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Abstract

Computer-Aided Design (CAD) modeling plays a fundamental role in modern industrial
manufacturing processes, enabling precise design and modification of products across diverse
sectors. However, when existing physical objects lack associated CAD models because of
lost documentation, or legacy part replacement requirements, engineers must engage in the
time-consuming and expertise-intensive process of CAD reverse engineering. This process
involves translating 3D scanned data into parametric CAD models that not only capture
geometric form but also preserve design intent. Despite significant advances in 3D scanning
technologies, automated CAD reverse engineering faces several persistent challenges:
scanning artifacts that corrupt geometric fidelity, the lack of unified CAD representation
standards, the inherent ambiguity in recovering design intent, and the limited availability of
high-quality datasets with construction history annotations.

This thesis presents a systematic progression of approaches to address these challenges,
beginning with the recovery of elements of construction history from existing Boundary
Representations through joint learning of operation types and steps. Moving closer to the
3D reverse engineering scenario, we then advance to predicting CAD history sequences
directly from point clouds using hierarchical transformer architectures that eliminate the need
for intermediate representations. To overcome the inherent ambiguity in reverse engineering,
we develop geometry-guided search strategies that explore multiple design alternatives,
mimicking the decision-making process of expert CAD designers. Finally, we introduce a
paradigm shift by leveraging Large Language Models to generate executable Python code

directly from point clouds, simultaneously addressing representation limitations and training

XXiii



data constraints through procedural generation techniques. Throughout this progression,
we contribute novel datasets that enable more realistic evaluation and establish evaluation
methodologies specifically designed for the CAD reverse engineering domain. The resulting
frameworks significantly improve reconstruction quality while enhancing practical usability,

advancing the field toward fully automated yet flexible CAD reverse engineering that can

seamlessly integrate into industrial design workflows.
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Chapter 1

Introduction

The digital transformation of industries represents one of the most profound technological
shifts of the modern era. Across manufacturing, architecture, aerospace, and numerous
other fields, the transition from analog to digital workflows has fundamentally altered how
products are conceived, designed, and brought to market [1]. Within this broader revolution,
few technologies have had as significant an impact as Computer-Aided Design (CAD) - a
technology that allows engineers and designers to create, modify, and optimize product
designs using computer systems rather than traditional manual drafting methods [2]. Before
CAD, product design relied heavily on hand-drawn technical drawings, a process that was
time-consuming, error-prone, and impractical for frequent iteration. CAD technology has
transformed this landscape by providing software tools that enable the creation of precise
digital models in three dimensions [3].

CAD models have revolutionized modern engineering and manufacturing by providing
a comprehensive digital framework for product development. At their core, these models
serve as precise digital representations that enable engineers and designers to craft and
refine products before investing in physical production. The real power of CAD models lies in
their versatility - they seamlessly transition from design to production, serving as direct inputs
for manufacturing processes like CNC machining and 3D printing, ensuring accuracy and
consistency in the final product [4]. CAD models have transformed how teams collaborate

across the globe, creating a digital language that bridges communication gaps between



designers, engineers, and manufacturers [5, 6]. The iterative nature of CAD modeling allows
engineers to rapidly test and optimize designs, performing complex analyses for factors like
structural integrity and aerodynamics [7, 8]. These models also serve as living documentation,
preserving exact technical specifications that prove invaluable for future modifications or

maintenance.
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Figure 1.1: CAD models are created by skill designer in order to create a 3D model of an
object that can then be manufactured as depicted in 1.1a. The 3D CAD reverse engineering
process consists in recovering the CAD model of an existing physical object as shown in 1.1b.

Building upon the fundamental importance of CAD models in modern engineering, the
field of 3D reverse engineering has emerged as both a critical necessity and a persistent
technical challenge in contemporary industrial applications. 3D reverse engineering refers to
the process of digitally reconstructing CAD models from existing physical objects—essentially
working backwards from the final product to create its digital design representation [9]. Fig-
ure 1.1 depicts the differences between the forward design process and reverse engineering.
Despite significant technological advances in data acquisition through 3D scanning technolo-
gies, the fully automated reconstruction of precise, parametric CAD models from physical
objects remains an open problem [10]. The complexity lies not merely in capturing geometric
data, but in the process of reproducing design intent from physical objects that allow for
future edibility. The strategic value of reverse engineering capabilities extends throughout the

industrial landscape: it enables the preservation and modernization of legacy components
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whose original documentation has been lost, facilitates rapid competitive analysis through
detailed understanding of existing products, and allows for the adaptation of proven designs
to new requirements without starting from scratch [11]. The ongoing challenge of automating
the translation from 3D data obtained from sensors to fully featured CAD models represents
a significant opportunity for technological advancement, promising to dramatically reduce the
time and expertise currently required for reverse engineering processes [12].

This thesis is focused on advancing the field of 3D CAD reverse engineering. In this
chapter, we start by describing the motivation and scope of the present thesis. Then, we
detail the challenges in 3D CAD reverse engineering that are addressed in this research
work. In the following, the main objectives and contributions to the field of 3D CAD reverse
engineering are outlined. Finally, a list of publications that have resulted from these PhD

investigations is presented.

1.1 Motivation and Scope

Beyond the potential practical applications, CAD reverse engineering presents a rich re-
search problem from a scientific perspective. The challenge extends far beyond merely
reconstructing geometric shapes as it requires capturing and codifying the human ingenuity
embedded in CAD models. Successfully reverse engineering these models requires not just
capturing the final geometry, but also how it was created. This intersection of computational
geometry, artificial intelligence, and design methodology creates a rich problem space where
advances could enhance our understanding of both engineering practices and computational
representation of human creative processes. Building on this perspective of CAD reverse
engineering as a multifaceted research problem, this thesis addresses three specific problems
in CAD reverse engineering that remain unresolved.

In the first part of the thesis, we tackle the problem of recovering elements of the construc-
tion history from CAD models represented as Boundary Representation (B-Rep), an aspect
largely overlooked in existing research that has focused mainly on B-Rep object classification

and face segmentation [13, 14, 15]. Specifically, our work focuses on the segmentation and



grouping of faces according to their position in the construction timeline, enabling the recovery
of critical design information such as the sketches drawn by designers. This contribution
represents a step toward recovering not just the geometry of CAD models, but also the
underlying design intent and methodology.

Although our B-Rep analysis advances the recovery of design intent, it presupposes
access to structured CAD data. To address more common reverse engineering scenarios
that begin with unstructured point clouds, we developed our second approach. While existing
deep learning methods [16, 17, 18, 19, 20, 21, 22] have made progress in identifying
individual CAD elements from point clouds (such as parametric edges and faces), they
typically fail to capture the critical design intent and construction sequence. The second
part of the thesis focuses on the direct reconstruction of parametric, editable CAD models
from raw point cloud data, representing a significant advancement beyond current methods
that produce non-editable geometric representations [23, 24, 25]. For this research, we
focus specifically on CAD models created exclusively through extrusion operations, which
represent a substantial subset of CAD models [26] while allowing us to develop more robust
reconstruction techniques.

Building on insights gained, we identified two critical areas that required further innovation:
data scarcity and practical implementation challenges. Publicly available CAD datasets [26,
27, 28] provide limited control over both data quantity and design diversity, while the language-
like CAD representation we developed requires substantial post-processing to integrate with
existing software. The third part of this thesis addresses these limitations through a novel
Large Language Model (LLM) based method that directly generates executable Python
code. By training on a procedurally generated dataset of extrusion-based models, we gain
precise control over training examples while eliminating the integration barrier. This approach
significantly improves both reconstruction accuracy and practical usability, representing a
substantial advancement toward automated CAD reverse engineering with direct industry
applicability.

In summary, this thesis presents a progressive approach to CAD reverse engineering,

advancing from B-Rep construction history analysis to parametric CAD reconstruction from



point clouds, and culminating in direct generation of executable CAD code from 3D scans.
Throughout this research, our focus remains on recovering not just geometric shapes, but also
the human design intent embedded within CAD models, thereby bridging the gap between

computer vision advances and practical industrial applications in CAD reverse engineering.

1.2 Challenges

In this thesis, we aim to address the multifaceted set of technical challenges that span the
entire CAD reverse engineering pipeline. These challenges begin with the imperfections of 3D
scanned data, extend through the lack of unified CAD representation standards, encompass
the complex task of recovering design intent, and include the fundamental data limitations
that constrain machine learning approaches. In this section, we present a description of each

of these challenges to provide context for the contributions made in this thesis.

1.2.1 3D Scanning Imperfections and Artifacts

Despite remarkable advances in 3D scanning technology, the digital representations acquired
from these devices remain geometrical approximations of the physical objects they capture.
This fundamental disparity in representation between the precise, parametric description of
geometry and topology in CAD models versus the approximate nature of 3D scan meshes
creates the first significant challenge in reverse engineering. Scanning artifacts appear
in various forms that corrupt the geometric fidelity: surface noise that introduces random
perturbations, erroneous protrusions that distort the shape, missing regions where data could
not be captured, and edges that appear rounded when they should be sharp (see Figure 1.2).
These imperfections stem from multiple sources, including the material properties of the
scanned object (reflectivity, translucency), surface coloration that affects light absorption, and
occlusions that prevent the scanner’s light from reaching certain areas [30]. The cumulative
effect of these artifacts significantly complicates the reverse engineering process, as design
features must be distinguished from scanning anomalies while reconstructing a parametrically

accurate CAD model.
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Figure 1.2: 3D scans differ from CAD objects as during the scanning process many details
are lost. Scanning artifacts contain surface noise, protrusion, missing parts and smoothed
edges. Those artifacts make the task of reverse engineering particularly challenging. [29]

1.2.2 Lack of Unified CAD Representation Standards

The evolution of CAD systems since their inception in the mid-1960s has produced a diverse
and heterogeneous landscape of representations and formats that significantly complicates
reverse engineering efforts [31]. CAD development has been predominantly driven by indus-
trial needs and commercial interests, resulting in a proliferation of proprietary approaches.
Major software companies have each developed their own geometry kernels, and data stor-
age formats that are often incompatible with competitors’ systems. This fundamental lack
of a unified, universal representation for CAD models presents a substantial challenge for
reverse engineering tasks.

The range of CAD representations has direct implications for developing suitable deep
learning approaches. While other domains have benefited from standardized neural net-
work architectures tailored to their data structures (e.g., Convolutional Neural Networks
for 2D images, Transformers for sequential data like text, and specialized architectures for

unstructured 3D data such as MeshCNN [32] for meshes and PointNet [33] for point clouds),



the CAD domain lacks such consensus. Developing effective neural network architectures
for CAD models consequently requires simultaneous innovation on two fronts: designing
appropriate representations of the CAD data that capture both geometric and topological
information, and creating compatible network architectures that can effectively learn from
these representations. This dual challenge substantially increases the complexity of applying
modern machine learning techniques to the reverse engineering process.

In this thesis, different CAD representations are considered with the aim of facilitating the

integration of the predicted models within existing CAD software.

1.2.3 Beyond Geometry: Recovering Design Intent

Design intent represents a foundational concept in CAD modeling, yet it remains elusive in its
precise definition, with ongoing research and debate within the engineering community [34].
For the scope of this thesis, we adopt the definition provided by the International Organization
for Standardization, which characterizes design intent as the “intentions of the designer
of a model with regard to how it may be instantiated or modified” [34]. This definition
underscores a critical insight: a comprehensive CAD model must encapsulate more than
just the geometric shape description as it must also preserve the underlying rationale of how
that shape can be modified with respect to its functionality. Moreover, another significant
challenge emerges from the variability in design approaches; multiple designers can achieve
identical final geometries through substantially different construction sequences and modeling
operations [35]. This non-uniqueness of solution paths introduces a fundamental ambiguity
into the reverse engineering process. Recovering a CAD model from a scanned object is not
merely a geometric reconstruction problem but a more complex challenge of inferring one
valid construction pathway from potentially many valid alternatives, none of which can be
definitively identified as the "true” original without additional contextual information.

In this thesis, design intent will be addressed by developing methods that rely on learning
patterns from existing models and also by identifying representations that facilitate editibility

of the generated CAD models.



1.2.4 The CAD Data Challenge: Quality, Representation, and Availability

A fundamental challenge in applying machine learning to CAD reverse engineering stems
from data requirements and limitations. The training of neural networks depends on the
availability of high-quality data, yet CAD datasets present unique obstacles in this regard. The
quality and diversity of training data directly influence prediction accuracy, with insufficient
variation leading to poor generalization to novel designs. This data quality challenge is
significantly compounded by the prevalence of proprietary models and modeling operations in
industrial settings, where commercial interests restrict the public availability of comprehensive
CAD examples.

Even when large-scale CAD datasets do exist, they frequently lack the representations
necessary to capture design intent. For instance, the ABC dataset [28], while impressive with
its one million models, only provides labels for parametric descriptions of surfaces, curves,
and patch segmentation, information that falls short of describing the actual construction
process employed by CAD designers. To address this issue, researchers have developed
self-supervised learning approaches [24, 25], yet these methods typically struggle to fully
capture the essential design intent embedded in CAD models. Moreover, their outputs often
fail to satisfy the editibility requirement of reverse engineering.

Beyond quality and labeling issues, preparing CAD data for machine learning introduces
additional complexity, as specialized preprocessing pipelines are required to transform raw
CAD files into suitable training formats. The works of DeepCAD [26] made progress in this
direction by parsing approximately 180 k CAD models into a vector sequence format directly
usable for learning methods. However, subsequent analysis revealed a significant limitation:
the dataset contains numerous duplicate models [36, 37], which can bias learning algorithms
and reduce effective dataset size.

In this thesis, we consider the challenge related to CAD datasets from different perspec-
tives, including using and evaluating existing datasets and proposing new datasets to address

identified needs.



1.3 Objectives and Contributions

In response to the complex, interconnected challenges inherent to CAD reverse engineering,
this thesis adopts a systematic approach to developing solutions across multiple dimensions
of the problem. Rather than addressing each challenge in isolation, our research recognizes
their fundamental interdependence and explores complementary methodological approaches
that collectively advance the state-of-the-art. The following sections present the principal

contributions developed during these doctoral studies.

1.3.1 Learning CAD Operation Types and Steps from B-Reps

Our first contribution addresses a fundamental component of the CAD reverse engineering
challenge: the recovery of construction history from final geometry. In this work, we introduce
CADOps-Net, a novel approach that demonstrates the feasibility of inferring crucial elements
of a CAD model’s creation process directly from its Boundary Representation (B-Rep).
Specifically, we develop a deep neural network architecture that learns to identify the types of
CAD operations (such as extrusions, revolutions, and fillets) through B-Rep face segmentation.
This task is jointly learned with the grouping of the faces according to their design steps. This
joint learning framework enables the decomposition of a complete B-Rep into semantically
meaningful parts that correspond to specific operations performed at particular stages of the
design process, hence providing essential information for design history recovery.

To support this research and advance the field, we propose the CC3D-Ops dataset,
comprising over 37 k CAD models with annotations for operation types and construction steps.
A distinguishing feature of CC3D-Ops is its inclusion of models with complexity and diversity
more representative of industrial applications than existing public datasets. Our extensive
experimental evaluation on both CC3D-Ops and the Fusion360 dataset [27] demonstrates
that CADOps-Net achieves competitive performance compared to state-of-the-art methods
while validating the advantages of jointly learning operation types and steps over treating them
as separate tasks. The practical significance of our approach extends beyond classification

performance. We demonstrate that the predictions from CADOps-Net can be leveraged to



recover the original 2D sketches used in extrusion operations which is a critical step toward

complete design recovery. This work was published in [38].

1.3.2 A hierarchical Transformer for CAD Sequence Inference from Point
Clouds

Building upon our initial work on B-Rep analysis, we next address the more challenging task
of direct point cloud to CAD model, a problem that encompasses all four challenges identified
earlier. While CADOps-Net explored recovering design history from an already-available
B-Rep, TransCAD tackles the complete reverse engineering pipeline by inferring a fully
parametric CAD model in the form of a sketch-extrude sequence. This contribution introduces
an end-to-end feedforward transformer-based architecture that predicts a complete CAD
construction sequence, thereby addressing both the representation challenge and the need
to recover design intent within a unified framework. TransCAD leverages the structure of CAD
sequences through a hierarchical learning strategy that mirrors the structure of CAD sketches
and operations followed by designers. Furthermore, we introduce a specialized loop refiner
module that regresses sketch primitive parameters in order to overcome the limitation of the
cross-entropy loss used on quantized parameters.

Rigorous experimentation on the DeepCAD [26] and Fusion360 [27] datasets demon-
strates that TransCAD achieves state-of-the-art results. To properly evaluate performance
in the CAD reverse engineering domain, we introduce a new metric,the mean Average Pre-
cision of CAD Sequence with the goal of addressing the limitations of existing evaluation
approaches. Finally, to provide results on a scenario that is closer to the scan to CAD reverse
engineer scenario, we propose to evaluate TransCAD on noisy inputs with missing points.

This work was published in [37].
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1.3.3 Inference Geometry Guided Search for Auto and Non Auto-Regressive
Scan-to-CAD Networks

While TransCAD demonstrated the feasibility of direct point cloud to parametric CAD recon-
struction, our analysis revealed that the fundamental challenge of bridging the gap between
noisy scan data and precise design intent remained unresolved. This limitation motivated
our third contribution, which directly addresses the inherent ambiguity in scan-based reverse
engineering by recognizing that multiple valid design interpretations can exist for a single
input scan, hence mirroring how expert CAD designers typically explore various construction
alternatives. Building upon our previous findings, we develop inference-time geometry-guided
search strategies that significantly enhance reconstruction quality for both auto-regressive [39]
and non-auto-regressive [37] approaches.

This work makes three interconnected contributions that address previously identified
challenges. First, we provide a comprehensive comparative analysis of auto-regressive and
non-auto-regressive architectures for CAD reconstruction, revealing their complementary
strengths across different evaluation contexts. Second, we introduce novel geometry-guided
inference search strategies that leverage geometric priors from the input point cloud to more
effectively explore the neural network’s output probability space. These strategies significantly
improve reconstruction quality while reducing invalid CAD predictions, directly addressing
the scanning artifacts challenge by using geometric constraints to disambiguate noisy input
data. Third, we contribute the C3D-Recon dataset, the first collection of pairs of realistic
3D scans containing realistic scanning artifacts with their corresponding parametric CAD
design sequences, hence directly addressing the data quality and representation challenges
highlighted earlier.

Our extensive experimental evaluation demonstrates that the proposed search strategies
substantially enhance performance across multiple datasets, with particularly notable im-
provements in challenging real-world scenarios featuring scanning noise and artifacts. This

work was published in [40].
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1.3.4 Reverse Engineering CAD Code from Point Clouds using LLM

Our previous contributions progressively addressed critical aspects of the CAD reverse
engineering pipeline, from recovering design elements in existing B-Reps to generating
parametric CAD sequences from point clouds with geometry-guided refinement. However, a
fundamental limitation remained: the gap between research outputs and practical industry
adoption due to the lack of integration with commercial CAD systems. Our final contribu-
tion, CAD-Recode, represents a paradigm shift that directly addresses this challenge while
simultaneously tackling CAD representation and data quality issues identified earlier.

Unlike prior approaches that output intermediate representations requiring further pro-
cessing, CAD-Recode translates point cloud data directly into executable Python code that,
when run, reconstructs the complete CAD model in standard modeling environments. This
innovation operates at three complementary levels: representation, network architecture, and
training data. At the representation level, we reconceptualize CAD sketch-extrude sequences
as Python code. For network design, we leverage the code-understanding capabilities of
pre-trained Large Language Models (LLMs), combining a relatively small LLM decoder with
a lightweight point cloud projector to create an efficient yet powerful architecture. Most
significantly, we address the data scarcity challenge through a novel procedurally generated
dataset of one million diverse CAD sequences, providing control over the amount of data and
design features included during training.

Extensive evaluations demonstrate that CAD-Recode significantly outperforms existing
methods across the DeepCAD [26], Fusion360 [27], and real-world CC3D [41] datasets, with
particularly notable improvements on complex geometries with authentic scanning artifacts.
Beyond quantitative performance gains, CAD-Recode offers two additional benefits: the direct
integration with commercial CAD software through standard Python interfaces, eliminating
the post-processing requirements of previous methods, and the interpretability of its output by
off-the-shelf LLMs, enabling natural language-based CAD editing and CAD-specific question

answering directly from point clouds. This work was published in [42].
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1.5 Thesis Outline

This dissertation is organized as follows:

» Chapter 2: In this chapter, we provide the foundation of key concepts underpinning CAD
reverse engineering, beginning with solid modeling paradigms and CAD representations.
We then examine deep learning approaches relevant to reverse engineering, including

point cloud encoders, graph neural networks, and transformer architectures.

« Chapter 3: This chapter introduces CADOps-Net, a neural network architecture for
jointly learning CAD operation types and steps from Boundary Representations. We also
present the CC3D-Ops dataset containing over 37k annotated B-Reps and demonstrate

how this approach can be used to recover original 2D sketches from B-Rep faces.
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Chapter 4: Here we present TransCAD, a hierarchical transformer architecture for
inferring CAD sequences directly from point clouds. This approach eliminates the
need for intermediate B-Rep representations while introducing a specialized evaluation

framework and demonstrating robustness to input perturbations.

Chapter 5: This chapter explores abraCADabra, an extension of our previous work that
implements geometry-guided search strategies for both auto-regressive and non-auto-
regressive approaches. We also introduce the C3D-Recon dataset containing pairs of
realistic 3D scans with their corresponding parametric CAD sequences, enabling more

robust evaluation under real-world conditions.

