in ANF-CSG can be

understood as a parity check over occupancy values: a
query point is assigned 1 if it is covered by an odd number
of shapes, and 0 if covered by an even number. This be-
havior follows naturally from Boolean algebra, where XOR
corresponds to a modulo-2 summation of binary inputs. To
illustrate this process, we provide a 2D schematic in Fig-
ure 3. In CSG modeling, overlapping contributions from
primitives may either cancel or accumulate, forming the fi-
nal occupancy pattern. This mechanism allows ANF-CSG
to represent complex Boolean compositions using only two
layers of operations.

To convert this soft count into a differentiable occupancy
value, we apply a cosine-based parity mapping:

Ofinal
i =

1

2

(
1− cos(πO⊕

i )
)
, (23)

which ensures that points corresponding to odd soft counts
yield occupancies close to 1 (occupied), while points with
even counts yield values close to 0 (empty).

This cosine-based formulation offers a smooth and fully
differentiable approximation of the discrete parity function.
Unlike a hard XOR that changes abruptly at binary thresh-
olds, the cosine mapping varies continuously with respect
to O⊕

i . Thus, small changes in intermediate soft values
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Figure 3. XOR Computation in ANF-CSG. Query points
are sampled at corresponding locations across multiple primitive
shapes. The occupancy of each point within the individual prim-
itives is recorded. These occupancies are then summed to obtain
an intermediate count. A parity check is applied to each point to
produce the final occupancy values.

lead to gradual occupancy changes rather than sudden par-
ity flips. This behavior is crucial during early training. The
continuous formulation prevents oscillations in parity deci-
sions and lets the network explore solutions without prema-
turely fixing discrete structures. As training advances, out-
puts gradually approach binary values, making O⊕

i close to
integers. Eventually, the cosine mapping converges to true
binary parity, enabling accurate recovery of discrete CSG
programs while preserving optimization stability.

3.5. Multi-Stage Training

Stage 0. In this stage, we employ fully differentiable op-
erations, since directly learning a binary selection matrix
is challenging. The matrix WT is not strictly binarized,
and a cosine-based parity mapping is used to approximate a
differentiable XOR operation, which allows gradient-based
optimization to propagate through logical combinations.
Both the SSI and SBO modules are enabled, guiding the
network to gradually produce near-binary outputs.

To further regularize the program structure, similar to
BSP-Net [2], we introduce constraints on WT and WW.
Specifically, elements of WT are penalized if they fall out-



side the valid range [0, 1]:

LT =
∑
i

max(0, (WT)i − 1)

+
∑
i

max(0,−(WT)i),
(24)

elements of WW are encouraged to approach 1:

LW =
∑
i

|(WW)i − 1|, (25)

and to gradually transition the network from fully differen-
tiable to binary-like outputs, an entropy penalty is applied
on WT:

LE = − 1

N

∑
i

[
(WT)i log(WT)i

+ (1− (WT)i) log(1− (WT)i)
]
.

(26)

This entropy penalty measures the uncertainty of each
element in WT, assigning low values to near-deterministic
outputs and high values to uncertain outputs. Minimizing
LE thus encourages binary-like outputs while maintaining
differentiability for gradient-based optimization.

For each point, the predicted occupancy values Ofinal are
compared against the corresponding ground-truth occupan-
cies O∗ ∈ {0, 1}N . The reconstruction loss is formulated
as the mean squared error:

Lrec =
1

N

N∑
i=1

(
Ofinal

i −O∗
i

)2
. (27)

The overall Stage 0 loss is therefore

Lstage0 = Lrec + LT + λWLW + λELE, (28)

where λW and λE are weighting coefficients for the regu-
larization of WW and the entropy penalty on WT, respec-
tively. In our experiments, we set λW = 0.5 and λE = 1.5.
Stage 1. In this stage, training gradually drives the network
outputs toward binary values. This stage primarily serves as
a fine-tuning phase. The SSI module is disabled, since the
selection matrix has already approached near-binary values
after Stage 0.