Chapter 6: In this chapter, we present CAD-Recode, an approach leveraging Large
Language Models to translate point clouds directly into executable Python code. This
paradigm shift addresses limitations in representation, model architecture, and training

data through a procedurally generated dataset of one million CAD sequences.

Chapter 7: The final chapter synthesizes our key contributions to CAD reverse en-
gineering and their relationship to the challenges identified in the introduction. We
also explore promising directions for future research, including interactive multimodal
reconstruction systems and assembly-based approaches that could further advance

practical applications of automated CAD reconstruction.
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Chapter 2

Background

In this chapter, we provide the foundation of the key concepts underpinning CAD reverse
engineering. We begin with an exploration of solid modeling paradigms and their evolution,
including CAD-specific representations and various discrete 3D shape representations. The
chapter then focuses on deep learning approaches relevant to reverse engineering, discussing
point cloud encoders, graph neural networks for processing topological structures, and

transformer architectures.

2.1 Solid Modeling

This section examines the evolution of solid modeling paradigms and the mathematical
representations that enable the precise definition of three-dimensional objects in digital

environments.

2.1.1 Introduction to 3D Shape Representation

Since the invention of the first CAD system, Sketchpad, by Ivan Sutherland in 1963, solid
modeling has undergone five major paradigm shifts that have fundamentally transformed
how engineers interact with digital design systems [43]. Figure 2.1 illustrates this evolution of

CAD modeling approaches over time. The first generation of CAD systems enabled users to
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Figure 2.1: lllustration of the five CAD modeling paradigms. The first generation began
with simple 2D drawings. The second generation introduced wireframe models. The third
generation marked a significant advancement with Boundary Representation (B-Rep), where
solids are defined as shells. The fourth generation introduced Constructive Solid Geometry
(CSG), representing objects as hierarchical trees of boolean operations applied to primitive
shapes. Finally, the fifth and current generation, known as feature-based modeling, describes
shapes as construction histories.
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create 2D projections of shapes using simple curves, primarily digitalizing traditional drafting
practices. This foundation was extended in the second generation to incorporate wireframe
models as collections of curves defining the edges of 3D objects, though these lacked the
ability to distinguish between interior and exterior spaces. The third generation marked a
significant advancement with the introduction of Boundary Representation (B-Rep), in which

solids are described as shells of connected parametric faces, providing a mathematically
complete representation of 3D geometry.

(a) Extrusion (b) Loft

)
0N

(c) Revolution (d) Sweep

Figure 2.2: Examples of operations in feature-based modeling. One or more parametric
sketches form a profile. An operation such as (a) extrusion, (b) loft, (c) revolution and (d)
sweep can be applied on a profile to create a 3D shape.

The fourth generation sought to simplify the construction process through Constructive
Solid Geometry (CSQ), representing models as hierarchical construction trees of boolean
operations (union, intersection, subtraction) applied to primitive shapes such as spheres,
cylinders, and blocks. With the transition from specialized workstations to personal computers

and the advent of Graphical User Interfaces (GUIs) in the 1990s, the fifth generation emerged,
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feature-based modeling, also known as history-based CAD [44]. This paradigm revolutionized
the design process by improving editability and design iteration efficiency. In feature-based
modeling, designers create parametric 2D sketches that define profiles, then apply operations
such as extrusion, revolution, or sweep to transform these sketches into 3D shapes. Figure 2.2
illustrates examples of these fundamental CAD operations. Through sequential application of
such operations, complex shapes can be created while maintaining a complete construction
history. This approach preserves the design intent by allowing parameters to be modified
at any stage of the sequence, with changes propagating throughout the model. B-Rep and
feature-based modeling have become the predominant CAD representation paradigms in
modern engineering practice and, consequently, will be the primary focus of this thesis.

While the evolution of CAD systems has been marked by these paradigm shifts in
modeling approaches, underlying these developments are fundamental differences in how 3D
shapes are mathematically represented. These representations can be broadly categorized
as explicit or implicit [45]. Explicit representations directly specify the geometric elements
that constitute an object, such as points, edges, or surfaces, making them intuitive for direct
manipulation and visualization. In explicit representations, curves and surfaces are often
expressed as parametric functions where coordinates are directly computed from parameters.
Basic curves such as lines, arcs, and circles can be represented by simple parametric
functions, as can planar, spherical, and cylindrical surfaces. For more complex shapes,
B-splines and Non-Uniform Rational B-Splines (NURBS) have become standard curve and
surface representations in CAD modeling [46], alongside Bézier surfaces [47].

The Boundary Representation (B-Rep) exemplifies an explicit representation approach,
containing direct descriptions of boundary surfaces, edges, and vertices of a 3D object. In
B-Rep, both the geometry and topology (connectivity information between geometric ele-
ments) are explicitly stored, enabling precise control over surface properties. Polygon meshes
and point clouds are two other important explicit representations commonly encountered in
reverse engineering. Meshes are defined by vertex coordinates along with their connectivity
information (typically triangles or quadrilaterals), while point clouds consist solely of surface

point coordinates without explicit connectivity. These representations are particularly signifi-
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cant because they form the natural output format of modern 3D scanning technologies, which
capture visible surfaces as collections of discrete points or triangulated meshes. This creates
a fundamental representation gap in reverse engineering: converting these explicit scanning
outputs into the parameterized CAD models required for design modification.

Implicit representations, conversely, define shapes through mathematical functions or
equations whose solutions determine the geometry. Typically, an implicit surface is defined
as the set of points satisfying an equation f(z,y, z) = 0, while an implicit solid comprises all
points where f(z,y, z) < 0. This approach offers significant advantages for certain operations
like boolean combinations and inside/outside testing. Examples of implicit representations
include algebraic surfaces, such as a plane defined by ax + by + ¢z + d = 0, and Signed
Distance Functions (SDFs) in which the function value represents the shortest distance
to the nearest surface (negative inside, positive outside). Constructive Solid Geometry
(CSQ) leverages the implicit representation paradigm by defining complex shapes through
boolean operations (union, intersection, subtraction) on simpler implicit primitives, creating a
construction tree rather than explicitly storing the resulting geometry.

In the following sections, we formally describe the key representations that play central
roles in CAD reverse engineering. We begin with the discrete representations that typically
serve as input data, namely polygon meshes, voxel structures, and point clouds, detailing their
mathematical foundations and properties. We then provide a formalization of B-Rep and con-
struction history representations, which constitute key CAD representations. Understanding
these representations and the gaps between them is essential for appreciating the techni-
cal challenges addressed throughout this thesis, particularly in transforming unstructured

geometric data into parametric, editable CAD models that preserve design intent.

2.1.2 Discrete Representations

Discrete representations form the foundation of many 3D shape processing pipelines, particu-
larly in reverse engineering where they often serve as input data from scanning technologies
or intermediate formats during reconstruction. These representations approximate continu-

ous surfaces through discrete elements, trading mathematical precision for computational
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efficiency and flexibility. Figure 2.3 illustrates the three primary discrete representations dis-
cussed in this section, polygon meshes, point clouds, and voxel grids, each offering different

trade-offs between surface fidelity, topological information, and volumetric completeness.

(a) Mesh (b) Point Cloud (c) Voxel Grid

Figure 2.3: Renderings of common 3D shape representations. (a) A mesh is a collections of
connected triangles described by vertices. (b) A point cloud is a set of 3D surface points. (c)
A voxel grid is a discretized 3D grid of cells.

Polygon Meshes

Polygon meshes provide a piecewise linear approximation of an object’s surface through
a collection of vertices, edges, and faces [48]. Unlike the exact mathematical surfaces
used in CAD modeling, meshes offer a discrete approximation with accuracy depending
on the density and distribution of vertices. This representation is ubiquitous in computer
graphics, simulation, and as an intermediate format in reverse engineering pipelines [49].

Mathematically, a polygon mesh M can be defined as an ordered pair:

M= (VM FMy (2.1)
where VM = {oM oM .. vM}is a set of vertices, with each vertex v} € R? representing a
point in three-dimensional space, and FM = {fM M ... fM}is a set of faces. Each face
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f]M represents a polygon and is defined as an ordered list of vertex indices:
= (ivyda, i) (2.2)

where each i; € {1,2,...,n} references a vertex in V. The ordering of indices in f/
determines the orientation of the face, which is essential for defining the interior and exterior
of the object. While faces can theoretically be arbitrary polygons, triangular meshes are the

most common, where each face consists of exactly three vertices:
F = (i1, da,43) - (2.3)

Triangular meshes offer computational advantages and are particularly prevalent in real-time
applications due to their simplicity and efficiency in rendering algorithms. From the face
definition, we can derive the edge set £ of the mesh, where each edge e connects a pair

of vertices:

EM ={et! = (M, v} | vM, v} € VM and v}, v} are adjacent in some face fM € FM}.
(2.4)
Beyond the basic geometric and topological structure, meshes often carry additional attributes
at their vertices, edges, or faces. This may include vertex normals i providing surface
orientation at each vertex v}. In the context of reverse engineering, polygon meshes fre-
quently serve as an intermediate representation, often created by processing point cloud data
through surface reconstruction algorithms. The key advantage of meshes over point clouds
is their explicit surface connectivity, which provides a watertight boundary representation of
the object. However, this approximation introduces limitations. For example, curved surfaces
are represented as collections of planar facets, perfectly sharp edges may be rounded,
and the accuracy of the representation is limited by mesh resolution. These approximation
errors can compound when attempting to derive precise engineering features from meshes.
Furthermore, polygon meshes lack the parametric nature and design intent capture of CAD

models, presenting a fundamental challenge in reverse engineering.
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Point Clouds

Point clouds represent one of the simplest and most direct 3D shape representations, consist-
ing solely of a collection of points in 3D space without explicit connectivity information. This
representation forms the foundation of most reverse engineering processes, as it typically
constitutes the raw output of 3D scanning technologies such as laser scanners, structured
light systems, and photogrammetry [50]. Mathematically, a point cloud X € R™"*3 can be

defined as an unordered set of n points:

X = {p17p27"'7pn}7 (25)

where each point p; € R3 represents a sample on the object’s surface in three-dimensional
space by its 3D Cartesian coordinates, p; = [z;, ¥, z;]. Unlike polygon meshes, point clouds
lack explicit topological information about surface connectivity, making them a more primitive
yet flexible representation.

Point clouds often carry additional attributes beyond spatial coordinates, such as normal
vectors n; that approximate the surface orientation at point p;. These normals can be
estimated from local neighborhoods of points and provide valuable information for subsequent
reconstruction steps. The density and distribution of points directly impact the cloud’s ability to
accurately represent the underlying surface, with denser sampling generally providing better
approximation of detailed features but at the cost of increased computational requirements.

The unstructured nature of point clouds presents a fundamental challenge in reverse
engineering workflows. While they effectively capture the geometric form of an object, they
contain no explicit information about the geometric primitives, design features, or construction
history that defined the original model. This lack of structural information creates a significant
gap between the raw scanned data and the parametric CAD models required for design

modification and manufacturing.
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Voxel Representation

Voxel (volumetric pixel) representations offer a different approach to 3D shape modeling by
discretizing space into a regular 3D grid of cells [48]. Similar to how pixels form a 2D grid to
represent images, voxels extend this concept to the third dimension to represent volumes.
Unlike meshes and point clouds that represent only the object’s surface, voxel grids capture
volumetric information about both the exterior and interior of the object. Mathematically, a

voxel grid G can be defined as a three-dimensional array:

G={gijrlie{1,2,...,n.},j€{1,2,....,ny},k€{1,2,...,n.}}, (2.6)

where each voxel g; ;. represents a cubic region of space, and its value can indicate oc-
cupancy (binary voxel grids). The parameters n,, n,, and n. define the number of voxels
along each coordinate axis, determining the grid’s dimensions and resolution. An important
consideration in voxel representations is that computational and memory requirements scale
cubically with resolution, doubling the resolution along each axis results in an eightfold in-
crease in the number of voxels. This cubic scaling relationship presents significant practical
limitations for high-resolution representations of complex objects.

Voxel representations introduce several artifacts and limitations. Sharp features tend to
appear "staircased” due to the cubic discretization, and the accuracy of curved surfaces
depends directly on grid resolution. Furthermore, exact symmetries present in the original
object are often not preserved in the voxelized version, as the discrete grid may not perfectly
align with the symmetry axes. This loss of symmetry can be particularly problematic in reverse
engineering applications where symmetrical features are both common and functionally
important.

Voxel representations can be generated from point clouds or meshes through voxelization
algorithms. The volumetric nature of voxel grids makes them well-suited for identifying internal
structures and analyzing geometric properties. However, like other discrete representations,
voxel grids lack the parametric definition and construction history required for CAD modeling,

necessitating additional processing steps to convert them into editable, feature-based models.
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2.1.3 CAD-Specific Representations

While discrete representations are essential for capturing geometric data from physical ob-
jects, modern CAD systems rely on specialized representations that offer greater precision
and design flexibility. The following sections examine the two dominant CAD-specific repre-
sentations: Boundary Representation (B-Rep) and construction history. Understanding these
representations is crucial for reverse engineering tasks that aim to recover not only geometric

form but also design intent.

B-Rep Representation

(a) CAD Model (b) Faces (c) Edges (d) Vertices

Figure 2.4: A B-Rep describes a (a) CAD model as a shell composed of connected faces (b).
Each face is bounded by a loop of edges (c) and the edges are in turn bounded by vertices

(d).

The Boundary Representation (B-Rep) is a data structure that describes the shell of a 3D
model. In other words, it represents the boundary between the model and the non-model [51].
At its core, the B-Rep contains two main components: the topology and the geometry. The
topology provides the connectivity between the different elements. The shell of the model
can be defined by a set of connected faces. Each face is bounded by one or more loops each
composed of edges. Each edge is bounded by vertices. Figure 2.4 shows the decomposition
of a CAD model in the sets of faces, edges and vertices. The geometry of the model describes
the parametrization of the faces into surfaces, edges into curves and vertices into points.

Figure 2.5 depicts the relationship between topological and geometrical elements.
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Figure 2.5: The B-Rep structure is defined by two main components. The topology (left)
describes the connectivity between different elements and the geometry (right) provides the
parametrization of the primitives.
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Mathematically, a B-Rep B can be defined as a tuple of four sets of entities:

B=(F,&,J,V), where:

F = f1, fa,..., [N, is aset of Ny faces, ,

E =ey,ea,...,en, is aset of N, edges, (2.7)
J = j1,J2,- -+ Jn; is a set of Nj co-edges,

V =wv1,0,...,0n, is a set of N, vertices.

Unlike the planar faces and straight edges in mesh representations, B-Rep entities can
be more complex geometric elements. Each face f; € F corresponds to a parametric
surface, each edge e; € £ to a parametric curve, and each vertex v, € V to a point in
three-dimensional space. The co-edge structure J provides orientation information and
facilitates traversal of the model’'s topology, with each co-edge associated with an edge but
having a specific direction and corresponding to a specific face usage. From a data structure
perspective the B-Rep can be viewed as a connected list of co-edges.

While the B-Rep is an explicit representation that provides precise geometric definition
and editability, it primarily describes the final state of the model rather than how it was created.
The B-Rep does not capture the design intent or construction history that led to the final
shape, making it insufficient for understanding the engineering rationale behind a model’s

features or for parametrically modifying the model according to its original design intent.

Construction History and Feature-Based Modeling

Although the B-Rep is an effective representation of a CAD model’s final geometry, it lacks
information on how the model was constructed. As a result, it can be difficult to edit and
modify a CAD model from its B-Rep representation alone. The CAD construction sequence
offers an alternative representation that encodes the complete design process and history.
In modern CAD software, a designer typically starts by drawing a 2D sketch that is then
projected onto a 3D plane. A CAD operation is then used to lift the sketch into a 3D volume.

A wide set of CAD operations exists, including extrusion, revolution, chamfer, and fillet. This
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sketch-operation process can be repeated several times, with each intermediate volume
combined using boolean operations to create the final CAD model. An example of a CAD
construction sequence is depicted in Figure 2.6. This representation of a CAD model captures

design intent and greatly facilitates editing and parametric modification.

CAD Construction

CAD Model
Sketch 1 Extrusion 1 Sketch 2 Extrusion 2

Figure 2.6: In feature-based modeling a CAD model is constructed as a sequence of 2D
sketches and operation, such as extrusion.

Mathematically, we can formalize the construction history as follows. Let C represent the
set of all possible CAD sequences. A specific CAD sequence C € C can be modeled as a
sequence of L design steps: C = {¢;}F_,, where each step ¢, = (S;,0,) pairs a sketch S,

with a modeling operation O;. The sketch follows a hierarchical structure:

S = {]—}}ﬁl (faces), (2.8)
Fi={p?, (loops), (2.9)
e = {6}, (primitives). (2.10)

This hierarchy mirrors the organization of sketches in CAD systems. At the top level, a
sketch S; consists of one or more faces F;, which represent the distinct regions in the 2D
sketch that will be affected by the subsequent modeling operation. In CAD terminology, these
regions are often referred to as “profiles”, the closed contours that define the shape to be
operated upon. Each face or profile is bounded by one or more loops p;, where the outer loop
defines the profile boundary and any inner loops represent holes within that profile. Loops
themselves are composed of primitives ¢,,,, which are the fundamental geometric elements
(lines, arcs, and circles) that form the actual drawn content of the sketch. These primitives are

connected end-to-end to create closed contours that define the loops. For a profile to be valid
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for operations like extrusion or revolution, its loops must form closed, non-self-intersecting
boundaries. This structured representation allows CAD systems to precisely interpret which

regions of a sketch should be transformed into 3D features through subsequent modeling

Operatlons.
Face JF Loops ) Primitives O Extrusion
1.0 10 1.0
0.8 0.8 08 | _
sl / AN Exrrus\c(g Plane LXK 2
0.6 0.6 / \ |
- /4D - |{ . ! )
0.4 >0A \\j 0.4 \\ / l | | \)/ d
- \. / +
02 02 02 & |
' d_
%0 02 o4 L0 08 10 %6 02 o0a o6 08 10 *%0 oz oa , 06 o810 ‘
X
I:‘ Face — Outter loop — Line

— Inner loop Are
Circle

® Primitive parameter

Figure 2.7: Figure depicting the hierarchical structure of sketches S and the extrusion
operation O.

At the lowest level, primitives 4,,, can be represented through various parameterizations,
typically involving a combination of points, distances, and angles. One possible formulation is
a point-based representation where 2D coordinates p = [p,, p,] " define the key geometric
elements:

[Pstart; Pend] for lines,

Om = [pstart, Pmid; pend] for arcs, (2.11)
[Pcenter; Pradius] for circles.

where pstart and peng represent the endpoints of a line or arc, pmig is a point on the arc
between its endpoints, pcenter denotes the center point of a circle, and pyagiys is @ point on the
circumference of the circle.

CAD systems typically implement multiple internal parameterizations to represent primitive
geometry, optimized for different computational operations and user interaction paradigms.
For instance, lines may be encoded using implicit equations (ax + by + ¢ = 0), parametric
forms, or vector representations; circles through center-radius pairs or implicit equations

(2 4+ y* = r?); and arcs via center, radius, and angular bounds or through rational Bézier
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curve approximations. These representations are often interconverted within the software
depending on the specific operation being performed, such as boolean operations, or display
rendering. While these specialized representations offer computational advantages in specific
contexts, the point-based formulation presented here provides a unified mathematical frame-
work that facilitates consistent analysis across primitive types while preserving all geometric
degrees of freedom necessary for complete reconstruction.

It is worth noting that modern CAD systems support a much wider variety of 2D primitives,
including B-splines, NURBS curves, ellipses, parabolas, and hyperbolas, which enable the
representation of more complex and freeform shapes. However, for the purposes of this
thesis, we focus on the three of the most fundamental primitive types, namely lines, arcs,
and circles, as they constitute the vast majority of elements in mechanical CAD models and
provide sufficient expressivity for most engineering applications [52].

Each modeling operation O, consists of common parameters ©; and operation-specific

parameters ®;:

O, =1{0;,9}, (2.12)

el:{ea(z)v’YaTwaTvaZaavﬁ}v (2.13)

where (6, ¢, ~) defines the sketch plane orientation, (7., 7, 7.) specifies translation, o controls
scaling, and g denotes the boolean operation type. The operation-specific parameters &,
depend on the type of operation. In this work, we primarily consider the extrusion operation,
where ®; = {d;,d_}, with d; and d_ representing extrusion distances in the direction of
the sketch-plane normal and the opposite direction, respectively. Figure 2.7 depicts the
hierarchical structure of a CAD desing step ¢; = (S;, O)).

This sequential, parametric formulation of the construction history represents a powerful
hybrid of explicit and implicit representation approaches. The sequence itself explicitly cap-
tures the ordered steps of model creation, while each operation implicitly defines volumes
through generation rules rather than direct boundary specification. Unlike the B-Rep, which

only represents the final geometric state, the construction sequence provides a complete
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chronological description of how each feature was created, modified, and related to other fea-
tures in the model. This temporal dimension is crucial for capturing design intent. Importantly,
while a construction history can be evaluated to generate the corresponding B-Rep through
sequential application of operations, the inverse process, deriving the original construction
sequence from a B-Rep, is fundamentally ambiguous and often impossible without additional
information. This one-way relationship underscores a central challenge in reverse engineer-
ing: multiple different construction sequences can produce geometrically identical B-Reps,
yet each sequence may imply different design intent and modification capabilities. The hybrid
nature of this representation makes it particularly valuable for reverse engineering tasks,
as it enables not just geometric reconstruction but also recovery of the underlying design
methodology and feature relationships that define the model elements that are essential for

meaningful model modification and reuse.

2.2 Deep Learning Methods for CAD Reverse Engineering

Recent advances in deep learning have created new opportunities to address long-standing
challenges in CAD reverse engineering. This section explores three key neural network archi-
tectures that form the foundation of modern approaches to automated CAD reconstruction:
point cloud encoders that transform raw scan data into structured features, graph neural
networks that capture topological relationships in 3D structures, and transformer architectures

that are well suited for sequential representations such as CAD construction histories.

2.2.1 Point Cloud Encoder

A point cloud encoder is a crucial component for processing raw 3D scan data in CAD reverse
engineering pipelines. Its primary function is to transform the unordered, potentially noisy
set of 3D points into a structured, latent representation that captures the geometric features
of the scanned object. Given a point cloud X € R™»*3 composed of n,, points, a point cloud

encoder can be modeled as a function ®,,, such that:
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@p :Rnp><3 —)Randf ,
(2.14)
Pp(X) =Fp,

where F,, € R"/*% is the set of n feature vectors each of dimension d;. The relationship
between the number of input points 7, and output feature vectors n; depends on the specific
encoder architecture. In point-wise encoders, we typically have ny = n,, where each input
point is transformed into a corresponding feature vector, preserving spatial correspondence.
In global feature encoders, ny = 1, producing a single feature vector that represents the
entire point cloud. This resulting latent representation then serves as input to subsequent
CAD specific decoder networks.

In the following section, we review two point encoder network architectures that are used

throughout the thesis.

PointNet++ Encoder

PointNet++ [53] extends the original PointNet architecture [33] by introducing a hierarchical
feature learning framework that captures local structures at different scales. Unlike its
predecessor, which processed all points independently before a global pooling operation,
PointNet++ applies PointNet recursively on nested partitions of the input point set through a
hierarchical process of set abstraction layers.

Formally, given an input point cloud X € R™*3, which we denote as Fg = X to represent
the initial feature level, PointNet++ processes the data through multiple set abstraction levels.
Each set abstraction layer consists of three key operations: (1) sampling points to identify
centroids, (2) grouping neighboring points around these centroids to form local regions,
and (3) applying point-wise feature extraction followed by pooling to generate new features.
The superscript I € {0, 1, ..., L} throughout our notation denotes the abstraction level in this
hierarchical structure.

At the first abstraction level, PointNet++ applies a sampling and grouping strategy to
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create a set of local regions:
{R1,Ra, ..., R} = Sampling(F}) (2.15)

where each region R; C Fg contains a centroid point and its neighboring points within a
radius (ball query), thus each region covers a fixed spatial scale.
For each local region R;, a mini-PointNet [33] ¢,..:, consisting of multi-layer perceptron

(MLP) networks and a max-pooling operation, extracts local features:
£ = Gpnet(Ri) .- (2.16)
These local features are then aggregated to form a new set of points with feature vectors:
F, = {(c1,f), (c2,£5), -, (cno £a.)} (2.17)

where c; is the coordinates of the centroid of region R;.

The complete set abstraction operation can be summarized as:
F.i = SetAbstraction(F},) . (2.18)

This process is repeated through multiple set abstraction levels, with each level producing
increasingly abstract feature representations while progressively reducing spatial resolution.
The final output FIE corresponds to the feature representation after L abstraction levels. The
resulting multi-scale features can then be propagated back to the original points using feature
interpolation techniques, ultimately producing a feature matrix F,, € R *4s. This hierarchical
approach makes PointNet++ particularly effective for CAD reverse engineering tasks, as it
can simultaneously capture global shape characteristics necessary for classifying geometric
primitives while preserving the fine-grained details required for precise boundary detection

and feature recognition.
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RandLA-Net Encoder

Building upon the hierarchical design principles of PointNet++, RandLA-Net [54] introduces an
alternative neural architecture specifically optimized for processing large-scale point clouds.
Unlike PointNet++ which uses simple max pooling to aggregate local features, RandLA-
Net employs a more sophisticated Local Feature Aggregation (LFA) module that explicitly
preserves local geometric structures. Each LFA module consists of two key components: (1)
a local spatial encoding unit that captures relative positions between neighboring points, and
(2) an attentive pooling mechanism that learns to weigh important features based on their
local context.

Given a point cloud X € R™*3, which we denote as Fg = X to represent the initial feature
level, the RandLA-Net encoder begins by finding the K nearest neighbors for each feature
f). Given a f{ and its K neighbors {f,,...,f’,...,fx}, a set of local spatial features
F) = {f2,,...£,,...,£°;} is obtained by applying a MLP to encode the relative spatial
relationship between £ and each neighbor fZOk This encoding explicitly incorporates the raw
coordinates, relative displacement vectors, and Euclidean distances, allowing the network to
better capture local geometric structures.

RandLA-Net then incorporates an attention mechanism to adaptively weight the contribu-

tion of each neighboring point:

sijp = ba(E)) (2.19)
K ~
£l = Osik), (2.20)
k=1

where f! represents the feature vector corresponding to the point p; after 1 LFA layer, ¢, is an
attention function implemented as a shared MLP with softmax, and © denotes element-wise
multiplication.

For the i-th encoding layer, the feature transformation can be expressed as:
l -1
F,=LFA(F, ). (2.21)

Like PointNet++, RandLA-Net employs multiple encoding layers with progressive downsam-
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pling. After L encoding layers, the final output feature matrix FL € R"s*% captures rich
local and global geometric information while being able to process point clouds orders of
magnitude larger than what is possible with PointNet++, making it particularly well-suited for
CAD reverse engineering tasks where dense point clouds are required to capture fine-grained

details.

2.2.2 Graph Neural Network Architecture

A graph G is a mathematical structure consisting of a set of vertices (or nodes) V¢ and a set

of edges £¢ that connect pairs of vertices. Formally, a graph can be defined as:
G =V eE9), (2.22)

where V& = {v1,v9,...,v,} represents the set of n vertices, and £¢ C V& x V¢ represents
the set of edges, where each edge e;; = (v;,v;) € EC connects vertices v; and vj. In the
context of machine learning, graphs are often enriched with additional information. Vertices
and edges can be associated with feature vectors, resulting in an attributed graph. For
a vertex v;, its feature vector is denoted as f; € R%, where d, is the dimension of vertex
features. Similarly, for an edge e;;, its feature vector is denoted as e;; € R%, where d, is
the dimension of edge features. Additionally, the connectivity pattern of a graph can be

represented by an adjacency matrix A € R™*", where:

1, if (Ui,Uj) €&l
Ay = (2.23)

0, otherwise.

For weighted graphs, the adjacency matrix entries can take values other than 0 and 1 to
represent the strength or weight of the connections between vertices.

The graph representation is particularly well-suited for the CAD reverse engineering
problem. For example, a B-Rep can be represented as a graph structure where the graph

vertices represent B-Rep faces and the graph edges the B-Rep edges. Point clouds can also
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‘ Graph ‘Vertices‘ Vertex Feature, f; ‘ Edges ‘ Edge Feature, e; ; Adjacency, A Related Works

Mesh Mesh Vertex coordinates Mesh Edge lengths and Mesh connectivit [55, 56]
vertices | and normals edges dihedral angles y ’
Voxel Voxel coordinates Spatial relationship | K-Nearest
Grid Voxels and size ) between voxels Neighbors [57, 58]
Point Points Point coordinates, ) Spatial relationship | K-Nearest [59, 60, 61,
Cloud normals between points Neighbors 62]
. B-Rep B-Rep )
B-Rep faces Face type, area edges Edge type, length B-Rep Topology [13]
) 2D UV grid point _ 1D UV grid point
B-Rep B-Rep coordinates and B-Rep coordinates and B-Rep Topology [14]
faces normals edges normals

Table 2.1: Examples of how Graph Neural Networks (GNN) can be constructed in the context
of 3D reverse engineering. Graph structure can model both discrete 3D shapes (mesh, voxel,
point cloud) and CAD models (B-Rep).

be represented as a graph where the vertices correspond to the points and the adjacency
matrix is obtained from K-Nearest Neighbor search. Table 2.1 shows different methods to
model 3D shapes in graph structures.

We now provide a general mathematical formulation of Graph Neural Networks (GNNSs)
as message-passing neural networks. A GNN layer consists of three steps: (1) a message
computation, (2) an aggregation and (3) an update of the nodes and edges features [63,
60]. This process allows for the passing of information between connected nodes. Let
G% = (v, £Y) be the initial graph with node features f? and edge features ] ; as previously

defined. For each node v; € V° a message m} for the first GNN layer is computed using:

m! = [ ]| ¢.(2,60,e:;), (2.24)

v; €N (v;)

where N(v;) is the set of neighbor nodes to v; as defined by the adjacency matrix A, D is
an aggregation function such as sum, max pooling or an attention-based function, and ¢,
is a function with learnable parameters, typically an MLP. Then, the vertex features can be

updated using:

36



£l = ou(f), m;), (2.25)
where ¢, is an update function with learnable parameters, typically an MLP. Similarly, edge
features can be updated following:

el = ¢e(fl,£]), (2.26)

177)

where ¢, is a function with learnable parameters, typically an MLP. As a result, a new graph
Gt = (V1, &) can be constructed. Note that it is possible to compute a new adjacency matrix
at each layer using the update vertex features, hence creating a dynamic graph [60]. This
message passing mechanism can be applied iteratively, so that after I-th GNN layer the

resulting graph, G', can be expressed as:

G' = GNN(G ). (2.27)

Graph Neural Network offer a modeling approach that is particularly well-suited for CAD
reverse engineering tasks as they allow for the encoding of a variety of unstructured and

structured shape representations such as point clouds and B-Reps.

2.2.3 Transformer Architecture

The transformer architecture, first introduced by Vaswani et al. [64] for natural language
processing tasks, has emerged as a powerful paradigm for modeling sequential data with long-
range dependencies. Transformers employ an attention mechanism that allows modeling of
relationships between all elements in a sequence. In the context of CAD reverse engineering,
transformers are particularly well-suited for processing construction histories that are part
of the feature-based representation. In this representation, a CAD object is modeled as a
sequence of parametric operations (sketch and operation). The core components of the

transformer architecture include:

» Tokenization: Converting input data elements (whether point cloud features, or para-
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metric CAD sequence) into fixed-dimensional vector representations;
+ Positional Encoding: Incorporating sequential information;

+ Self-Attention Mechanism: Computing attention weights to capture relationships

between operations within the same modality;

» Cross-Attention Mechanism: Enabling information flow between different modalities,
such as point clouds and CAD sequences, by allowing tokens from one domain to

attend tokens from another domain;

« Encoder-Decoder Structure: Facilitating the translation from one domain (e.g., point

clouds) to another (e.g., CAD sequences).

The cross-attention mechanism is particularly important for CAD reverse engineering tasks
that involve reconstructing a CAD model from a point cloud, cross-attention enables each
element in the generated CAD sequence to selectively focus on relevant regions of the input
point cloud.

In the following subsections, we will examine each component of the transformer ar-
chitecture and its application to CAD reverse engineering, starting with the tokenization

process.

Tokenization

The transformer architecture processes information through sequences of tokens. In the con-
text of CAD reverse engineering, we first define a set of input elements X = {x;, x2,...,xn,}
consisting of N, elements. Each input element x; can have varying dimensions and types
depending on the source modality. For point clouds, x; might represent point coordinates
or feature descriptors obtained from a point cloud encoder. For CAD sequences, x; could
represent sketch elements (e.g., lines, arcs, circles), modeling operations (e.g., extrusion), or
their associated parameters (e.g., coordinates, distances, angles).

Tokenization refers to the process of projecting these heterogeneous input elements

into a fixed-dimensional embedding space. Formally, we define a token sequence S =
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{t1,t2,...,tn.} where each token t; € R% is a d;-dimensional vector in a continuous embed-
ding space, with all tokens sharing the same dimensionality d;.
The token embedding process can be formalized as a mapping function ¢, that projects

each input element x; to the token space:

t; = ¢deo(x;) € RY . (2.28)

For point cloud features, ¢. may be implemented as a multi-layer perceptron that transforms
high-dimensional feature vectors into the token dimension. For categorical data such as
operation types, ¢. can be a learnable embedding lookup table. For continuous parameters,
¢. might involve a quantization step followed by embedding, or direct encoding through a

neural network.

Positional Encoding

Unlike recurrent neural networks, transformers process all tokens in parallel, and hence
they lack a mechanism to capture the sequential ordering of input elements. Positional
encoding addresses this limitation by incorporating position information directly into the token
embeddings. In the context of CAD reverse engineering, this is crucial as the sequence of
operations in a CAD construction history can carry significant semantic meaning.

Positional encoding can be implemented through various approaches. The original
transformer architecture [64] employed a deterministic sinusoidal encoding. Alternatively,
learned positional embeddings can be employed, where each position index is mapped to a
learnable vector. This approach can be more flexible and potentially capture more complex
positional relationships, but may be limited to the maximum sequence length encountered
during training. For CAD sequences where the number of operations is typically bounded,
learned positional embeddings are often used.

Regardless of the specific encoding method, the positional information is incorporated
by adding it to the token embeddings, resulting in the final sequence of feature vectors that

serve as input to the transformer:
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fi=t +pi, (2.29)

where f; € R% is the final feature vector for position i, t; € R% is the token embedding, and
p; € R% is the positional encoding vector for position i.

The resulting sequence F € RYs*% is then defined as:

F={ff... fx}. (2.30)

This sequence preserves both the content information from the token embeddings and the
sequential information from the positional encodings, enabling the transformer to effectively
process ordered data such as CAD construction sequences and spatially structured point

sets.

Single Query Attention

At the core of transformer architectures lies the attention mechanism, which allows the model
to focus on relevant parts (e.g., previous tokens or whole sequence) of the input sequence
when predicting an output token. Single query attention computes a weighted sum of value
vectors, where the weights are determined by the compatibility between a query vector and a
set of key vectors [65].

Given a single sequence feature vector, f and T context feature vectors f;, the attention is

computed as follows:
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o’ X, ) (2.31)

where W, € Réattnxdt W, ¢ Rdattn¥dt gnd W, € Réeut <% gre learnable parameter matrices
that transform the feature vectors into query, key, and value spaces, respectively. ¥ € R%ut is
the output vector containing information aggregated from the context that is relevant to the
query.

In the context of CAD reverse engineering, single query attention enables each element in
a sequence to gather information from all other elements. For instance, in a CAD construction
sequence, the attention mechanism allows each operation to focus on previously defined
geometric elements that are relevant to its definition. Similarly, when processing point
cloud data, attention enables each point to aggregate information from geometrically or
semantically related points, facilitating the recognition of higher-level structures and patterns

such as planes, cylinders, or design features.

Self-Attention and Cross-Attention

Building upon the single query attention mechanism, transformer architectures employ two
primary types of attention: self-attention (SA) and cross-attention (CA). These mechanisms
differ in how they source their query, key, and value vectors.

In self-attention, all query, key, and value vectors are derived from the same sequence of
feature vectors. Given a sequence F = {f},f,,...,fx.}, each feature vector f; generates its
corresponding query, key, and value vectors using the same projection matrices described

previously. This allows each position to attend to all positions within the same sequence,
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enabling the model to capture intra-sequence dependencies.

Cross-attention, in contrast, computes query vectors from one sequence and key-value
pairs from another. Formally, given a query sequence F? = {f/, f],... . f{ } and a context
sequence F¢ = {f} 5, ... f§ }, cross-attention allows each position in the query sequence
to attend to all positions in the context sequence. It is important to note that the query and
context sequences may have different lengths (V, can be different from N.) and their feature
vectors may have different dimensions (f! € R% and f{ € R% where potentially d, # d.).
This flexibility is particularly valuable when connecting different modalities or representation

spaces. The query, key and value vector calculations from eq. 2.31 are now:

q; = quiq )
kj = Wi f5, (2.32)
V= vajc.

To control information flow and enable efficient parallel processing, attention mechanisms
often employ masks. In autoregressive (unidirectional) settings, a causal mask ensures that
each position can only attend to itself and previous positions, preventing information leakage

from future tokens:

o 9Lk
V] p(wa;t;B ) <i.
Qi = Zzgiexf’(\/ﬁ> (2.33)
0 otherwise .

This causal masking is particularly important when predicting the next token in a sequence,
as it enforces the constraint that prediction of token at position i can only depend on tokens
at positions less than or equal to .

In bidirectional (non-autoregressive) settings, no such mask is applied, allowing each
position to attend to all other positions regardless of their relative ordering. This bidirectional
attention is especially useful for tasks requiring full contextual understanding, such as feature
extraction from point clouds or analysis of complete CAD sequences.

In the context of CAD reverse engineering, cross-attention is particularly valuable when
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translating between different representations. For example, when reconstructing a CAD
sequence from a point cloud, queries derived from partial CAD constructions can attend
to keys and values derived from point features, enabling the model to focus on relevant

geometric regions when predicting the next construction operation.

Multi-Head Attention

The attention mechanisms described thus far represent the operation of a single attention
head. In practice, transformer architectures employ multi-head attention, which runs multiple
attention operations in parallel and then combines their results. This approach allows the
model to jointly attend to information from different representation subspaces.

In multi-head attention, the model creates h different sets of query, key, and value
projections each with their own sets of learnable projection matrices. The dimension of
the query, key and value vectors for each head is typically smaller than the original feature
dimensions. The outputs from all heads are concatenated and then linearly transformed to
produce the final result.

This parallel computation of attention over different projection spaces offers several ad-
vantages. First, it enables the model to capture different types of relationships simultaneously
as some heads may focus on local geometric features while others capture global structural
patterns. Second, by using lower-dimensional projections for each head, multi-head attention
maintains computational efficiency while increasing model expressivity. Finally, the different
attention patterns across heads provide a form of ensemble learning, making the model more

robust.

Transformer Encoder and Decoder

The attention mechanisms described in previous sections serve as fundamental building
blocks for the complete transformer architecture, which consists of an encoder and a decoder,
each composed of multiple identical layers stacked on top of each other, as illustrated

in Figure 2.8. This multi-layer approach allows the model to build increasingly abstract
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representations as information flows through the network.
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Figure 2.8: Transformer architecture [64]. Left: Transformer encoder. Right: Transformer
decoder relying on the cross-attention mechanism.

The encoder transforms the input sequence into a continuous representation that captures
its underlying structure. Each encoder layer contains two main components: a multi-head
self-attention mechanism and a position-wise feed-forward network.

The decoder generates the output sequence element by element, using both the en-
coder’s output and previously generated elements. Each decoder layer contains three main
components: a masked multi-head self-attention mechanism, a multi-head cross-attention
mechanism, and a position-wise feed-forward network.

Critically, both encoder and decoder employ residual connections around each sub-layer,
followed by layer normalization. Layer normalization explicitly controls the mean and variance
of individual neural network activations, stabilizing the learning process.

After processing through N layers of encoder and decoder stacks, the final decoder
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output is projected to the vocabulary size and passed through a softmax function to produce
a probability distribution over possible output tokens.

This probabilistic output enables various decoding strategies. During training, the model
is typically trained to maximize the likelihood of the correct token. During inference, strategies
such as greedy decoding (Top-1 sampling), beam search (maintaining multiple high-probability
sequence candidates), or sampling-based approaches (drawing from the output distribution)
can be employed to generate sequences.

In the context of CAD reverse engineering, the transformer encoder can process point
cloud features or mesh representations, while the decoder can generate the sequence of
CAD operations needed to reconstruct the 3D model. The probabilistic nature of the output

can allow the model to propose multiple plausible CAD constructions for a given input.

2.3 Conclusion

This chapter has provided a comprehensive overview of the fundamental shape representa-
tions and deep learning methods that form the foundation of CAD reverse engineering. We
began by examining the evolution of solid modeling paradigms, from early 2D projections to
modern feature-based, history-based CAD. We then described the mathematical formulations
of various 3D shape representations, contrasting the discrete representations commonly pro-
duced by scanning technologies (point clouds, meshes, and voxel grids) with the parametric
CAD-specific representations (B-Rep and construction history) that capture design intent.

The inherent gap between these representation spaces—from unstructured geometric
data to parametric, editable models—defines the central challenge of CAD reverse engi-
neering. To bridge this gap, we discussed three key deep learning architectures: point
cloud encoders, graph neural networks, and transformers, each offering complementary
approaches to processing and transforming 3D data.

The remainder of this thesis will build upon these foundations to develop novel methods

that bridge the representation gap in CAD reverse engineering.
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Chapter 3

CADOps-Net: Jointly Learning CAD
Operation Types and Steps from

Boundary-Representations

In this chapter, we introduce our contribution named CADOps-Net, a neural network archi-
tecture for jointly learning CAD operation types and steps from Boundary Representations
(B-Rep). This work addresses a sub-problem of the CAD reverse engineering task. In
particular, we consider the B-Rep as an intermediate representation between the 3D scans
and the feature-based representation. More specifically, we aim at recovering elements of
the CAD construction history (CAD operation types and steps) by segmenting B-Rep faces,
directly addressing the challenge of recovering design intent highlighted in Section 1.2.3. This
is achieved by expanding the BRepNet [13] network to obtain face features and to predict
the segmentation of the B-Rep faces according to the CAD operation type (e.g., extrusion,
revolution) that was used for the construction of this face. These labels are jointly learned
with the grouping of the faces that were constructed at the same construction step through
the CAD history sequence. Experimental results demonstrate that this joint learning strategy
leads to an improvement in the accuracy of the prediction over existing methods. Moreover,

to address the lack of realistic, complex, annotated dataset identified as the “CAD Data Chal-
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lenge” in Section 1.2.4, we introduce the CC3D-Ops dataset that contains over 37k B-Reps
with corresponding per-face operation type and step annotations. This dataset contribution
provides more complex models that better reflect real-world industrial designs compared to
existing datasets. Finally, we show that the predictions from CADOps-Net can be used to
deduce the sketches that were used to create the CAD model. As a result, this work is a
first step towards addressing the complete CAD reverse engineering problem and lays the

foundation for the more comprehensive approaches developed in subsequent chapters.