The loss function in Stage 1 is formulated as:

Lstage1 = Lrec + LT + λELE, (29)

where λE = 5 is used to accelerate the binarization of net-
work outputs.
Stage 2. Stage 2 serves as the final fine-tuning phase, during
which the model is required to produce fully interpretable
CSG-like representations. Unlike previous stages, the se-
lection matrix WT is binarized using a hard threshold:

WT = (WT > 0.5), (30)

ensuring that the resulting representations correspond to
standard CSG operations.

In previous stages, a cosine-based parity mapping was
used to approximate a differentiable XOR operation. Since
WT is now binary, the final soft counts naturally become
hard counts, effectively implementing a binary XOR opera-
tion.

The loss function in Stage 2 is defined as:

Lstage2 = Lrec + λELE, (31)

where λE = 25 is used to enforce strict binarization of net-
work outputs.

4. Experiments

In this section, we present both qualitative and quantita-
tive evaluations of the proposed ANF-CSG model. Exper-
iments are conducted on the ABC [13] and ShapeNet [1]
datasets to assess our model’s performance in reconstruct-
ing shapes from voxels. We compare our method with sev-
eral baseline approaches that use CSG-like representations.
We also conduct ablation studies to evaluate the impact of
the Soft Set Indicator and Soft Boolean Operator modules
in our network.

4.1. Setup

Dataset. We train and evaluate ANF-CSG on two datasets:
ShapeNet and ABC. ShapeNet involves relatively few dif-
ference operations, while ABC contains more complex ge-
ometries that require more differences. For each model,
we voxelize the shape into a 643 grid as input. Following
IM-Net [4], we sample 24,576 points on each shape’s sur-
face as query points and obtain their occupancy values. For
ShapeNet, we use ten categories for training, with 100 mod-
els per category for testing. For ABC, we use the dataset
from CAPRI-Net [37], which includes 5,000 training mod-
els and 1,000 test models. For evaluation, we randomly se-
lect a subset of 100 models from the test set.
Implementation details. Our ANF-CSG model is imple-
mented in PyTorch and optimized using the Adam opti-
mizer with a learning rate of 10−4. We train our model
on an NVIDIA TITAN RTX GPU using a batch size of
128. Stage 0 of ANF-CSG is run for 1,000 epochs. During
evaluation, each shape is further fine-tuned with 100 itera-
tions per stage. To ensure fairness, the baseline methods are
trained for 1,000 iterations, followed by an additional 300
iterations of fine-tuning.

Importantly, both training and fine-tuning of ANF-CSG
are faster compared to baseline methods. For instance,
CAPRI-Net requires approximately 9 hours for training,
whereas ANF-CSG completes training in about 6 hours.
During fine-tuning, CAPRI-Net takes roughly 2 minutes per
shape, while ANF-CSG requires only 1.5 minutes.



category CD ↓ NC ↑ ECD ↓
Ours CAPRI STUMP UCSG Ours CAPRI STUMP UCSG Ours CAPRI STUMP UCSG

plane 0.566 0.651 0.992 0.649 0.836 0.788 0.802 0.792 2.44 3.16 3.16 3.24
bench 0.841 1.470 3.961 2.502 0.790 0.768 0.786 0.777 1.70 2.55 5.07 4.29

cabinet 1.000 1.001 2.082 1.648 0.856 0.856 0.854 0.829 2.46 2.64 3.53 4.40
car 0.647 0.736 0.487 0.723 0.834 0.837 0.843 0.841 2.62 2.87 2.01 3.13

display 0.843 0.716 1.198 2.143 0.891 0.882 0.866 0.866 3.66 3.31 3.79 5.83
rifle 0.339 0.454 0.534 0.885 0.780 0.735 0.745 0.704 0.61 0.98 0.89 1.68

couch 0.879 0.777 0.647 1.629 0.851 0.874 0.879 0.833 2.23 1.97 1.58 3.40
table 1.185 1.962 3.363 2.752 0.845 0.820 0.808 0.806 2.06 3.71 5.05 4.90
phone 0.284 0.274 1.030 0.732 0.935 0.935 0.923 0.929 2.06 2.13 3.12 2.99
vessel 0.582 0.593 1.102 1.184 0.828 0.810 0.810 0.803 2.21 2.67 2.98 3.53
mean 0.717 0.863 1.540 1.485 0.844 0.831 0.832 0.818 2.20 2.60 3.12 3.74