3.1 Introduction
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Figure 3.1: B-Rep segmentation into CAD operations types and steps.
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As established in Chapter 1, Computer-Aided Design (CAD) has become the cornerstone
of modern product development workflows across industries [66, 67, 31]. The power of
CAD systems stems largely from their parametric nature, which enables engineers and
designers to iterate efficiently by adjusting parameters of existing models to meet new
requirements—whether customizing dental prostheses for individual patients [68] or adapting
mechanical components for different applications [69]. However, this parametric editability
hinges critically on access to the model’s design history, which captures the sequence of
operations used to create the final shape. In practice, this history is frequently unavailable,
either because it was never recorded for generic 3D shapes [70] or because it was lost during
translation between different CAD systems [71, 13]. This limitation has spurred significant
research efforts aimed at inferring design history from geometric data alone [13, 72, 73, 70,
74, 26]—a process known as 3D reverse engineering, which forms the central focus of this
thesis.

Prior works attempted to recover the CAD design history, considering Constructive
Solid Geometry (CSG) based models [70, 73] for simplicity. In CSG, a CAD model is
represented by a set of rigidly transformed solid primitives (e.g. cube, sphere, cylinder)
and combined using Boolean operations such as union, intersection, and difference [75].
However, modern CAD workflows use feature-based modeling, in which solids are created
by iteratively adding features such as holes, slots, or bosses [74, 76]. These high-level
features are sequentially created through drawing sketches and applying CAD operations
such as ‘extrusion’, ‘revolutior’, etc. Figure 3.1a illustrates an example of feature-based
simple CAD model creation. Using this type of CAD modeling, the final model is stored in a
data structure called Boundary-Representation (B-Rep). The B-Rep describes the geometry
and the topology of the CAD model through faces, edges, loops, co-edges and vertices [13].
However, it does not include information about how these entities are designed. Accordingly,
recent efforts in the state-of-the-art have focused on relating B-Reps to the design history [74,
13, 72]. In particular, two main directions have been followed: (1) segmenting the B-Rep faces
into CAD operation types (e.g. ‘extrusion’, ‘revolution’) [72, 13] or higher-level machining

features (e.g. ‘holes’, ‘slots’) [77] that allowed their creation; (2) inferring a sequence of
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parametric sketches and extrusions that allowed the design of the B-Rep [74, 27, 23]. While
the first group of works have the advantage of relating each face of the B-Rep to various types
of CAD operations, they do not describe the relationship between the faces nor the steps of
the construction. On the other hand, the works taking the second direction reconstruct the
ordered sequence of the design history, including sketches, but they are usually limited to
only one CAD operation type (i.e. ‘extrusior’) as a simplification of the search space.

In this work, we combine both directions by segmenting the faces of the B-Reps into
various CAD operation types and further decomposing them into steps of construction as
shown in Figure 3.1. These two aspects are jointly learned using an end-to-end neural
network, allowing the recovery of further information about the design history such as CAD
sketches. The proposed method is evaluated on the publicly available Fusion360 dataset [27],
and a newly introduced dataset that is closer to real-world challenges. The key contributions

can be summarized as follows:

* A neural network, CADOps-Net, that operates on B-Reps is proposed to learn the
segmentation of faces into CAD operation types and steps. We introduce a joint

learning method within an end-to-end model.

» We create a novel dataset, CC3D-Ops, that builds on top of the existing CC3D dataset [41]
by extending it with B-Reps and their corresponding per-face CAD operation type and
step annotations. Compared to existing datasets [27, 15, 28], CC3D-Ops better reflects

real-world industrial challenges thanks to the complexity of its CAD models.

» The proposed approach is evaluated on two datasets and compared to recent state-
of-the-art methods. We further showcase some preliminary results on a possible

downstream application consisting of CAD sketch recovery from B-Reps.

The rest of the chapter is organized as follows; In Section 3.2 related works are discussed
followed by the problem formulation in Section 3.3. Section 3.4 describes the proposed
CADOQps-Net. The proposed CC3D-Ops dataset is introduced in Section 3.5. The experi-
mental results are reported and analyzed in Section 3.6. Finally, Section 3.7 concludes this

work and presents directions for future work.
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3.2 Related Works

Learning representations for 3D shape modeling [78] is an important research topic that
aims at finding the best deep feature encoding method. For instance, while a group of works
leverages feature embedding for unordered and irregular point clouds [33, 53, 60, 79, 80]
or regular grids of voxels [81, 82, 41, 83, 84], another group of works [85, 86, 87] defines
convolution kernels and feature embedding techniques for meshes and manifolds. Other
works [70, 13, 72, 73] focused on learning from high-level 3D shape representations such as
CAD models. These methods either assume that the CAD models are obtained using CSG
or feature-based modeling. In particular, the recovery of the CAD design history considering

these two types of modeling has attracted a lot of attention [27, 72, 13, 73, 70].

CSG-based Approaches. Several approaches [73, 88, 75, 89] attempt to infer the design
history of CAD models using CSG representation. For instance, when the input shape is a
3D point cloud, [70] and [89] convert it to the CSG tree (mainly binary-tree) of solid bodies
which is a volumetric representation of simple geometrical primitives. Similarly, when the
input is a B-Rep or a solid body, [90] and [88] describe unique CSG conversion steps (or
vice-versa in [75]). The conversion reveals hierarchical steps involved in modeling solid
bodies, whereas CAD models appear more as connected surface patches than volumetric
solids [91]. Therefore, predicting CSG construction history may not reveal the actual CAD
construction steps used in modern CAD workflows [74]. The latter mostly consider B-Reps

instead of CSG and rely on feature-based modeling, which is addressed in our work.

Feature-based Approaches. The methods that either directly learn the B-Rep structure of
a CAD model [14, 13, 92, 74, 77] or predict sketches and CAD operations [26, 93, 94, 95],
are closely related to our work. The works in [93, 95] propose generative models for CAD
sketches with a focus on the constraints of sketch entities. Therefore, they do not consider the
connection between constrained CAD sketches and operations. On the other hand, methods
like SolidGen [92], BRepNet [13], UV-Net [72], CADNet [77] put more emphasis on how
to use the B-Rep data structure to obtain face embeddings followed by face segmentation,

but obscuring the relation between the segmented faces and design steps. DeepCAD [26],
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Figure 3.2: The CADOps-Net joint learning network architecture. The input B-Rep, B, is first
passed through a BrepNet backbone, A, to obtain face embeddings, F2. These embeddings
are then fed to an MLP layer, o, to predict the face op.step segmentation, S. Using these
predictions, the face embeddings, F2, are aggregated with a function A into step embeddings,
S4. Finally the concatenation, @, of the face embeddings, F2, and their corresponding step
embeddings, S*, are passed through an MLP layer, p to predict the op.type face labels.

Fusion360 [27] and Zone-graph [74] are the first set of methods, to the best of our knowledge,
that relate parametric sketches and CAD operations proposing a generative model for CAD
design. However, their models were restricted to only one type of CAD operations, namely
extrusion. Finally, Point2Cyl [23] operates on point clouds to detect 2D sketches but is also

limited to the CAD extrusion operation.

CAD Modeling Datasets. Besides Fusion360 [27], there are no datasets that provide
both B-Reps and fully explicit construction history in standard format. For example, the ABC
dataset [28] provides over 1M CAD models with sparse construction history provided in
Onshape proprietary format [27]. On the other hand, the SketchGraphs dataset [94] contains
a large number of sketch construction sequences but not the B-Reps. Both MFCAD [15]
and MFCAD++ [77] datasets contain B-Reps and machining feature labels. However, the
samples are synthetic models and too simple to consider for industrial modeling tasks. CC3D
dataset [41] offers over 50 k pairs of industrial CAD models as triangular meshes and their
corresponding 3D scans, but without construction steps and B-Reps. CC3D-Ops supplements

the CC3D dataset with these elements.
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3.3 Problem Statement

A B-Rep B can be defined as a tuple of three sets of entities — i.e., a set of N, faces
{f1, fos.., fn, }, asetof N, edges {ei, e, ..., en.}, and a set of N, co-edges (also known
as directed half-edges) {j1, j2,...,jn,}. Our main goal is to relate each face f in B with
its construction history using three different types of features F € RVs*ds E ¢ RNexde and
J € RNi*4; extracted for the three entities, namely, faces, edges, and co-edges, respectively.
The CAD construction history is defined as a sequential combination of sketches followed
by some CAD operations. In this chapter, we are interested in learning (1) the type of CAD
operations through the segmentation of each face that allowed for its creation, and (2) the

CAD operation step to which the segmented face belongs.

3.3.1 CAD Operation Types

The choice of CAD operation types is crucial for constructing CAD models. For notation
simplicity, let us denote them as op.types. The geometry of the final CAD model, usually
stored as a B-Rep, is obtained through these operations, which makes each face of the
B-Rep directly related to a type of operation. In Figure 3.1c, we show some intermediate
steps of CAD construction and how the faces of the corresponding B-Rep are obtained using
different op.types. For example, the B-Rep of a cube that was obtained by sketching a 2D
square and applying an extrusion operation, as in Figure 3.1a, would result in two faces with
‘extrude end’ labels and four faces with ‘extrude side’ labels. The ability to automatically
infer the op.type that allowed for the creation of each face of the B-Rep constitutes a first, yet
essential, step towards relating the geometry of the CAD model to its construction history.
Recently introduced models [13, 72] proposed to learn the segmentation of B-Rep faces into
op.types.

Formally, let us consider a B-Rep B labelled with the per-face op.types:

T = [ti;t;...5tn,] € {0,1}777F (3.1)
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where k; is the number of possible op.types. Here, T < {0,1}""** is an N; x k; matrix with
binary entries, where each row t; € {0, 1}** can have only one element as 1 representing the
op.type of the face f;. The task of op.type segmentation consists of learning a mapping ®,

such that,

@ : RN s o RNexde 5 RNexdy 10 1} Nrxhe (3.2)

&(F,E,J)=T. (3.3)

It is important to highlight that the segmentation task of op.types uses the features of faces,
edges and co-edges, but assigns a unique op.type, among a fixed number of possible types,
to each face of the B-Rep. Despite its usefulness for reconstructing the CAD construction
history of B-Reps, the segmentation into op.types is not sufficient as it does not describe the

relationship between the faces nor the steps of the construction.

3.3.2 CAD Operation Steps

In addition to the operation types that are assigned to the faces of the B-Reps, our aim is to
relate them further to the construction history. Accordingly, we propose a novel task consisting
of segmenting the faces of B-Reps into CAD operation steps. For notation simplicity, they
will be denoted as op.steps in what follows. While the segmentation into op.types aims at
identifying the operation that was used to create each face, the purpose of the segmentation
into op.steps is to group faces that were created at the same time step. An example is shown
in Figure 3.1b.

Formally, let us consider a B-Rep B labelled with the per-face op.steps S € {0, 1}VrxFs,
where k; denotes the number of op.steps in B. Similarly to the op.types T, the op.steps are
represented by an Ny x k, binary matrix S = [si;s2;...;sn,] € {0, 1}Vrxks | Each row of
this matrix, s; € {0, 1}*+, can have only one element equal to 1 denoting the op.step for the

face f;. Segmenting the faces of B-Reps into op.steps, would require learning a mapping ¥,
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W - RNfde % RNexdﬁ % RNkde N {O7 l}Nkas ’ (34)

U(F,E,J)=S. (3.5)

The proposed segmentation into op.steps is a challenging task for two main reasons: (1)
unlike the op.type segmentation where the possible types are predefined, the labels of
op.steps S are arbitrary and any combination of labels, in which faces belonging to the same
step have identical labels, can be considered as correct; (2) predicting op.steps aims at
grouping B-Rep faces according to the design history. Therefore, it requires learning the

relationship between the different faces of the B-Rep in addition to its geometry and topology.

3.4 Proposed CADOps-Net

The proposed CADOps-Net jointly learns the op.type and op.step segmentation within the
same model. In practice, the mappings ¥ and ®, introduced in Section 3.3, are learnt using
an end-to-end neural network. BRepNet [13] is used as the backbone of our model, as
it has been shown to effectively operate on B-Reps. BRepNet uses the face, edge, and
co-edge features (F, E, J) of a B-Rep B to learn per-face embeddings using a succession
of convolutions defined through specific topological walks and Multilayer Perceptron (MLP)
layers. For more details about this backbone, readers are referred to [13]. In what follows, the
BRepNet backbone will be denoted by A : RNsxds x RNexde o RNkxd; _y RNyXdems gnd
f2 will be used as a notation for the embedding extracted using this backbone from a face f

of a B-Rep B. The proposed network is composed of two modules that are described below.

3.4.1 CAD Operation Step Segmentation

The CAD operation step module has two roles. Firstly, it predicts the per-face op.step labels.
Secondly, it is used to aggregate the embeddings of faces belonging to the same step and

produce embeddings for each group of faces obtained in a single op.step.

Learning CAD operation steps: The mapping ¥ introduced in Section 3.3.2 consists of
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two components, i.e., ¥ := o o A, where A uses the features of the B-Rep (F,E,J)
and extracts per-face embeddings F& = [f2; & ... ; fﬁf} € RNrxdemv 5 is an
MLP followed by softmax that maps the face embeddings F into probabilities of predicted
op.steps S = [S1582; ... ; 8Ny € [0, 1]V k< Here, each face fj would have a vector
s; € [0,1]% specifying its membership probabilities to the ks op.steps. It is important to
note that the number of op.steps in a CAD model is not known in advance. We assume the
maximum number of steps, ks, in a B-Rep B to be the largest number of possible steps per
model computed on the training dataset.

As mentioned in Section 3.3.2, a particular challenge for predicting the op.steps is that the
ground truth labels S are arbitrary. Therefore, the task consists of predicting the combination
of steps that matches the ground truth labels. Inspired by [96, 23], we use a Hungarian
matching [97] to find the best one-to-one correspondences between the predicted op.steps S
and ground truth labels S. Even though the Hungarian matching is not differentiable, it is
only used to find the correspondences in the training phase, allowing for the computation of a
Relaxed Intersection over Union (RloU) [98] metric between pairs of predictions s and ground

truth s as follows,

RloU(s, ) = s's (3.6)
0 sl + ISl - sTs '

where ||.||; denotes the ¢; norm, and T the vector transpose. The RloU metric is further used

to define the following op.step loss function,

Ny
1 .
Lstep = fo E (1 —RloU(s;,s;)) - (3.7)
=1

For inference, the Hungarian matching is not used and the predicted op.steps are given by

taking the maximum probability over each s.

CAD operation step embedding: In addition to predicting the per-face op.steps given a
B-Rep, the same module is used to extract CAD step embeddings {s{',s3',...,s{' }. This is

achieved by aggregating the embeddings of faces predicted to belong to the same op.step.
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Specifically, each op.step ¢ would have an embedding s;;‘ € R%ms | such that

) = AR, (3.8)

j=arg max §;,¢

where §:7¢ denotes the per-face predicted op.step labels for ¢, and A is an aggregation
function that preserves the dimension of the input embeddings such as average or maximum.
Finally, each face of the B-Rep will have the corresponding op.step embedding s according to

the predicted op.step label. These embeddings are finally stacked in a matrix S € RNs*demb,

3.4.2 CAD Operation Type Segmentation

The introduced mapping @ to obtain the op.type segmentation from an input B-Rep shares
the same BRepNet backbone A used by the module of op.type segmentation. Moreover, it
uses two other mappings, v and p, where ® := po~o A. The mapping

v RNf X demp % RNf X demp N RNfX2de'm,b (39)

takes as input the face embeddings F~ and outputs their concatenation with the correspond-
ing step embeddings S*. These concatenated embeddings are fed to an MLP with softmax
which are represented by p : RV*2dems 5 {01}k The final op.types T can be

obtained following,

T = p(F2 @ 84, (3.10)

where @ is the column-wise concatenation operation. The loss function for the op.type seg-
mentation is computed using the cross-entropy # between the predicted per-face op.types t

and the ground truth labels t,

Ny
1 N
Liype = Nf;mtj,tj). (3.11)

The total loss function is the sum of the op.step and op.type losses,
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ﬁtotal = Estep + Etype . (31 2)

The model jointly learns to predict the per-face op.type and op.step labels of a CAD model

given its B-Rep, with the op.type being conditioned on the op.step.

3.5 CC3D-Ops dataset

In this section, we introduce the proposed CC3D-Ops dataset that contains over 37k B-
Reps with the corresponding per-face op.type and op.step annotations. The B-Reps and
their corresponding annotations constitute an extension of the CC3D dataset [41]. First,
the method used to extract the op.step and op.type is briefly discussed. Then, statistics
demonstrating the complexity of the models and showing the distribution of the labels is

presented.

3.5.1 CC3D-Ops Label Extraction

The proposed CC3D-Ops dataset contains B-Reps with per-face op.type and op.step annota-
tions. An important aspect of segmenting faces into different construction steps of modeling
operations is that these labels come from the real construction history of each CAD model in
the dataset. In our case, this information is obtained from the native SolidWorks [99] Part
File (.sldprt) format of a CAD model. A set of tools were developed based on the Solidworks
API [99] to traverse a CAD model’'s construction history and to assign each face generated by

respective modeling operation its op.type and op.step labels in B-Rep.

3.5.2 Dataset Complexity

The CC3D-Ops dataset contains a similar number of B-Reps (about 35 k) as the Fusion360
dataset [27]. However, the Fusion360 dataset [27] does not provide op.step labels and
it includes relatively simple CAD models. The proposed CC3D-Ops dataset comes with

more complex models that are closer to real-world industrial challenges. From the sample
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Figure 3.3: Sample CAD models from the CC3D-Ops dataset.

of CC3D-Ops CAD models (in B-Rep format) displayed in Figure 3.3, it can be noted that
CC3D-Ops offers a wide variety of models both in terms of complexity and category.

In Figure 3.4a, we illustrate the distribution of op.step number per model as a box plot for
both Fusion360 and CC3D-Ops datasets. It can be clearly observed that the distribution of
CC3D-Ops is more skewed towards a higher number of op.steps than the one of Fusion360.
Specifically, ~48% of the Fusion360 models are made of only one op.step and ~80% of them
are constructed by 3 or less op.steps. On the other hand, only ~20% of the CC3D-Ops models
are built with a single op.step and ~44% of them with 3 or less op.steps. Moreover, the
maximum number of op.steps per model, k, is 59 for Fusion360 and 262 for CC3D-Ops.

Figure 3.4b shows the distribution of the number of faces per model for the CC3D-Ops and
Fusion360 [27] datasets as box plots. This figure shows that the models in CC3D-Ops gener-
ally have more faces than in Fusion360. While 90% of the models of the Fusion360 dataset

have 30 faces or less, such models represent only 50% of CC3D-Ops.
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Figure 3.4: Distribution comparisons between the CC3D-Ops and Fusion360 [27] datasets.

3.5.3 CAD Operation Type Labels

The op.type face labels indicate the type of CAD operation used during the design process.
While the most common CAD operation types (such as extrusion, fillet ...) are shared among
most CAD software applications, some are software specific. The CC3D-Ops dataset intro-
duces three new op.types to the eight present in Fusion360 which consists of, cut revolve side,
cut revolve end, and others. Hence, the CC3D-Ops dataset contains 11 different op.type la-
bels: extrude side, extrude end, revolve side, revolve end, cut extrude side, cut extrude end,
cut revolve side, cut revolve end, fillet, chamfer and other. The other op.type represents less
common types such as helix, sweep, dome, etc. The bar chart in Figure 3.5 displays the
number of faces for each op.type label. The two least common op.type labels are revolve end
and cut revolve end and the two most common operation types are extrude side and other.
For a comparison with the Fusion360 dataset, we refer the reader to [13] where a similar bar

chart can be found.

3.6 Experiments

3.6.1 Experimental Setup

Input Features: The input features of CADOps-Net are face, edge and co-edge features
(F,E,J) extracted from the B-Rep, B. Following [13], the face type (e.g. plane, cylinder,
sphere) and area are encoded in a single vector. 3D points are further sampled on each
face using the UV-grid of the B-Rep and encoded as described in [72]. These two features

are concatenated and used as face features. The features of the B-Rep faces are then
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Figure 3.5: Bar graph of the number of faces for each op.type label over the
CC3D-Ops dataset. The numbers above each bar represents the percentage of the number
of faces with the corresponding type. Note: a log scale is used for the vertical axis.

concatenated in a row-wise fashion to form the matrix F. For edge features, a similar
approach is taken by considering the type, convexity, closeness, length of the edge as in [13],
and encoded sampled 3D points as done in [72]. The result is concatenated in an edge
feature matrix E. The co-edge features, C, are simple flags to represent the direction of the
corresponding edges [13].

Network Architecture: The input features are passed through a BRepNet backbone, A,
with the same parameters as in [13] using the wing-edge kernel. The dimension of the face
embedding, 2, is d..., = 64. These embeddings are fed to an MLP followed by softmax, o,
to predict the op.step. The aggregation function used to compute the step embedding, S4, is
the average function. Each op.step embedding s has the same dimension as f2. The final
face embedding, f* @ s*, are 128-dimensional. Lastly, the op.type is estimated by passing
these embeddings through an MLP followed by softmax, p. In our experiments, the number

of layers of the employed MLPs is 1.

Datasets: CADOps-Net s evaluated on the Fusion360 dataset [27] and the novel CC3D-Ops
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dataset described in Section 3.5. Note that in Fusion360, the op.step annotations were
derived from the op.type annotations as they were implicitly provided. The train, validation,
and test sets for the Fusion360 dataset are the same as in [13]. For the CC3D-Ops dataset,
the splitting ratios are approximately 65%, 15%, and 20% for the train, validation, and test

sets.

Training details: The training was conducted for 200 epochs with a batch size of 100 using
an NVIDIA RTX A6000 GPU. Adam optimizer is employed with a learning rate of 0.001 and

beta parameters of 0.9 and 0.99.

Metrics: The performance of the network is evaluated on op.type and op.step segmentation
tasks. To evaluate the op.type segmentation, we use the same metrics as in [13], namely,
the mean accuracy (mAcc) and the mean Intersection over Union (mloU). Note that we
do not consider the mloU for evaluating the op.step as the labels represent membership
sets rather than predefined classes. Furthermore, the consistency between the op.fype and
op.step predictions is considered. For this purpose, we group the sub-op.types, such that
‘extrude end’ and ‘extrude side’, into a single ‘extrude’ op.type. Similar grouping is done for
‘revolve’, ‘cut extrude’, and ‘cut revolve’. We define an op.step prediction as consistent if all
its faces have the same op.type prediction. To evaluate this consistency, two metrics are
computed: (1) the first one, R¢, quantifies the overall consistency as the ratio of consistent
predicted op.steps; (2) the second one quantifies the amount of consistency of a model

max(n(tl ’S'i)""’n(tkt ,si))

as Sc =Y, o where ng, is the number of faces with op.step label s; and

n;,s;) the number of faces with op.type label ¢; and op.step label s;. We then compute mSc

as the average over all the models.

3.6.2 Results and Discussions

Qualitative Evaluation: In Figure 3.6, we illustrate the predictions obtained by CADOps-Net on
five models from the CC3D-Ops dataset. More predictions are provided in Section A of the
Appendix. Despite the complexity of some models, it can be observed that most of the

op.type predictions (left panel) were correct except for very few faces. On the other hand,
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the segmentation into op.steps (right panel) was more challenging for complex models (two
last rows) as the segmentation into op.steps requires the model to learn the relationship
between the faces of the B-Rep according to the construction history. Such aspect is more
challenging to capture for complex models than the op.types which could be hypothetically
learned from the geometry and topology of the B-Reps. This hypothesis is further discussed

in the quantitative evaluation.
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Figure 3.7: Mean accuracy (mAcc) of CAD operation type and step segmentation w.r.t the
number of steps per model on the CC3D-Ops dataset.

Quantitative Evaluation: In Table 3.1, we report the quantitative results of our approach
compared to baselines. CADOps-Net (Ours w/ JLT) is compared to the same model without
the joint learning of op.steps and op.types (Ours w/o JL™). In the latter, the op.type and
op.step segmentation modules are trained independently. In the following, we first analyze
the results for the segmentation into op.steps (column 5 of Table 3.1) and for the op.type seg-
mentation (columns 3 and 4), then we discuss the consistency between the two types of
predictions (columns 6 and 7).

As previously mentioned, predicting op.steps is a much more challenging task than
op.types especially for models with a large number of op.steps. While the joint learning leads
to small improvements on the op.step mAcc metric on the Fusion360 dataset, significant

improvements can be observed on the CC3D-Ops dataset results with an increase of ~14%.
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Model ~ OPYpe  opsiep Consistency
mAcc mloU mAcc R mSc
CADNet [77] 88.9 67.9 - - -

o
S UV-Net[72] 923 724 - - -
S BRepNet[13] 943 814 - - -
u%_ Oursw/o JL~ 955 832 80.2 87.1 97.4
Ours w/JL* 959 84.2 825 93.3 98.7
8 CADNet[77] 575 26.9 - - -
Q BRepNet[13] 71.4 359 - - -
(93 Ours wo JL- 76.0 430 484 407 82.7
S Oursw/JLT 750 443 627 82.4 96.7

Table 3.1: Results of the segmentation into CAD operation types and steps on the Fusion360
and CC3D-Ops datasets. All results are expressed as percentages. Ours w/o JL~ denotes
our method without joint learning. Ours w/ JLT refers to the proposed CADOps-Net with joint
learning.

This difference of results can be explained by the higher complexity of CC3D-Ops models
compared to those of Fusion360. Figure 3.7a shows the mAcc of op.step segmentation
related to the number of op.steps per model on the CC3D-Ops dataset. It can be observed
that for models with less than 25 op.steps, representing over 96% of the CC3D-Ops dataset,
CADOQOps-Net scores consistently and significantly better than without joint learning. These
observations demonstrate the importance of the joint learning for op.step segmentation.
However, in both cases there is a major decrease in the op.step segmentation mAcc as the
number of steps per model increases. This is expected since the task becomes increasingly
challenging as the number of op.steps becomes larger. Note that we did not compare
our results to state-of-the-art (BRepNet [13], UV-Net [72], and CADNEet[77]) on the task of
op.step segmentation as their methods are not designed to predict arbitrary face labels.

In order to evaluate the op.fype segmentation of CADOps-Net, the results are com-
pared to state-of-the-art results. On the Fusion360 dataset, we recorded slight improve-
ments over [13], [72], and [77] in terms of mAcc. More significant improvements w.r.t [72]
and [77] were obtained in terms of mloU (more than 12% and 16%, respectively). On the

CC3D-Ops dataset, our results clearly outperformed those of [13] and [77] on the two met-
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rics. Furthermore, we compare CADOps-Net to the scenario where the joint learning is
omitted. Table 3.2 and 3.3 show the loU results of each op.type label for the Fusion360
and CADOps-Net datasets respectively. The results are shown for both CADOps-Net with-
out joint learning (Ours w/o JL™) and with joint learning (Ours w/ JL™). The joint learning
strategy does not have a significant impact on the op.type predictions. This is particularly
the case on the Fusion360 dataset as shown in Table 3.2. Ours w/ JLT achieves slightly
higher loU for each class. On the other hand, the same trend cannot be found in the results
obtained from the CC3D-Ops dataset. For 6 out of the 11 op.type classes, the difference
between the loUs obtained with joint learning and without is relatively small (less than 2%).
For the op.type classes cut revolve side and chamfer, Ours w/o JL~ scores higher than the
Ours w/ JL* by 3.9% and 5.5% respectively. However, the joint learning method achieves
higher results on 3 out of the 4 least common classes, namely cut revolve end, revolve end
and cut extrude end. In particular, for the revolve end op.type that represents 0.17% of the
dataset, the joint learning strategy results in an loU that is about 17% higher than without joint
learning. This demonstrates that even if the joint learning strategy achieves a comparable
mloU as without joint learning, Ours w/ JLT is able to learn more meaningful features for the
underrepresented op.types.

In Figure 3.7b, we show the mAcc of op.type segmentation related to the number of
op.steps per model. In contrast to the op.step segmentation, one can notice that the number
of op.steps has a slight impact on the op.type mAcc. In other words, the op.type segmentation
does not become more challenging when complex models with large number of construction
steps are involved. Intuitively, it can be hypothesized that the op.type segmentation is more
related to the geometry and topology of the B-Rep rather than its construction history.

The results on the consistency scores (Rc and mS¢) highlight the relevance of the
joint learning approach. Despite relatively similar op.type and op.step mAcc scores on
the Fusion360 dataset for Ours w/ JL™ and Ours w/o JL—, the joint learning approach
produces more consistent results with an increase of ~6% in Rc score. Similarly on the
CC3D-Ops dataset, the predictions from CADOps-Net are significantly more consistent with

an increase of ~41% in R¢ score and 14% in mS¢ score. Therefore, the joint learning model
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Fusion360 Per class loU
Ours w/o JL= Ours w/ JLT

Extrude side 94.0 94.6
Extrude end 91.7 92.4
Cut side 82.1 83.9
Cut end 75.2 77.1
Revolve side 85.1 86.5
Revolve end 48.7 48.9
Chamfer 91.2 92.1
Fillet 97.6 97.8

Table 3.2: op.type per class loU for the Fusion360 dataset. All results are expressed as
percentages.

CC3D-Ops Per class loU
Ours w/o JL= Ours w/ JLT

Extrude side 65.4 64.9
Extrude end 59.7 60.2
Cut extrude side 17.8 18.1
Cut extrude end 10.0 15.4
Cut revolve side 22.2 18.3
Cut revolve end 1.1 4.6
Revolve side 60.3 59.8
Revolve end 23.8 41.2
Chamfer 69.6 64.4
Fillet 84.1 83.1
Other 58.5 57.2

Table 3.3: op.type per class loU for the CC3D-Ops dataset. All results are expressed as
percentages.

is able to extract face features that contain consistent information for both the op.type and
op.step segmentation labels. The consistency property is essential for the process of reverse

engineering.

3.6.3 Ablation Study

In order to provide a deeper insight into the joint learning approach, we conduct an ablation
study on the aggregation function A of the face embeddings. Experiments are conducted with

the following five scenarios: (1) the output face embeddings, £2, from the BRepNet backbone
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op.type op.step
Agg. type mAcc mloU mAcc
No agg. 73.0 40.2 61.5
Soft labels 73.4  40.0 59.7
Sum 704 344 62.6
Max 743 42.0 62.2
Avg 75.0 443 62.7

CC3D-Ops

Table 3.4: Ablation study on the aggregation function used in the joint learning of CADOps-Net.
All results are expressed as percentages.

are directly used to predict both the op.type and op.step without any aggregation (No agg.).
(2) Another scenario concatenates the BRepNet face embeddings with the predicted soft
labels of the op.step (Soft labels) again without any aggregation. (3) The last three scenarios
focus on the type of aggregation function used to obtain the op.step embeddings, S#, namely
the maximum (Max), the average (Avg), and the sum of the embeddings combined with
a softmax normalization (Sum). Table 3.4 shows the ablation results for both op.type and
op.step segmentation tasks on the CC3D-Ops dataset. The results show that aggregating

the face embeddings using an Avg pooling leads to slightly better overall performance.

3.6.4 CAD Sketch Recovery

Figure 3.8 illustrates preliminary results on how CADOps-Net predictions can be used to
retrieve the CAD sketches. A sketch @ of a B-Rep B can be defined as a set of simple
geometrical entities (e.g. straight lines, arcs). We consider a small subset of 20 models
made of extrusions from the Fusion360 dataset. In the following, we describe the process for
recovering the sketch corresponding to op.step 2 using the CADOps-Net predictions shown
in Figure 3.8a. We first identify the faces for which the op.type was predicted as ‘extrude
side’. Second, we cluster these faces according to their predicted op.step. Third, we store
the face-normals (n?, ... ,1n2) and sample UV-grid points on the faces. This allows to derive
a common axis of extrusion « and a projection center <. Finally, the predicted sketch @2
is obtained by projecting the sampled points along @ (more details are in Section A of the

Appendix). Figure 3.8a and 3.8b show qualitative results of successful and failed sketch
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recoveries from correctly and incorrectly predicted op.types. These preliminary results on
sketch recovery illustrate the relevance of op.step prediction in the context of 3D reverse

engineering.

3.6.5 Limitations

Ground truth Prediction
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Figure 3.9: Failure cases of CADOps-Net for op.step segmentation in (a) and op.type seg-
mentation in (b).

In CAD modeling, designers may opt for different design solutions. Consequently, the
segmentation into op.type and op.step is not necessarily unique. An example for which the
op.step prediction is valid despite not matching the ground truth can be found in Figure 3.9a.
The letters were predicted as part of the same op.step, which could be a valid design
approach. However, these letters were extruded with separate op.steps in the ground truth.
In Figure 3.9b, an example with valid predictions of op.types not matching the ground truth is
depicted. Here, the hole in the center of the shape was predicted as a ‘cut’ type operation,

while being an ‘extrude’ in the ground truth. In general, CAD designers follow good practices
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so that the final model reflects the design intent [34]. However, different designers might have
their own set of good practices, making it difficult for a learning-based model to capture all

the different design intents.

3.7 Conclusion

In this chapter, we presented CADOps-Net, a neural network architecture that jointly learns
CAD operation type and step segmentation from B-Rep faces. This contribution addresses
a fundamental aspect of the CAD reverse engineering challenge—recovering elements of
design intent from geometric representations. The proposed joint learning strategy demon-
strates significant improvements for the challenging task of CAD operation step segmentation,
while simultaneously achieving state-of-the-art results on operation type segmentation. By
successfully relating B-Rep faces to both their operation types and construction steps, our
approach provides critical insights into the CAD construction history.

Furthermore, we demonstrated that these predicted segmentations can be leveraged to
recover higher-level design information, such as the original 2D sketches—a crucial element
for complete design intent recovery. To support this research and address the data limitations
highlighted in Section 1.2, we introduced the CC3D-Ops dataset with its comprehensive
operation type and step annotations across 37k B-Reps. This dataset offers more complex
and industrially relevant CAD models compared to existing resources, providing a more
realistic benchmark for evaluating reverse engineering methods.

While this work represents an important step toward CAD reverse engineering, it also
revealed limitations in handling certain design ambiguities and complex models. As identified
in our objectives, a more complete approach would require addressing the entire reverse
engineering pipeline from point clouds to parametric CAD models. In the following chapters,
we build upon the foundation established here by introducing transformer-based approaches
that directly infer parametric CAD models from point clouds, thus addressing the end-to-end

reverse engineering challenge.
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Chapter 4

TransCAD: A Hierarchical
Transformer for CAD Sequence

Inference from Point Clouds

In this chapter, we introduce TransCAD, a hierarchical transformer architecture for CAD
sequence inference from point clouds. This work represents a significant advancement
beyond the B-Rep analysis presented in the previous chapter by addressing the end-to-end
reverse engineering pipeline directly from point cloud data to parametric CAD models. While
CADOps-Net focused on recovering construction history from an already available B-Rep,
TransCAD tackles the more challenging task of inferring a fully parametric sketch-extrude
sequence from raw scan data, thereby addressing both the scan artifacts and design intent
recovery challenges identified in Section 1.2. Our approach employs a novel hierarchical
learning strategy that mirrors the structure of CAD operations and sketches, enabling more
effective feature extraction and parameter prediction. Furthermore, we introduce evaluation
methodologies specifically designed for the CAD reverse engineering domain, addressing
a critical gap in existing assessment frameworks. Through comprehensive experiments,
we demonstrate that TransCAD not only achieves state-of-the-art performance on standard

benchmarks but also exhibits robustness to input perturbations characteristic of real-world
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scanning artifacts. This contribution marks a significant step toward practical, industrial

application of automated CAD reverse engineering from scanned data.

4.1 Introduction

As established in Chapter 1, Computer-Aided Design (CAD) plays a pivotal role in contempo-
rary manufacturing, with virtually every manufactured object originating from a CAD model.
Building upon our discussion of CAD representations in previous chapters, we now focus
on feature-based modeling [74], which has emerged as the dominant paradigm for modern
CAD design. This approach enables engineers to create and manipulate 3D models through
a series of features, individual elements or operations such as holes, slots, and fillets, that
progressively modify the geometry of a CAD model. The process typically begins with the
design of planar sketches, collections of loops composed of 2D curves, followed by CAD
operations (extrusion, revolution, etc.) that transform these 2D sketches into 3D solid models.
The resulting CAD model is thus represented by a sequence of these sketches and opera-
tions, capturing both the final geometry and the design intent. Feature-based modeling has
gained widespread adoption due to its intuitive representation of design intent and seamless
integration with CAD software, making it particularly well-suited for the iterative development
of complex designs.

The recent availability of large CAD model datasets, such as ABC [28] and Fusion360 [27],
has catalyzed significant research interest in developing learning-based approaches for
feature-based modeling. Much of this research has focused on deep generative modeling [26,
100, 25, 36], where transformer-based networks are trained to create new CAD models or
automatically complete partial designs via autoregressive inference. While this generative
direction offers numerous potential applications for CAD software integration, comparatively
less attention has been given to the problem of reverse engineering—the focus of this thesis.
While the previous chapter addressed the recovery of construction history from B-Rep models,
this chapter tackles the more challenging problem of direct reverse engineering from 3D

scans to parametric CAD sequences. This process begins with the acquisition of point clouds
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or triangular meshes captured from physical objects using commercial 3D sensors, presenting
significant challenges due to scanning artifacts and the inherent ambiguity in recovering
design intent from geometric data alone.

Some existing reverse engineering approaches investigate the recovery of alternative
CAD model representations like Constructive Solid Geometry [101] (CSG) or Boundary-
Representation (B-Rep) [13, 14, 38]. Other methods tackle feature-based reverse engineering
and predict implicit representations of sketches and CAD operations from point clouds [23,
24]. Nevertheless, such approaches do not allow for seamless integration into CAD software
and often require post-processing (e.g. parametric curve fitting). To address these limitations,
models capable of learning explicit CAD sequence of parametric sketches and operations
from point clouds are needed. This can be enabled within a generative learning framework as
in [26]. In that work, an auto-encoder reconstructing CAD parametric sequences is proposed
and the latent representation is used for generating novel CAD sequences. An extension
for reverse engineering was proposed by replacing the CAD sequence encoder with a point
cloud encoder trained to map point clouds to the latent representations. The main limitation
of the above is the predefined latent space that cannot adapt to the variations present in
real-world point clouds. This disconnection can cause the model to generalize poorly to
unseen inputs, especially those with noise or irregularities that are present in 3D scans and
that are not well-represented in the training data.

To that end, we propose TransCAD, a novel end-to-end trainable and single-stage hier-
archical network for feature-based explicit CAD sequence reverse engineering from point
clouds. Our network is hierarchical in the sense that it employs a two-tiered decoding pro-
cess. Initially, a primary CAD sequence embedding is decoded, encapsulating high-level
features of the design, that are then processed by secondary decoders, one dedicated to
loop parameters and another to CAD operations. Each decoder specializes in a certain
input, enabling a nuanced and precise recovery of CAD parameters. The decomposition
of learned representations matches the decomposition inherent in the actual feature-based
design process of conceptualizing a 3D model through distinct loop and operation steps.

Moreover, TransCAD does not predict sketch primitive types explicitly as in [26]; instead, we
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employ a unified primitive representation where types are determined solely by coordinates.
Our formulation narrows the learning space by eliminating syntactically incorrect predictions
and facilitates a seamless transition between different primitive types. Additionally, it allows
for a cascaded parameter refining that further enhances model performance.

Another focus of this chapter is the evaluation of parametric CAD sequence. We identify
several limitations of the existing evaluation framework used by [26, 102] and suggest a
suitable metric for CAD sequence similarity based on mean average precision, computed in
the unquantized parametric space.

Contributions: In summary our contributions are the following:

1. We propose TransCAD, a novel hierarchical architecture for feature-based reverse
engineering. Our model is single-stage and end-to-end trainable. TransCAD allows for
a compact CAD sequence representation that does not include categorical types and

enables cascaded coordinate refinement.

2. We identify several limitations of the existing evaluation framework for feature-based
reverse engineering and propose a new evaluation metric framework to ensure fair

comparison among diverse network architectures.

3. Our model surpasses the performance of recent generative-based approaches while
also bridging the gap to real-world applications by exhibiting robustness to perturbed

point clouds.

The rest of the chapter is organized as follows. Section 4.2 reviews related works.
Section 4.3 formulates the problem of feature-based CAD reverse-engineering. The proposed
TransCAD is described in Section 4.4. Discussion on the current evaluation framework and
suggested extension is introduced in Section 4.5. An experimental validation of the proposed

network is provided in Section 4.6. Finally, conclusions are given in Section 4.7.
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4.2 Related Works

Generative Models for CAD: The advent of large-scale 3D shape datasets [103, 28, 27],
combined with the significant progress for generative models in vision [104, 21, 105, 106],
has sparked interest in the generation of 3D shapes. Existing methods have been proposed
for various 3D representations, including point clouds [107, 108, 109], 3D meshes [110, 111],
voxel grids [112, 113], and signed distance functions [114, 115]. This work focuses on CAD
model generation, which compared to the above is parametric and directly editable in CAD
software. A line of work explores the generation of the Boundary-Representation (B-Rep), a
collection of parametric surfaces connected via a structured topological graph. SolidGen [92]
considers B-Rep synthesis based on transformers and two-level pointer networks. Brep-
Gen [116] represents a B-Rep via a fixed tree of latent geometry representations that can
be generated by a diffusion model. Feature-based CAD generation has also been recently
explored. Most relevant to our work is DeepCAD [26], a non-autoregressive generative
model capable of synthesizing novel CAD sequences based on a transformer auto-encoder
architecture. In [100, 36] the authors also follow autoregressive strategies. HNC [100]
uses a hierarchical model based on high-level concepts and a code tree for CAD model
generation and auto-completion. Similarly, in SkexGen [36] a transformer architecture is
used to generate CAD models in the sketch-extrude format by encoding the topology and
geometry using different codebooks. All the aforementioned works are oriented around 3D
shape generation and either do not address the reverse-engineering task or address it via
adaptation of generative modelling leading to suboptimal performance.

CAD Reverse Engineering: Reverse engineering is a well-studied problem with a substantial
research effort directed towards predicting geometric features of CAD models, by analyzing
the corresponding point clouds. Parametric fitting techniques infer the parametarization
of edges [16, 117, 18, 19, 17, 20] and surfaces [96, 22]. Various attributes of the B-Rep
and CAD operations are recovered from 3D scans in [118]. CADOps-Net [38] recovers 2D
sketches from faces segmented into their CAD operation steps. Reasoning about a CAD

model via properties discovered by parametric fitting offers insights solely into its end-state,
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without considering the sequential CAD design process intrinsic to feature-based modeling.