Table 1. Per-category evaluation on ShapeNet. For clearer comparison, both CD and ECD values are scaled by a factor of 103.

Evaluation metrics. We evaluate reconstruction quality us-
ing three metrics: Chamfer Distance (CD), Normal Con-
sistency (NC), and Edge Chamfer Distance [2] (ECD). CD
measures the bidirectional distance between predicted and
ground-truth surfaces, reflecting overall shape accuracy.
NC assesses the alignment of surface normals, capturing lo-
cal smoothness and orientation consistency. ECD evaluates
the preservation of sharp geometric features by quantifying
the distance between edge regions of the predicted and tar-
get shapes.

Reconstructed meshes are generated using the March-
ing Cubes algorithm at a resolution of 643. To detect
edge regions for ECD [2], the original method measures
point sharpness within a fixed-radius neighborhood ϵ. In
our implementation, we use a k-nearest neighbors (kNN)
search to accelerate processing on large point clouds. Edge
points are detected using a normal cross-product threshold
of 0.1 on the ground-truth surface and 0.5 on the recon-
structed meshes. The higher threshold on reconstructed
meshes compensates for the smoothing introduced by the
Marching Cubes algorithm [16]. Although this kNN-based
neighborhood slightly differs from the original definition,
we observe that the detected edge points and ECD values
remain largely consistent while significantly reducing com-
putational overhead.

4.2. Comparisons

We compare our method with existing approaches that
generate CSG-like representations and are designed to be
compatible with deep learning. Specifically, we evaluate
UCSG-Net [12], CSG-Stump [25], and CAPRI-Net [37] on
both the ShapeNet and ABC datasets.

Results on ShapeNet. Table 1 presents the per-category
evaluation of our ANF-CSG method against state-of-the-
art baselines on ShapeNet. CAPRI-Net remains one of the
strongest existing approaches. In contrast, UCSG-Net and
CSG-Stump lack support for difference operations between
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Figure 4. Reconstruction results from voxels on ShapeNet.

complex primitives, limiting their ability to capture geomet-
ric details.

Overall, ANF-CSG consistently outperforms CAPRI-
Net across most categories. Specifically, it reduces the
average Chamfer Distance by approximately 16.9% com-
pared to CAPRI-Net. For Normal Consistency, ANF-CSG
slightly outperforms the other methods. Notably, for Edge
Chamfer Distance, which reflects the quality of edge re-
construction, our method yields a 15.4% improvement over
CAPRI-Net.

The most significant Chamfer Distance improvements
are observed in the bench and table categories, where ANF-
CSG reduces CD by 42.8% and 39.6% compared to CAPRI-
Net, respectively. For the Edge Chamfer Distance, the



Method CD↓ NC↑ ECD↓
Ours 0.486 0.883 5.88
CAPRI 0.580 0.880 7.18
STUMP 0.938 0.870 6.54
UCSG 1.268 0.861 10.73

Table 2. Comparison of ANF-CSG with existing methods on ABC.

improvement is particularly notable in the table category,
showing a 44.5% reduction relative to CAPRI-Net.

CSG-Stump achieves slightly better CD values in the
car and couch categories, as these shapes can be well ap-
proximated using only a few primitives and involve limited
difference operations. However, CSG-Stump struggles to
reconstruct shapes containing small holes or concavities.
ANF-CSG maintains robust performance across all cate-
gories, benefiting from its structurally compact and expres-
sive shape representation.