A step closer to CAD reverse engineering, a line of work explores the reconstruction of a
point cloud into Constructive Solid Geometry (CSG) [119, 101, 120], a modelling technique
that uses boolean operations to combine primitives into 3D models. Point2Cyl [23], on the
other hand, predicts extrusion cylinders given a point cloud, but requires user input to combine
cylinders. SECAD-Net [24] and ExtrudeNet [25] use a self-supervised learning strategy to
recover CAD sequences in the form of implicit representations given voxels and point clouds,
respectively. In contrast to feature-based modelling, 3D representations produced by these
methods (CSG, extrusion cylinders, etc) have limited compatibility with modern CAD software
workflows. The authors in [121] learn sketch-extrude sequences conditioned on a voxel
input, however, the model relies on strong data priors and is limited to predefined extrusion
combinations.

Closer to our work is DeepCAD [26] and subsequent MultiCAD [102]. Even though
DeepCAD [26] proposes a non-autoregressive generative framework for feature-based CAD,
authors explore further conditioning on input point clouds. Taking a similar direction, Multi-
CAD [102] proposes a two-stage multimodal contrastive learning strategy of both point clouds
and CAD sequences. The two aforementioned methods opt for separate stage learning for
point clouds and CAD sequences. Concurrent to our work, the autoregressive strategy in [39]
and the multimodal diffusion based approach in [122] attempt to solve the point cloud to CAD
sequence problem. To our knowledge TransCAD is the first non-autoregressive single-stage

architecture for feature-based reverse engineering.

4.3 Problem Statement

A CAD model C € C is constructed in a sequence of construction steps. Each step can
be seen as a 2D parametric sketch s € S (e.g. set of lines, arcs, etc) followed by a CAD
operation o € O (e.g. extrusion, revolution, etc) [36, 26]. Here, C is the set of all possible CAD
models, S and O represent the sets of possible CAD sketches and operations, respectively.

CAD models constructed exclusively from the extrusion operation type are considered in
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this work. Extrusion e € &, where £ denotes the set of possible extrusions, is the most
common operation and enables the description of a wide range of CAD models [26, 36,
100]. TransCAD aims at learning how to predict the sequence of CAD construction steps
from an input point cloud. Formally, given a point cloud X = [p1,...,ps] € R™ 3, where
pi = [zi,v:, 2] denotes the 3D coordinates of the point i+ and n the number of points, the

objective of TransCAD is to learn the mapping

@RV C,
(4.1)

Q(X) = {Sl7el}lL=1 )
where L denotes the length of the CAD sequence. In what follows, the proposed formulations
of sketches and extrusions are described.

CAD Sequence Representation Primitive

Representation
CAD sequence C

Circle

Sketch-Extrusion Sketch-Extrusion Sketch-Extrusion H
Sketch s, Sketch s, Sketch s3 Start _
Loop p1 Extrusione; Loopps Loop ps Extrusion ey Loop p4 Extrusion e CAD model End e
i O o D . R

Start: End

Line
Start Mid End
*r———o—o

114

Figure 4.1: The sequential process of CAD modeling. A CAD sequence C can be decom-
posed into a hierarchical structure. The highest conceptual level is a sequence of sketch s
and extrusion e. A sketch can be made of one or more loops p. Each loop can be further
decomposed into loop primitives, circle, arc and line. Each loop primitive can be described by
a fixed number of parameters as shown on the right panel.

CAD Sketch and Extrusion Formulation: The proposed formulations for sketch and ex-
trusion steps are inspired by [26, 36]. A sketch s is composed of one or more loops (see
left panel of Figure 4.1). Each loop {p; fﬁl, where L,, denoting the number of loops,
consists of one primitive (i.e. circle) or a combination of primitives (i.e. lines and arcs).

In contrast to [26] which specifies the type of primitives in their representation, the pro-
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posed primitive representation is type-agnostic (see right panel of Figure 4.1). In particular,
each primitive § is represented by three 2D coordinates of start, mid, and end points, i.e.
8 = [(Tstart, Ystart)s (Tmid, Ymid), (Tend, Yend)] € RE. This representation has the advantage
that the type of primitive can be deduced from the configurations of the points, hence reducing
the search space and facilitating the transition between different types during training. In
practice, the mid point of a line is replaced by a dummy value.

As in [26], we ensure that the loops are always closed by using the end point of a primitive
as the start point of the next one. Further, a similar to [26] quantization is considered to reduce
the parameters search space. As a result, a loop of n, primitives p; € R5*" is considered
as a quantized representation pj € [0..d,]%*", where d, denotes the quantization interval.
As for extrusion, similarly to [26], a quantized representation e} < [0..d,]* is considered to
represent the sketch plane/scale and extrusion type/distances. Note that e* € [0..d,]''* e
and p* € [0..d,]%*">L» will be used in the following to denote sequences of quantized
extrusions and loops, respectively. Here, L, and L. denote the length of loop and extrusion

sequences, respectively.

4.4 Hierarchical CAD Sequence Learning from Point Clouds

Loop-Extrusion Loop decoder Loop Refiner

Point cloud encoder Loop-Extrusion decoder type prediction ]f‘lp -
Input .- 3, P u Output
X HEHEH Foe | ‘Cp,e E £ [’p FPEE ~ c
: ¢p ) Qp)e III o+« RO I I N I Extrusion decoder i-i Qr Oy
1 E L 0 Lrer

Ltotal = Ep,e + Lp + Le + ‘Cref

Figure 4.2: TransCAD model architecture. TransCAD is a hierarchical network composed of
the following components: a point cloud encoder, a loop-extrusion decoder that predicts a
high-level sequence which is then decoded by a loop decoder and an extrusion decoder. The
predicted quantized loop parameters are then corrected by a loop refiner.

TransCAD non-autoregessively learns to predict a CAD sequence from an input point

cloud in the format described in Section 4.3. First, the point cloud is encoded into point
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features using a standard point cloud encoder. In order to facilitate the learning of CAD
sequences, a hierarchical CAD sequence decoding is proposed. In particular, a high-level
sequence of embedding corresponding to the loop and extrusion steps is learned. Those
embedding are then fed to either a loop or extrusion decoder based on predicted type to learn
the loop and extrusion parameters. Finally, the predicted loop parameters are further refined
using the actual unquantized loop parameters (ground truth). The overall model architecture

is depicted in Figure 4.2 and the different components are described below.

4.4.1 Point Cloud Encoder

The point cloud encoder @, consists of 4 layers of PointNet++ [53] and operates on an
input point cloud X It outputs per-point features encoding local neighborhood information,
F, = [f)...f)] € R™*%  that encode local neighborhood information, d, denotes the
dimension of the features. Note that point normals of X are estimated using [123] and are

provided as input to ®,, along with its 3D coordinates.

4.4.2 Loop-Extrusion Decoder

The main objective of the loop-extrusion decoder ®,, . is to learn a high-level sequence of
embedding F,. = [f],.. _£52] € Ré=xLee corresponding to loops and extrusions from
the point cloud features F,,. Here, d. and L, . denote the embedding dimension and the length
of the sequence, respectively. The decoder @, . is composed of multi-head transformer-
based blocks [64]. In the first block, learned constant embedding F. € R%*Lrc undergo
a self-attention operation [64] and the resulting representation cross-attends to the point
cloud features F,, to produce loop extrusion embedding for the first block F;e € R%*Loe ag
follows,

F) . =ca(sa(F.),Fy), (4.2)

where SA (.) and CA(.,.) denote the self and cross attention operators [64], respectively.
The same self and cross attention operations are conducted in the subsequent blocks by

feeding the output of each block as input to the next one,
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Fg,e = CA(SA(Fb—l)v Fp) P (43)

yielding the final sequence of embedding F, . after the last block. In order to ensure that each
element f;'%e in the sequence embedding F, . corresponds to the right type (i.e. loop, extrusion,
or end of sequence), a 3 layer MLP followed by softmax that operates on each f/ie and
predicts its type is introduced. A cross-entropy loss, £, ., is computed between the predicted
and ground truth types to supervise the learning of F, .. Note that the loop-extrusion decoder
is solely used to obtain a high-level sequence of loop and extrusion embedding. These
embedding can then be decoded through either a loop decoder or an extrusion decoder to
obtain their parameters. At training time, the ground truth type labels are used to identify
which decoder should be used for each embedding, while at inference time the predicted
types are used. The identification of loop and extrusion types results into separate loop
embedding F, € R%*Lr and extrusion embedding F. € R¢*Le by splitting F, . according

to loop and extrusion types.

4.4.3 Loop and Extrusion Parametrization

After obtaining the representation and the type of loop and extrusion steps, the parameters of
both loops and extrusions are decoded from these representations using separate decoders.
Extrusion Decoder: As mentioned in Section 4.3, the extrusion sequence is described
by a sequence of 11 quantized parameters e* € [0..d,]''*L<. In order to obtain these
parameters from the extrusion sequence embedding F., an extrusion decoder ®. consisting
of 3 MLP layers followed by softmax is used. The predicted probabilities of the extrusion
sequence parameters & ¢ [0,1]'1*4a*Le are compared to the ground truth one-hot-encoded
parameters in e* using a cross-entropy loss, L..

Loop Decoder: Similarly to the extrusion decoder, the loop decoder ®, predicts the quan-
tized parameters of the loop sequence p* € [0..d,]%*"»*L» as explained in Section 4.3.
Nevertheless, 4 layers of multi-head transformer blocks are employed instead of simple MLP

layers. This is due to the sequential nature of loop decoding in contrast to extrusions. Note
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that a similar strategy as loop-extrusion decoder is opted for the transformer block of loop
decoder. The first block performs self-attention on learned constant embedding of loops
F? € Ré>mlo and the result cross-attends to loop embedding F, as in Eq.(4.2). The
same self and cross attention operations in Eq.(4.3) are conducted in subsequent blocks
to yield a final representation at the last block F*,; e Re%xmlo A linear layer followed
by softmax is used to obtain predicted probabilities for the loop sequence parameters
p* € [0,1]*daxmpLo which are compared to ground truth one-hot-encoded loop parameters
of p* using a cross-entropy loss, £,,.

Loop Refiner: As in many transformer-based architectures [26, 36, 124, 64], the quantization
of loop parameters helps to reduce the search space and facilitates the learning. However, it
has been observed in our case that it can lead to accumulation of quantization approximation
errors. To overcome this issue, unquantized ground truth loop parameters are leveraged. In
particular, a loop refiner ®, composed of a 4 layer MLP is introduced. This refiner takes as
input a concatenation of loop embedding F, and their corresponding predicted parameter
probabilities 5*. It attempts to predict the offset O rf € R®mLo petween the predicted
quantized loop parameters p* € [0..d,]*"»X» and the unquantized ground truth loop
parameters p* € RO*™Le An MSE loss, £,, is computed between the predicted offset O if
and the one given by O,y = p* — p, to supervise the refiner and the rest of the network.
Once the offset is predicted, it is added to the predicted quantized loop parameters yielding
unquantized predicted loop parameters as follows p = p* + Off.

Total Loss: TransCAD is an end-to-end network with a training objective guided by the sum

of the individual losses, Liotat = Lpe + Ly + Le + L.

4.5 Proposed Evaluation

In this section, we first outline the limitations of existing evaluation methods in CAD sequence.
Then, our new proposed evaluation metric framework for assessing the performance of CAD
sequence inference from point clouds is described.

DeepCAD[26] Evaluation for Feature-based Reverse Engineering: An evaluation frame-
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work for CAD sequence was originally introduced in [26] and later used in [102]. This
framework includes both accuracy for assessing the fidelity of the predicted sequence and
Chamfer Distance (C D) to measure the quality of the recovered 3D geometry. Accuracy is
assessed using two metrics, specifically Command Type Accuracy (ACC.,,,q) and Parameter

Accuracy (ACChpqram) defined by

N,
1 << .
ACComa = ;H[ti =i, (4.4)
1 Nc |i’1| R
ACCparam = E Z ZH Upi,j - i)i,j‘ < 77} H[tz = ti] ) (45)
i=1 j=1

where t; and #; are the ground truth and predicted command types (for commands repre-
senting primitives and extrusions), p; ; and p;, ; are ground truth and predicted command
parameters, N, denotes the total number of CAD commands and I[.] is the indicator function.
K = Zivgl I[t; = £;]|p;| is the total number of parameters of the correctly recovered com-
mands and 7 is a tolerance threshold. The 3D geometry is evaluated with Chamfer Distance
(CD) computed by sampling 2000 points on the ground truth and predicted shapes.

Limitations: We identify the following limitations of the aforementioned evaluation. (1) The
proposed ACC.,,q overlooks the possibility of over-prediction in the CAD sequence. As
indicated in Eq.(4.4), the computation of this metric sums across the set of ground truth
CAD commands N.. A predicted sequence could erroneously include extra loop-extrusion
operations and still achieve a full score, as exemplified on the left panel of Figure 4.3. (2) The
evaluation of ACCqram is conducted solely on the subset of K accurately identified com-
mands, thus introducing a trade-off between ACC)4pqm and ACC,,,4. This interdependence
complicates the interpretation of results. (3) Assessment of parameter quality via ACCparam
solely in terms of accuracy is failing to distinguish between the magnitudes of errors. A
parameter inaccurately placed in an adjacent quantization bucket incurs the same penalty as
one with a larger deviation, despite potentially minor implications on the CAD model’s final
geometry. These limitations cannot be entirely mitigated by complementing CAD command

accuracies with the chamfer distance (C' D) metric. While C'D is a valuable assessment of
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shape similarity, it does not address the core objective of reverse engineering: to accurately
recover the designer’s original CAD sequence. Two CAD models might be close in terms of
CD yet possess vastly different CAD construction steps (see right panel of Figure 4.3).

Proposed Evaluation Framework: To overcome the identified challenges, we introduce the
mean Average Precision of CAD Sequence (APCS), a novel evaluation metric tailored for
feature-based reverse engineering. APCS adopts the concept of Average Precision (AP)
commonly used in other tasks, to quantify the similarity between predicted and ground truth
CAD sequences. We introduce the CAD Sequence Similarity Score (CSSS) that can be

computed between predicted and ground truth CAD sequences as follows

0SSS(C,C) = gl SN S0 [5(570.650) - TtyplB0) = tn(65)]] + e T S(e5e5)

(4.6)
where t,,,(.) is a function that determines the type of each primitive ¢ (arc, line, etc), and
S(p,p) = e *lIP=Pll is a scoring function with S(p, p) € [0, 1] with 1 assigned when predicted
parameterization is identical to the ground truth. We define N;’ = max (|pj|, |p;|) where |.|
denotes set cardinality, N* = max (L,, L,) where L, is the number of predicted primitives
and L, is the number of ground truth primitives for loop p; and N5 = Y-, max (|p;|, |5;1)-
Finally, N = max (L., L.) where L, is the number of predicted extrusions and L. is the
number of ground truth extrusions. The proposed CSSS metric evaluates both the operation
type and parameter prediction. It assigns a score of 0 to loops with incorrectly predicted types,
which gradually increases to 1 as parameter prediction improves. Assessment is conducted
on the unquantized parameter space and calculates the score based on the maximum count
of either predicted or ground truth primitives. This approach ensures that both over and under
predicted sequences are penalized equally. We aggregate CSSS scores across various
thresholds to derive the mean Average Precision of CAD Sequences (APCS). Furthermore,
the median CD is used to measure shape similarity as in [26] with the difference that it
is evaluated on 4096 points instead of 2000 in order to decrease the uncertainty in the

CD measurement. All the reported C' D measurements in this work are multiplied by 103.
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DeepCAD metrics CD=0.3+0.3
ACCemg =1 ACCparam =1 APCS = 0.386
Our metrics :
APCS = 0.031

Figure 4.3: Two examples outlining the limitations of existing evaluation metrics. Left panel:
the ground truth sequence (one sketch-extrusion) is a correct subset of the predicted se-
quence (three sketch-extrusions). The DeepCAD [26] metrics result in an accuracy of 1 for
both commands and parameters. On the other hand, our proposed metric takes into account
the over predicted sequence elements and the APCS is 0.031. The right panel showcases the
limitations of the C'D as a similarity measure. While the ground truth and predicted shapes
are both composed of three extruded circle sketches, they are different in shape. However,
the CD between the two shapes falls within the uncertainty range of +0.3. Note that the
uncertainty in the C'D measurement is estimated by taking the average C' D between all the
test samples and themselves.

Moreover, the ratio of predictions that cannot be reconstructed using [125] is reported as the

invalidity ratio, IR.

4.6 Experiments

In this section, the experimental setup is first presented. Then, qualitative and quantitative
results are analyzed. Afterwards, the components of TransCAD are ablated. Finally, the

limitations of our model are outlined.

4.6.1 Experimental Setup

Dataset: For training and evaluation, the DeepCAD dataset [26] is used. The sketch extrusion
sequences of the CAD models are processed in quantized (8 bits) and unquantized space.
The size of the train, validation and test sets are 140294, 7773, and 7036 CAD models,

respectively. Moreover, cross-dataset evaluation is conducted on the Fusion360 dataset [27]
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that contains 6 794 samples.

Training Details: The network is trained for 100 epochs with a batch size of 72 and an Adam
optimizer is employed with a learning rate of 0.001 and a linear warm-up period of 2000 steps
as in [26]. The loop-extrusion decoder ®, . and the loop decoder @, are both transformer
decoder with the same network architecture. They are both made of 4 layers, each made of 8
heads with a feed-forward dimension of 512. A dropout rate of 0.1 is used. The point encoder
®, is PointNet++ [53]. The implementation provided in [126] was used. The input dimension
d,, = 6 corresponds to the point and normal coordinates. The parameters for the 4 layers are
as follows: number of points (512, 256, 128, 16) with radius (0.1, 0.2, 0.4, 0.8) and number of
samples (64, 64, 64, 32). The training is conducted on an NVIDIA RTX A6000 GPU.

The input point clouds are extracted using [125] and are made of n = 4096 points. The
dimension of the point features d,, is set to 16 and of loop-extrusion features d. to 256.
Baselines: In order to evaluate the performance of TransCAD, two state-of-the-art methods,
MultiCAD [102] and DeepCAD [26], and a retrieval baseline are used. As the code for
MultiCAD [102] is not available, we report the results from the original paper. DeepCAD [26]
is retrained with the same parameters and procedure as outlined in the original paper. One of
the known limitations of the DeepCAD dataset is that it contains duplicate models [36]. While
the works in [36] proposed a method to remove duplicate models that contain exactly the
same CAD sequence (i.e. sequence duplicates), we find that this method does not remove
all the duplicates as some models can have the same geometry but are constructed through
a slightly different sequence of sketch extrusion operations (i.e. geometrical duplicates).
Moreover some CAD models in the DeepCAD train set are almost identical to some mod-
els in the Fusion360 dataset [27], with often just the amount of extrusion varying slightly.
Figure 4.4 shows examples of the different types of duplicates from the DeepCAD [26] and
Fusion360 [27] datasets. We define a geometrical duplicate as a test set CAD model for
which it exists a CAD model in the train set with a chamfer distance less than the uncertainty
in the chamfer distance measurement (+3 x 10~* when 4096 points are sampled). From this
definition and using the train set of the DeepCAD dataset [26], we observe that about 14% of

the DeepCAD test set is made of geometrical duplicates and about 12% in the Fusion360
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test set.
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Figure 4.4: Examples of duplicate CAD models from the DeepCAD [26] and Fusion360 [27]
datasets. On the top left panel, CAD models from the DeepCAD train set with geometrical
duplicates in the test set are shown. Similarly, the right panel presents geometrical duplicates

present in the Fusion360 [27] dataset. CAD models with identical CAD sequences, i.e.
sequence duplicates, are displayed in the bottom left panel.

In order to address this issue, we propose a retrieval baseline. The retrieval baseline
uses the point cloud encoder from a trained DeepCAD [26] to identify the closest latent vector
from the train set for each test sample. As a result, the solution is always a train set CAD

sequence.



4.6.2 Experimental Results

Qualitative Results: Figure 4.5 shows some qualitative results for the retrieval baseline,
DeepCAD [26] and TransCAD (Ours) on both the DeepCAD [26] and Fusion360 [27] datasets.
As mentioned in Section 4.6.1, the DeepCAD dataset contains many duplicates, not just in
terms of CAD sequence but also in terms of geometrical shape. As a result, the retrieval
baseline is able to identify accurately duplicates (most right column of the DeepCAD dataset
panel) and in other cases the baseline manages to retrieve shapes with similar geometry as
the ground truth CAD model. On the other hand, it can be noticed that DeepCAD [26] can
even fail at retrieving duplicates. TransCAD is able to predict models that are similar in shape
and also in terms of loop-extrusion sequence, even though it sometimes fails to predict the
parameters accurately (second and fifth columns of DeepCAD dataset and fourth column of

Fusion360 dataset). Further qualitative results can be found in the Appendix B.

DeepCAD dataset Fusion360 dataset
n— — ;‘f{; ﬁ’i H
oT|
Baseline [ ﬁ ﬁ
DeepCAD
ous [

Figure 4.5: Qualitative results on the DeepCAD [26] dataset (left) and the cross-dataset
Fusion360 [27] experiment (right).

Quantitative Results: The trends observed from the qualitative results are further supported
by the quantitative results presented in Table 4.1. The APCS, on both DeepCAD [26] and
Fusion360 [27] datasets, show that TransCAD is the most capable model at predicting correct

CAD sequences. However, it can be noted that the retrieval baseline obtains the lowest
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Model APCSt CD | IR} Model APCSt CD| IR

<DE Retrieval 0.629 2.8 0 3 Retrieval 0.304 60.0 O

Q MultiCAD [102] - 8.1 0.115 % MultiCAD [102] - 42.2 0.165
® DeepCAD[26] 0.604 19.2 0.038 ? DeepCAD [26] 0.360 104.2 0.017
&) Ours 0.732 4.5 0.011 (s Ours 0.365 33.3 0.024

Table 4.1: Quantitative results on the DeepCAD [26] dataset and cross-dataset experiment
on Fusion360 [27]. The APCS results show that TransCAD (Ours) is able to recover CAD
sequence most accurately.