Figure 4 provides qualitative comparisons of recon-
structed shapes on ShapeNet. ANF-CSG exhibits higher
sensitivity to geometric details such as drilling and slotting,
producing cleaner surfaces with sharper boundaries. In con-
trast, UCSG-Net and CSG-Stump often fail to capture these
features accurately. CAPRI-Net struggles with small holes
and tends to overcut during slotting, likely due to its re-
liance on a prominent difference operation. An inaccurate
difference can distort the geometry.

Results on ABC. The ABC dataset presents a more
challenging modeling scenario, characterized by frequent
Boolean difference operations and intricate B-rep geome-
tries.

Table 2 summarizes the quantitative results. ANF-CSG
achieves the best performance across all three metrics. It
reduces the Chamfer Distance by 16.2% relative to CAPRI-
Net and slightly improves Normal Consistency. For Edge
Chamfer Distance, our method yields an 18.1% improve-
ment over CAPRI-Net.

Figure 5 shows representative examples of shape re-
constructions on the ABC dataset. While preserving the
overall geometry of the models, ANF-CSG better captures
drilling operations compared to other methods. These re-
sults demonstrate that ANF-CSG can effectively handle
complex Boolean compositions.

4.3. Ablation Study

We perform ablation studies to evaluate the contributions
of the Soft Set Indicator and Soft Boolean Operator modules
by selectively removing them from ANF-CSG. The quanti-
tative results are presented in Table 3.

Removing either module results in a significant increase
in reconstruction error. Specifically, without SSI, the Cham-
fer Distance increases by approximately 10.9%, and with-
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Figure 5. Reconstruction results from voxels on ABC.

Settings CD↓ NC↑ ECD↓
Ours (full model) 2.898 0.747 11.02
Ours w/o SSI 3.213 0.726 12.20
Ours w/o SBO 5.878 0.732 13.51
Ours w/o SSI&SBO 10.558 0.753 17.53

Table 3. Ablation study on ANF-CSG.

out SBO, CD increases by approximately 102.8%. When
both modules are removed, CD increases by 264.3%, indi-
cating the worst performance. Moreover, the Normal Con-
sistency metric slightly improves when both modules are
removed, suggesting that the network generates smoother
surfaces at the cost of quality.

These findings confirm that both SSI and SBO are crucial
for achieving high-fidelity and detailed shape reconstruc-
tion in ANF-CSG.

5. Conclusion

We propose ANF-CSG, a novel and lightweight frame-
work for learning Constructive Solid Geometry expres-
sions directly from 3D shapes. This framework integrates
Boolean algebra with deep learning, opening new avenues
for interpretable and efficient shape modeling.



The proposed ANF-CSG leverages the Algebraic Nor-
mal Form to represent shapes in a fixed two-layer hierar-
chy. Our analysis shows that standard CSG expressions can
be systematically transformed into the ANF-based form,
establishing the representational completeness of our for-
mulation with respect to conventional CSG. Specifically,
the first layer assembles primitive shapes through intersec-
tions, while the second layer combines these parts using
exclusive-or operations. This design simplifies the struc-
ture of CSG programs while preserving full representational
power. As a result, ANF-CSG achieves a structurally com-
pact and provably general shape representation.

We validate ANF-CSG on both the ShapeNet and
ABC datasets through extensive experiments. Quantitative
and qualitative results show that our method consistently
achieves higher reconstruction accuracy and more precise
modeling of features such as holes and concavities com-
pared to state-of-the-art baselines. The ablation study fur-
ther demonstrates that both the Soft Set Indicator and Soft
Boolean Operator modules significantly contribute to re-
construction quality. Moreover, ANF-CSG achieves faster
training and fine-tuning, highlighting its practical advan-
tages for shape modeling. These results suggest that ANF-
CSG provides a principled and efficient solution for learn-
ing interpretable CSG programs. In the near future, we will
advance the idea to industry CAD areas [6, 7].
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