APCS?t
Line Arc Circle Ext. Origin Orientation Size

Retrieval  0.584 0.280 0.655 0.716 0.666  0.819  0.691
DeepCAD [26] 0.654 0.246 0.587 0.872 0.825 0.928  0.848
Ours 0.665 0.709 0.683 0.818 0.768 0.879  0.778

Model

Table 4.2: Results of the different APCS components on the DeepCAD dataset [26].

CD by a small margin on the DeepCAD dataset and by a more significant margin on the
Fusion360. One of the reasons is that this baseline always outputs a CAD model that is of
roughly similar shape as the input even if the retrieved CAD sequence can vary from the
ground truth.

Table 4.2 shows the APCS scores on the DeepCAD dataset [26] for each of the com-
ponents averaged over the test set. It can be observed that TransCAD (Ours) obtains a
significantly better score for the arc primitive and also to some extent for the circle primitive
compared to the retrieval baseline and DeepCAD [26]. However, the scores corresponding
to the placement of the 2D sketch in 3D (Origin, Orientation and Size) for TransCAD are
slightly lower than for DeepCAD [26]. This trend can also be observed on the cross-dataset
evaluation using the Fusion360 dataset [27] (see Table 4.3). Furthermore, the APCS score
corresponding to the line primitive is significantly higher for TransCAD than for the other two
baseline models.

To further analyse the results, the variations of the APCS and C'D w.r.t. model complexity
on the DeepCAD dataset are displayed in Figure 4.6. We define the model complexity as

the lowest possible C'D of a test point cloud sample with respect to the train samples. In

88



APCS?t

Model Line Arc Circle Ext. Origin Orientation Size
Retrieval ~ 0.214 0.045 0.546 0.453 0.294  0.509  0.451
DeepCAD [26] 0.368 0.144 0.639 0.844 0.774 0.866  0.859
Ours 0.515 0.383 0.622 0.749 0.693 0.836  0.782

Table 4.3: Results of the different APCS components on the Fusion dataset [27].

other words, the model complexity quantifies the amount by which a test sample is out of
distribution from the train set in terms of shape. While TransCAD consistently outperforms
on average all other baselines in terms of APCS for all model complexities, DeepCAD [26]
can only perform better than the retrieval baseline for the more complex models. This shows
that DeepCAD [26] often fails at retrieving the CAD sequence for simple models. In terms of
CD, it can be observed that TransCAD and the retrieval baseline have similar performance.
TransCAD can predict a CAD sequence that is closer to the ground truth one but the predicted

overall shape can vary from the ground truth for more difficult samples.
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Figure 4.6: Left: Plot of the variation of the mean APCS w.r.t. model complexity. Right: Plot of
the variation of the median C'D w.r.t. model complexity. For both graphs the number of models
in each bin, represented by the horizontal bounded lines, correspond to approximately the
same number of test samples from the DeepCAD dataset [26].

Complex shape performance: Figure 4.7a show the APCS w.r.t. the sequence length for
TransCAD and DeepCAD [26]. Similarly, Figure 4.7b presents the variation of CD w.r.t. the
sequence length. The size of the data points is proportional to the number of models it

represents. The performance decreases for both models as the length of the CAD sequence
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Model APCSt CD ] IR]
Ours w/o hier.  0.687 7.0 0.016
Ours w/o refining 0.708 4.8 0.018
Ours 0.732 4.5 0.011

Table 4.4: Ablation results demonstrating the relevance of the hierarchical learning strategy
and the loop refiner.

increases. However, TransCAD consistently outperforms DeepCAD.
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Figure 4.7: Comparison of (a) APCS and (b) CD metrics as functions of CAD sequence
length expressed in the DeepCAD format on the DeepCAD dataset [26]. The size of the
points is proportional to the number of CAD models with the corresponding CAD sequence
length.

4.6.3 Ablation Study

In this section, the different components of the proposed network architecture are ablated.
Table 4.4 shows the results for Ours w/o hier., in which the learning is done without both
the loop-extrusion decoder and the refining network, Ours w/o refining where the refining
component is ablated and Ours. It can be noted that each component leads to an improvement
in all the metrics.

The Loop-Extrusion module classifies the features F,. as loop, extrusion or end of
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APCS?t
Line Arc Circle Ext. Origin Orientation Size

Ours w/o hier.  0.569 0.473 0.529 0.749 0.640 0.843 0.670
Ours w/o refining 0.655 0.625 0.673 0.755 0.679  0.838  0.703
Ours 0.665 0.709 0.683 0.818 0.768 0.879 0.778

Model

Table 4.5: Results of the different APCS components on the DeepCAD dataset [26] for the
ablation study. Ours w/o hier. corresponds the proposed model without hierarchical learning,
and Loop Refiner and Ours w/o refining to the proposed model without the Loop Refiner.

sequence type. These predictions are used to route the features F, . to either the loop
decoder &, or extrusion decoder ®. to obtain their parameters. It is worth noting that
the F'1 score on the loop-extrusion type prediction introduced for the hierarchical learning
of TransCAD is 0.79. This implies that on most cases both loop and extrusion decoders
receive embedding of the correct type. To demonstrate the impact of the Loop-Extrusion type
classification, we conduct the following experiment: the ground truth Loop-Extrusion type
labels are used instead of the predicted ones at testing time on the DeepCAD dataset [26]. In
this scenario, the APCS metric evaluating the CAD sequence increases from 0.732 to 0.790.
The IR also improves and decreases to nearly 0% (only 2 invalid models). Notably, there is
no significant change in the CD. As a result, TransCAD is robust to moderate classification
errors in the Loop-Extrusion prediction w.r.t. the final reconstruction. However, these errors
might impact the performance of the predicted CAD sequence w.r.t. the ground truth. This
suggests that the Loop-Extrusion classification errors might result in alternative yet plausible
design paths.

Moreover, while the refining network is only applied on the loop parameters, we observe
that the component of the APCS for the extrusion parameters are also higher when the
network is trained with the refining component (see Table 4.5). The Loop Refiner is a
component of the end to end pipeline of TransCAD. As a result, the backprogation of the
Loop Refiner loss £, acts on all the parameters of the network and can therefore impact the

predictions at all levels.
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4.6.4 Input point cloud perturbation

Reverse engineering is a real-world practical problem. The results in the previous section
are obtained from sampling points from the B-Rep representations of the CAD models.
While modern 3D sensors can reconstruct the mesh of models with high resolution, they still
suffer from some artifacts such as noise and small missing parts. In order to evaluate the
performance of our network in such realistic conditions, we run experiments in two scenarios,
one in which noise is added and one in which small holes are created on the point cloud. In
order to simulate realistic noise, Perlin noise [127] is added to the mesh from which the point
coordinates and normals are extracted.

Perlin Noise Implementation: To simulate the noise created when an object is scanned
using a 3D sensor, a Perlin noise [127] is added to the point cloud. The perlin noise is created
using the following strategy. Starting from the mesh representation of the original CAD
models, the faces are divided to ensure that the mesh contains a dense number of vertices.
Then, a 3D Perlin noise is computed for each vertex using 64 octaves with a minimum and
maximum magnitude of —0.001 and 0.001, respectively. Finally, the normals are recomputed
from the mesh and points are sampled. A visual example of a perturbed mesh can be found

in Figure 4.8.

Original Mesh Mesh with Perlin Noise

Figure 4.8: Example of a CAD model with its mesh representation (left) and perturbed
representation with Perlin noise (right). Zooming on the figure might be required to best view
the effect of the Perlin noise applied.

Holes Implementation: Holes in the input point clouds are created using the following
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strategy. Firstly, for each point cloud the number holes is selected from a uniform distribution
ranging from 1 to 10 included. Then, the ratio of points to be removed for each hole is chosen
by sampling a normal distribution with mean 0.03 and standard deviation 0.015. Finally, for
each hole a point is chosen at random and the corresponding number of nearest neighbors
points are removed. The nearest neighbors are identified using a geodesic distance computed
on the mesh surface. We ensure that the remaining number of points is at least n = 4096,
which corresponds to the number of points used as input. Figure 4.9 shows some examples

of point clouds on which holes have been created.

Figure 4.9: Examples of input point clouds in which holes have been created. The points
highlighted in red represent the points that have been removed.

Qualitative & Quantitative Results: Qualitative results for both the hole and noise input
perturbations can be found in Figure 4.10. Table 4.6 shows that TransCAD is more robust to
such perturbations than other methods. As the noise also adds a disturbance to the direction
of the input point normals, it leads to a larger drop in performance.

In order to further evaluate the sensitivity of our method to surface noise, we conduct
an experiment in which the maximum magnitude of the Perlin noise on the input point
cloud is increased compared to the one previously presented (now referred to as Original
Noise). The results presented in Table 4.7 show that both TransCAD and DeepCAD are

sensitive to the amount of noise. We also perform 2-epoch finetuning of both models on
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Input Ground  Retrieval  DeepCAD ours

Holes

Noise

Figure 4.10: Qualitative results on DeepCAD dataset [26] using perturbed input point clouds.
The top panel shows results for which holes are created on the input point cloud and the
bottom panel shows results for which Perlin noise was applied.
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Model APCST CD | IR} Model APCST CD | IR]

Retrieval 0.561 5.9 0 Retrieval 0.607 4.1 0
DeepCAD [26] 0.550 31.1 0.047 DeepCAD [26] 0.574 26.7 0.039
Ours 0.604 18.1 0.010 Ours 0.732 4.4 0.012

Noise
Holes

Table 4.6: Results on the DeepCAD [26] dataset when the input point cloud is perturbated
either with Perlin noise (left) or by creating holes (right).

Original Noise training data and report the results (Finetune, last row of Table 4.7). Notably,

TransCAD almost recovers its performance with finetuning.

Noise TransCAD DeepCAD [26]
increase APCS 1t CD ||APCS T CD |
Original Noise| 0.604 18.1 | 0.550 31.1
+25% 0.570 21.1| 0541 31.6
+50% 0.532 28.8| 0.528 35.6
Finetune 0.724 51 0.572 27.7

Table 4.7: Results on the APCS and C'D metrics for different amount of noise added to the
input point cloud on the DeepCAD dataset [26].

Furthermore, we conduct an experiment to evaluate the effect of the input cloud sparsity
on the performance. Using TransCAD and DeepCAD [26] trained with input point clouds
of size 4096 points, predictions for the test set with decreasing input point cloud sizes are
generated. The results demonstrate that TransCAD is more robust than DeepCAD [26] w.r.t.

input sparsity (see Table 4.8).

Input size TransCAD DeepCAD[40]
(# Points) | APCS 1t CD ||APCS 1 CD |
4096 0.732 45 | 0.604 19.2
2048 0.729 49 | 0577 2438
512 0.705 8.1 0.526 38.5
256 0.673 12.7 | 0.443 70.3

Table 4.8: Results on the APCS and C D metrics for different size of input clouds on the
DeepCAD dataset [26].

95



4.6.5 Failure Cases and Limitations

In this section, we describe the reasons that lead TransCAD to predict invalid CAD models
as measured by IR. Among the predictions of TransCAD on DeepCAD test set, only one
contains a loop parametrization that results in an invalid CAD sequence. This shows that
the proposed representation of the loop sequence leads to syntactically correct loops on
practically all cases. However, in some cases the representation of the CAD sequence can
be syntactically valid, yet it is not possible to reconstruct a B-Rep from it. For 75 test samples,
the loop-extrusion decoder fails to predict an extrusion token, this implies that the predicted
model is therefore an infinitely thin sketch and not a 3D model as expected. The rest of the
invalid models are mostly due to a loop being made of a single line within a model, which
cannot be extruded into a valid 3D shape within our context. Finally, Figure 4.11 shows
examples for which the predicted sequences do not lead to a shape that is close to the ground
truth one. In these examples, the input CAD models contain a large number of small features

that TransCAD is unable to capture.

Input GT Ours Input GT Ours Input GT Ours

o

Figure 4.11: Examples for which TransCAD fails at recovering a shape close to the ground
truth one.

4.7 Conclusion

In this chapter, we presented TransCAD, an end-to-end transformer-based neural network that
addresses a critical challenge in CAD reverse engineering: the direct inference of parametric
CAD sequences from point cloud data. Building upon the construction history recovery
approach introduced in the previous chapter, TransCAD represents a significant advancement

by eliminating the need for an intermediate B-Rep representation, thus addressing the
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complete reverse engineering pipeline from scan to editable CAD model. Our approach
introduces two key technical innovations: a hierarchical architecture that enables more
effective learning of high-level loop-extrusion sequences, and a specialized loop refiner that
significantly improves parameter prediction accuracy. Additionally, we proposed a unified
primitive representation where all sketch elements are described by the same number of
parameters.

Beyond architectural contributions, we identified fundamental limitations in existing evalu-
ation methodologies for CAD sequence recovery and introduced a new metric, Average Pre-
cision of CAD Sequence (APCS), which enables more meaningful comparison of parametric
CAD sequence predictions. This evaluation framework addresses the specific requirements
of the reverse engineering domain, considering both geometric fidelity and design intent
recovery.

Through comprehensive experimentation, we demonstrated that TransCAD achieves
state-of-the-art performance on standard benchmarks while also exhibiting robustness to
input perturbations characteristic of real-world scanning artifacts. These results validate our
approach to hierarchical feature extraction and parameter prediction, while also highlighting
the effectiveness of our proposed evaluation methodology. Despite these advances, our
experiments revealed limitations in handling complex models with numerous small features,

pointing toward directions for further research that we explore in subsequent chapters.
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Chapter 5

abraCADabra: Inference Geometry
Guided Search for Auto and Non
Auto-Regressive Scan-to-CAD

Networks

In this chapter, we introduce abraCADabra, a novel approach that extends our work on
CAD sequence inference by implementing geometry-guided search strategies for both auto-
regressive and non-auto-regressive architectures. While the previous chapter established the
foundation of end-to-end point cloud to parametric CAD sequence translation through Tran-
sCAD, this work directly addresses two of the fundamental challenges identified in Section 1.2:
the 3D scanning imperfections that corrupt geometric fidelity of input data, and the recovery
of design intent when multiple valid interpretations are possible. By explicitly acknowledging
the ambiguity inherent in scan-based reverse engineering, our approach mimics how expert
CAD designers work—considering multiple design alternatives before selecting the most
appropriate one. We develop inference-time search strategies that leverage geometric priors
from input point clouds to more effectively explore the output probability space, significantly

improving reconstruction quality while reducing invalid predictions. Additionally, to address
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the data challenge highlighted in Section 1.2, we introduce the C3D-Recon dataset, the first
collection of realistic 3D scans with authentic scanning artifacts paired with their correspond-
ing parametric CAD sequences. This contribution represents a significant advancement
toward practical reverse engineering applications by bridging the gap between the theoretical
capabilities of neural networks and the real-world challenges of inferring CAD design from

imperfect scan data.

5.1 Introduction

As established in Chapter 1, Computer-Aided Design (CAD) serves as the foundation of
modern industrial manufacturing processes. While previous chapters have addressed various
aspects of CAD reverse engineering—the process of creating 3D digital representations from
existing physical objects—this chapter focuses on a fundamental characteristic of expert
CAD design: the exploration of multiple design alternatives. In professional practice, reverse
engineering plays a crucial role across diverse sectors, from recreating legacy components
in the automotive industry to developing custom medical implants from anatomical scans
and preserving cultural heritage artifacts through digital reconstruction [128]. However, this
process traditionally demands significant expertise and time as designers must systematically
explore numerous plausible design paths to achieve optimal results. The exploration phase is
particularly challenging for complex geometries, requiring specialized technical knowledge
to identify the most appropriate modeling approach. The methods presented in previous
chapters have established foundations for automating parts of this process, but they have
primarily focused on generating single solutions rather than emulating the exploratory nature
of expert design practice. This chapter addresses this limitation by introducing search
strategies that enable neural networks to consider multiple design alternatives, more closely
mimicking human expertise while further advancing the automation of reverse engineering to
reduce development cycles, minimize design costs, and enable innovation through improved
understanding of existing designs [9].

The field of automated 3D reverse engineering traces its roots back several decades in
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the computer vision and graphics communities [129, 130]. Prior to deep learning approaches,
researchers developed a variety of computational techniques to translate physical objects
into digital CAD models. These methodologies followed two primary strategies: first, the de-
composition of point cloud data into distinct CAD components through classical segmentation
algorithms [131], and second, the approximation of point cloud geometry using parametric
surface fitting techniques [11]. While these traditional approaches established important
foundations, they often required extensive manual intervention and struggled with complex
geometries that exhibit intricate features and relationships.

Recent innovations in neural network architectures have enabled learning-based ap-
proaches for 3D reverse engineering from 3D scans of physical objects [39, 37]. Unlike their
predecessors, these methods leverage datasets of design sequences created by human
experts [26, 27] to learn the CAD modeling process in an end-to-end fashion. By observing
how professional designers construct CAD models step by step, these neural networks can
infer the underlying procedural logic and replicate similar construction sequences. While
showing promising results, these approaches have a fundamental limitation: they generate a
single solution without exploring the diverse design possibilities that human experts would
consider. This is analogous to a designer who provides the first answer that comes to mind
without careful consideration.

This limitation of existing deep learning approaches contrasts sharply with how expert
CAD designers actually work—they mentally explore multiple design alternatives before
selecting the most appropriate one. Interestingly, recent breakthroughs in artificial intelligence
have demonstrated a potential solution to this problem. Systems like AlphaGo [132] and
ChatGPT-01 [133] have shown that neural networks’ probability distributions can serve as
effective guides through complex solution spaces. Their success stems from methodical
exploration of these distributions, rather than accepting the first plausible output, which
yields significant performance improvements. The underlying principle is that the model’s
uncertainty, encoded in its output probability distribution, contains valuable information about
alternative solutions that can be systematically explored.

Drawing inspiration from these advances, we therefore pose the following question: How
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can we leverage inference search strategies guided by geometric priors from input point
clouds to improve CAD reverse engineering? To address this question, we propose extending
existing auto-regressive (CAD-SIGNet [39]) and feedforward (TransCAD [37]) approaches by
implementing advanced inference search strategies. Specifically, for the task of reconstructing
CAD design sequences from point clouds, we leverage the geometric priors of the input to
guide the inference search. This approach represents an important step toward emulating
the expert reasoning process of CAD designers within deep neural networks, moving beyond
single-solution methods toward systems that can explore and evaluate multiple design
possibilities.

While our inference search strategies address the limitations of current approaches, we
recognize that 3D reverse engineering is a real-world problem and therefore requires realistic
data to be effective. To bridge this gap between theoretical advancements and practical
implementation, we also propose the CC3D-Recon dataset; the first dataset to contain pairs
of 3D scans and their corresponding CAD design sequences. This dataset serves as a
critical complement to our methodological contribution, as it enables proper evaluation under
conditions that more faithfully represent real-world reverse engineering challenges. Indeed,
in practical scenarios, 3D scans contain numerous artifacts such as noise, occlusion, and
smoothed edges [41]. These imperfections test not only a model’s ability to reconstruct ideal
geometry but also its robustness in inferring design intent from imperfect data. By developing
both advanced search strategies and more realistic evaluation data, our work addresses
two key limitations currently preventing automated 3D reverse engineering from achieving
practical utility in industrial applications.

In summary, our contributions are as follows:

« A comprehensive analysis and comparison of auto-regressive and non-auto-regressive
approaches for CAD reverse engineering, revealing their complementary strengths and

limitations across different evaluation metrics.

« Development of novel geometry-guided inference search strategies that leverage input

point cloud characteristics to explore the output probability space more effectively,
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significantly improving reconstruction quality and reducing the rate of invalid CAD

predictions.

« Introduction of the CC3D-Recon dataset, the first dataset containing pairs of realistic
3D scans with authentic scanning artifacts and their corresponding parametric CAD
design sequences, enabling more robust evaluation of reverse engineering methods

under real-world conditions.

« Extensive experimental validation demonstrating that inference search strategies can
achieve substantial improvements in reconstruction accuracy while eliminating invalid

predictions.

The rest of this chapter is organized as follows. Section 5.2 reviews related work in CAD
reverse engineering and datasets. In Section 5.3, we formally define the problem of CAD se-
qguence inference from point clouds. Section 5.4 details our methodology, presenting both the
autoregressive and non-autoregressive baseline architectures and our proposed geometry-
guided inference search strategies. In Section 5.5, we introduce the CC3D-Recon dataset,
describing its creation process, properties, and unique characteristics that support realis-
tic evaluation. Section 5.6 presents comprehensive experimental results across multiple
datasets, comparing different search strategies and analyzing their impact on reconstruction
quality. Finally, Section 5.7 summarizes our contributions and discusses directions for future

research.

5.2 Related Works

5.2.1 CAD Reverse Engineering

The field of CAD reverse engineering has evolved along several distinct approaches, each
addressing the fundamental challenge of non-unique representation in different ways. These

approaches can be broadly categorized based on their underlying representation and method-

ology.
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Geometry-Based Methods: Early approaches focus on uncovering the underlying geometry
through parametric fitting techniques. This includes the segmentation and parameterization
of geometric primitives such as edges [16, 117, 18, 19, 17, 20] and surfaces [96, 22, 29].
While these methods effectively capture geometric features, they often struggle to recover the
connectivity between primitives (CAD topology), resulting in potentially invalid CAD models.
B-Rep-Based Methods: To address the limitations of purely geometric approaches, re-
searchers have developed learning methods for Boundary Representation (B-Rep), which
encodes both geometry and topology. Graph-based approaches [13, 14] have been pro-
posed to segment B-Rep entities, while other works [27, 38, 74, 134, 135] have focused on
recovering different elements of the CAD construction history from B-Rep inputs.
CSG-Based Methods: Another line of research represents CAD construction history as a
sequence of 3D primitives with corresponding Boolean operations, known as Constructive
Solid Geometry (CSG). This representation has enabled several unsupervised methods [136,
137, 101, 120] to be developed. Although CSG allows for modeling complex shapes, it is no
longer the standard representation in modern CAD software.
Sketch-Extrude Sequence Methods: More aligned with contemporary CAD practices, Deep-
CAD [26] proposed representing CAD construction history as sequences of 2D sketches and
extrusions. This sequential approach has spawned numerous transformer-based generative
models [26, 36, 100, 138]. For reverse engineering specifically, several works [23, 24] have
used the sketch-extrude representation to infer CAD models from point clouds, though these
methods often require post-processing to ensure valid CAD sketches. Prismatic CAD [121]
addressed this by predicting CAD sketch-extrude sequences from rounded voxels using
pre-defined templates. Recent advancements include MultiCAD [102], which introduced a
two-stage model based on contrastive learning, and CAD-Diffuser [122], which leverages
diffusion-based architecture.

In this work, we extend two state-of-the-art transformer-based approaches in the sketch-
extrude paradigm: TransCAD [37] (referred to as NAR-CADNet from now on), a non-
autoregressive model that employs a hierarchical learning strategy, and CAD-SIGNet [39]

(referred to as AR-CADNet from now on), an autoregressive model that proposes a sketch
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instance guided attention mechanism. Our contribution lies in augmenting these architectures
with inference search strategies that more effectively explore the output space by taking into

consideration the geometry of the input point cloud.

5.2.2 CAD Datasets

Despite the ubiquity of CAD models in manufacturing industries, large-scale, high-quality
labeled datasets for CAD research remain limited. The evolution of these datasets reflects
the field’'s progression toward more complete representations and realistic applications.
Geometric and B-Rep Datasets: The ABC dataset [28] is a large-scale CAD data collection
with one million models, though it only provides geometric features for surface patches and
curves. Several datasets subsequently focused on B-Rep level annotations: MFCAD [76]
and MFCAD++ [77] offered synthetically generated B-Reps with machining feature labels;
Joinable [139] contained 8,251 CAD models with assembly information represented as
graphs; BrepGen [116] provided 6,171 B-Rep furniture models with categorical labels; and
BrepNet [13] contributed 35,680 B-Reps with face segmentation labels corresponding to their
constructive CAD operations.

Construction History Datasets: While the above datasets offer valuable resources for
developing learning-based methods on B-Reps, they lack the sequential construction in-
formation critical for true CAD reverse engineering. Addressing this gap, DeepCAD [26]
(178,238 models) and Fusion360 [27] (8,625 models) introduced datasets containing explicit
construction histories in the form of sketch-extrude sequences. These datasets enabled
research into learning the sequential design processes followed by human CAD designers.
However, they share a significant limitation: their point clouds are generated by sampling
CAD model surfaces rather than capturing real-world objects with 3D sensors, resulting in
idealized data lacking the artifacts and imperfections present in real scans.

Realistic Scan Datasets: To advance the field toward more realistic scenarios, the CC3D
dataset [41] was introduced with 50,000 pairs of realistic 3D scans and corresponding CAD
models as B-Reps. This dataset has been progressively enhanced with additional annotations,

including sharp edge features [117], B-Rep CAD operation type and step labels [38], and
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LAR point-to-BRep adjacency labels [29]. Despite these valuable additions, a critical gap
remained: the lack of explicit construction histories paired with realistic scans.

In this chapter, we address this gap by introducing the CC3D-Recon dataset—the first
dataset containing pairs of realistic 3D scans with authentic scanning artifacts and their
corresponding parametric construction histories as sketch-extrude sequences. This dataset
enables evaluation and training of CAD reverse engineering methods under conditions that
more faithfully represent real-world applications, where input data is noisy, incomplete, and

contains various scanning artifacts.

5.3 Problem Formulation

Having reviewed the existing approaches to CAD reverse engineering, we now provide a
precise mathematical formulation of the problem and introduce our notation framework. This
formulation serves as the foundation for both the auto-regressive and non-auto-regressive
approaches we extend in subsequent sections.

Given a point cloud X = {p;}¥, € RV>3, our goal is to reconstruct the underlying 3D
model through a sequence of CAD modeling operations. We formulate this as a mapping

from point clouds to CAD sequences and present two complementary learning strategies.

5.3.1 CAD Sequence Representation

Let C represent the set of all possible CAD sequences. A CAD sequence C € C can be
modeled as a sequence of L design sets: C' = {cl}le, where each step ¢; = (S;, O;) pairs a

sketch S; with a modeling operation O;. The sketch follows a hierarchical structure:

S = {]—'j]»;.v:}1 (faces), (5.1)
Fi={ph?, (loops), (5.2)
e = (60 (primitives). (5.3)
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At the lowest level, primitives 4,, are represented using 2D coordinates p = [p,, p,] ' :

[Pstart, Pend for lines;
Om = { [Pstart» Pmids Pend), for arcs; (5.4)
[Pcenter, Ptop)s for circles.

Each modeling operation O; consists of common parameters ©; and operation-specific

parameters &;:

O, =1{0, 1}, (5.5)

6[ = {97 ¢7777—Ia7_y77_270—75}7 (56)

where (0, ¢, v) defines the sketch plane orientation, (7., 7, 7.) specifies translation, o controls
scaling, and 3 denotes the boolean operation type. The operation-specific parameters @,
depend on the type of operation. In this work, only the extrusion operation is considered
and ¢, = {d;,d_}, where d,,d_ are extrusion distances in the direction of the sketch-plane

normal and the opposite direction.

5.3.2 Learning Objective

The 3D reverse engineering objective can be modelled as the learning of a mapping

TRV S C, (5.7)

C=0(X), (5.8)

that maps the input point cloud to a CAD sequence C' € C such that the sequence produces
a CAD model geometrically approximating the input point cloud X’ and adheres to the design

patterns that would be followed by an actual CAD designer.
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5.3.3 Learning Paradigms

We explore two complementary approaches for learning the mapping from point clouds to

CAD sequences:

Auto-regressive Learning

Models the conditional probability of a token given the input point cloud X and the previous

sequence tokens:

Nits

par(C|X) = Hp(ti|tjj<i7 X). (5.9)
=1

Non-autoregressive Learning

Predicts all the tokens simultaneously:

Nts

pnar(ClY) = T p(t:] ). (5.10)
i1

Each paradigm offers distinct advantages: auto-regressive learning can better model sequen-
tial dependencies but inference is slower, while non-autoregressive learning enables parallel
prediction but may struggle with complex dependencies. We leverage both approaches in our

methodology to provide complementary solutions to the CAD sequence inference problem.

5.4 Methodology

Having established the problem formulation for CAD reverse engineering from point clouds,
we now present our methodology for enhancing sequence prediction through inference search
strategies. Our approach builds upon two complementary architectures—auto-regressive (AR-
CADNet) and non-auto-regressive (NAR-CADNet)—and extends them with geometry-guided
search techniques. Both neural architectures produce probability distributions over possible

CAD tokens, but rather than simply selecting the highest probability tokens, we explore how

107



the inherent uncertainty in these distributions can be leveraged to explore multiple plausible

design solutions.

5.4.1 Classic Inference Strategies

The output of both AR-CADNet and NAR-CADNEet is a probability distribution over the token
values. The most common approach, to select the predicted token value, is to choose the
one that has the highest probability (Top-1 sampling). This approach is motivated by the fact
that the output probability can be interpreted as the prediction confidence. Upon examining
the output probability distribution per token (see Figure 5.1 for AR-CADNet and Figure 5.2
for AR-CADNEet), it can be observed that there is a high variance in the output probabilities,
which means that the network does not always display a high degree of confidence in the
predicted token value. This observation provides a strong motivation to explore other sampling
strategies, in particular to consider sampling strategies that considers the geometry of the

input point cloud.

Auto-regressive Sampling Given the predicted token probabilities p(t;|{t;};<:, X'), several

sampling strategies can be employed:

* Top-k sampling selects tokens from the & most likely candidates according to the
model’s probability distribution. For each prediction step, the model identifies the &
tokens with highest probabilities. The most common search strategy is to use Top-1

sampling, that is choosing the token value with the highest probability at each step.

* Nucleus sampling [140], also known as top-p sampling, dynamically adjusts the sam-
pling pool by selecting the smallest set of tokens whose cumulative probability exceeds
a threshold p. Rather than using a fixed number of candidates, nucleus sampling adapts
to the model’s confidence level—sampling from more options when the distribution is
flat (low confidence) and fewer when the distribution is peaked (high confidence). This
approach is particularly effective for CAD sequence generation because confidence

levels vary significantly across different token positions (see Fig. 5.1).
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+ Beam search maintains the b most probable sequence candidates throughout the
generation process. At each step, the model expands all current beam candidates
with possible next tokens, scores the resulting sequences based on their cumulative
log-probabilities, and keeps only the top b candidates for the next iteration. This
approach considers the joint probability of the entire sequence rather than making

greedy decisions at each step.

* Hybrid sampling combines different strategies at different stages of the generation
process, specifically using Top-k sampling (k = 5) for the first token and reverting to Top-
1 (greedy) sampling for all subsequent tokens. This approach addresses the observed
pattern (see Fig. 5.1) where the model displays particularly low confidence for the initial
token that have no preceding context, but higher confidence for later tokens that benefit
from established context. The hybrid approach allows exploration of different starting
points for the CAD sequence (i.e.extrusion distance), while maintaining deterministic
continuation once a path is chosen. This reflects the design process where the first

decision often has the greatest impact on the overall structure.

Non-auto-regressive Sampling The baseline approach for sampling in feed-forward net-

work is to use Top-1 prediction for each token:
t; = argmax; p(t; = j|X). (5.11)

As in the auto-regressive strategy, it is also possible to apply nucleus sampling on the
individual predicted tokens. However, it is important to note that beam search and hybrid
sampling strategies are not applicable in the non-auto-regressive context because these
methods rely on sequential token interdependencies that do not exist in this paradigm. Since
the non-auto-regressive model predicts all tokens simultaneously with probabilities that are
conditionally independent given the input point cloud, there is no notion of a sequence
of decisions that could be maintained in multiple beams or treated differently at different

positions. This fundamental limitation of non-auto-regressive models restricts the sampling
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Figure 5.1: Variation of the average Top-1 probabilities with respect to token position for
AR-CADNEet. The shaded area shows the standard deviation. Overall, there is a high variance
in the confidence level displayed by the network, suggesting that the Top-1 sampling strategy
might not always be appropriate. The network appears to have a low confidence for the first
token due to the lack of sequence context. The high confidence and low variance for tokens
at position 5 to 8 corresponds to orientation and scale of the first extrusion plane.

strategies to those that operate on individual token probabilities in isolation.

5.4.2 Geometry-Guided Search

While the sampling strategies described above effectively leverage the model’s inherent
uncertainty, they operate solely on the probability distributions without considering the specific
geometric context of the reverse engineering task. This is a significant limitation, as the input
point cloud contains rich geometric information that can guide the search process toward
more plausible CAD reconstructions. For instance, the spatial distribution of points provides
clear constraints on possible extrusion distances, sketch plane orientations, and feature
dimensions that should be respected in any valid solution.

Building on this insight, we propose to augment traditional sampling strategies with explicit

geometric priors derived from the input data. These priors, which we denote as G, serve to
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Figure 5.2: Box-plot graph showing the distribution of the Top-1 probabilities per token types

for NAR-CADNet. As for AR-CADNEet, tokens corresponding to the orientation (0,¢, and ~)

and the scale of the extrusion plane display the lowest variance, reflecting the biases from
the training data.

constrain and guide the search process in ways that purely probabilistic approaches cannot.

In other words, we modify token probabilities using geometric priors:
p(til-, G) o< p(til-) - w(ti]G), (5.12)

where p(t;]-) is the output probability given by the network and w(¢;|G) is a function constrain-
ing the values of ¢; given some geometric prior. This approach enables us to develop search
strategies that are specifically tailored to the CAD reverse engineering problem, leveraging

domain-specific knowledge that neural networks may not fully capture through training alone.
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Figure 5.3: Bounding box guided search for AR-CADNet. The first predicted sketch-extrude
is within the bounding box of the input point cloud, it is therefore kept as a potential candidate.
The second predicted sketch-extrude lies outside the bounding box of the input, it is therefore
rejected and backtracking is operated.

Geometry Guided Auto-Regressive Search

In the case of AR-CADNet, a backtracking strategy is employed given the bounding-box
of the input point cloud as a geometrical prior G and a function that checks the validity of
the partial CAD sequence (i.e. whether the sequence can be reconstructed in a valid CAD
model). We combine this geometric validation with nucleus sampling on each token. More
specifically, after the prediction of a sketch-extrusion step ¢; = (S;, O;), we check whether the
partial predicted sequence can be reconstructed and whether it is within the bounding-box of
the input point cloud. If the validation fails, rather than terminating the search, we backtrack
to the start of the sketch-extrusion resample alternative tokens from the nucleus sampling
distribution and explore this new path. This resampling and validation process continues until
either a valid sketch-extrusion step is found or a maximum number of sampling has been
reached. This strategy relies on the assumption that at each construction step the partial
model has a bounding box smaller than or equal to the bounding box of the final model. By
integrating backtracking with nucleus sampling, our approach efficiently identifies valid design
paths while exploring diverse solutions that satisfy the geometric constraints of the input point

cloud. Fig. 5.3 shows an example of how this is applied in practice.

Geometry Guided Non-Auto-Regressive Search

The non-auto-regressive nature of NAR-CADNet provides significant advantages when

applying geometric priors to guide the search process. Unlike auto-regressive models,
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NAR-CADNet can generate probability distributions for all tokens in a single forward pass,
making sampling computationally efficient. This efficiency enables us to perform extensive
validity checks and apply geometric constraints to both extrusion and loop parameters without
prohibitive computational overhead.

Our approach implements a multi-stage validation and constraint process. For each
candidate solution, we first validate the extrusion plane parameters ©; by verifying that they
define a plane that intersects with the input cloud. When this validation fails, we resample
those specific tokens using nucleus sampling while keeping other valid tokens fixed. This
selective resampling is particularly efficient in the non-auto-regressive framework since tokens
are predicted independently.

After establishing valid extrusion planes, we apply spatial constraints derived from the
input geometry. For loop parameters (sketch primitives §), we constrain the token probabilities
by analyzing the bounding box of points that lie on the extrusion plane (see Fig. 5.4). This
effectively masks out token values that would create sketch elements outside the observed
point distribution, setting their probabilities to zero before sampling. Similarly, we constrain
extrusion distance parameters (d, d_) by identifying the farthest points from the extrusion
plane in both positive and negative directions, ensuring that extrusions remain within the
boundaries of the input point cloud.

This geometric masking and resampling approach allows NAR-CADNet to efficiently
explore the constrained solution space while maintaining geometric validity, resulting in
diverse yet plausible CAD reconstructions that respect the spatial characteristics of the input

data.

5.5 CC3D-Recon Dataset

In this section, we introduce the proposed CC3D-Recon dataset. The CC3D-Recon dataset
aims at offering realistic evaluation data for 3D CAD reverse engineering. It is the first dataset

that contains realistic 3D scans of CAD models along with their construction history.
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Figure 5.4: Masking of loop parameters for NAR-CADNet. Left: Input point cloud. Middle:
Sketch plane as defined by the extrusion plane parameters ©; and the points from the input
point clouds that lie on this plane. The range of possible loop primitive parameter values is
shown in blue. Right: Parameter values outside the bounding-box of the points are masked
(shown in red) effectively reducing the search space (shown in green).

5.5.1 Data Preprocessing

The CAD models from the CC3D-Recon dataset were collected from open repositories such
as OnShape [141] and 3D Content Central [142]. The CAD models were then virtually
scanned using a proprietary software developped by Artec3D [143] as in [41]. This process
enables the creation of realistic 3D scans that contain artifacts such as missing parts, surface
noise, noisy normals and smoothed edges. The CAD models containing only the extrusion
operation were selected and were further parsed using the OnShape API to obtain the
construction history in the form of parametric sketch-extrude sequences in the same format

as the DeepCAD dataset.

5.5.2 Dataset Description

The CC3D-Recon is composed of 500 models for evaluation. Examples of the CAD models
can be found in Fig. 5.5. All the models contain a CAD representation in the form of a STEP
file, a sketch-extrude sequence describing the construction history, and a high resolution
mesh of the corresponding scan. Fig. 5.6 displays examples of the magnitude of the surface

noise (third column) and the angle difference (most right column) between the surface normals
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Figure 5.5: Examples of ground truth CAD models found in the CC3D-Recon dataset.

of the scan and the actual CAD model. It can be observed that near edges the surface and
normal noises are particularly prominent, this is caused by smoothed features during the
scanning process. Smoothed edges present a real challenge in the reverse engineering
setting as the edges often define the sketches that are used to create the CAD model. Fig. 5.7
shows frequency density graphs for the distribution of the magnitude of surface noise and
normal angle disturbance. It can be observed that most scan mesh vertex have a noise in
magnitude that is less than 1% the size of the bounding box of the model and the a normal
angle distrubance is less than 20%. However, there is large variance in the distribution
of those quantities resulting in some mesh vertices with much larger disturbance. These

realistic scanning artifacts, particularly the edge smoothing and normal distortion, make
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Figure 5.6: CC3D-Recon scan artifacts. The surface noise on the scans is depicted in the
third column and the surface normal angle disturbance in the most right column. The noise is
most prominent around edges and parts of the model that a sensor can difficultly reach. The
ridges that can be observed around curved surfaces arises from the tessalation of the CAD
model during the virtual scanning process.

CC3D-Recon a substantially more challenging benchmark for scan-to-CAD algorithms than
previous datasets with synthetic point clouds, effectively testing their robustness in conditions

that more closely resemble real-world reverse engineering scenarios.

5.6 Experimental Results

5.6.1 Training

In order to obtain a fair comparison between AR-CADNet and NAR-CADNet, both models
are trained using the same point cloud encoder (LFA [54]) and the same curve primitive and

extrusion formulation as defined in [39].
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Figure 5.7: Frequency density graphs of the surface noise distance (left) and normal distur-
bance (right) on the scans of the CC3D-Recon dataset. While about 75% of the points from
the scan have a noise displacement of 0.5% or less the size of the object bounding box, some
points can have a large displacement (up to 4%). Similarly, the scan surface normals tend to
be slightly disturbed with a median value of 6°. However, due to smoothing of sharp features
and missing parts caused by the scanning process a small portion of the normals can have
much greater disturbance.

5.6.2 Baselines

The main focus of the experiments is to evaluate how the performance of autoregressive and
non-autoregressive networks can be improved using different search strategies at inference
time. Nevertheless, baseline results for DeepCAD [26], MultiCAD [102], HNC [100] and
CAD-Diffuser [122] have been included for reference. The results presented are the ones

reported in [122].

5.6.3 Metrics

In order to evaluate the results of the different models, three metrics are used. Firstly, to
evaluate how close the predicted sequence is to the ground-truth one the APCS metric [37]
is used. While this metric measures how close the predicted CAD sequences are to the ones
that were produced by an actual CAD designer, it is necessary to also evaluate how close
the geometry of the reconstructed CAD model is to the ground-truth one. To this end, the

median chamfer distance (CD) is used. Note that all the CD values have been multiplied by
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Model Search Strategy DeepCAD Dataset Fusion360 Dataset
APCS? MedianCD] IR| | APCSt MedianCD| IR}
DeepCAD [26] | Top-1 - 9.64 7.1 - 89.2 25.2
Z  MultiCAD [102] | Top-1 - 8.09 115 - 42.2 16.5
g NAR-CADNet Top-1 0.708 6.59 6.2 0.512 13.12 121
Z NAR-CADNet Nucleus 0.722 1.15 04 | 0515 3.02 0.0
NAR-CADNet Geometry Guided | 0.725 0.62 0.0 | 0.527 1.67 0.1
HNC [100] Top-1 - 8.64 5.6 - 36.8 7.8
CAD-Diffuser [122] | Top-1 - 3.02 1.5 - 3.85 1.7
AR-CADNet Top-1 0.742 0.26 5.1 | 0.548 0.56 9.3
E AR-CADNet Hybrid 0.588 0.23 0.9 0.437 0.41 1.9
AR-CADNet Nucleus 0.707 0.24 0.0 0.518 0.41 0.0
AR-CADNet Beam 0.661 0.21 1.5 0.494 0.39 4.4
AR-CADNet Geometry Guided | 0.718 0.20 0.0 | 0.519 0.38 0.0

Table 5.1: Quantitative comparison of different search strategies for CAD sequence inference
from point clouds on DeepCAD and Fusion360 datasets. Multi-sampling search strategies
(hybrid, nucleus and geometry guided) leads to a drastic reduction in invalidity ratio (IR).
For both NAR-CADNetand AR-CADNetthe best performing strategy is the geometry guided
search.

103. Finally, the ratio of predicted CAD sequence that cannot be reconstructed into a valid

CAD model is measured using the invalidity ratio (IR).

5.6.4 Results on DeepCAD and Fusion360 Datasets

The results of all methods on the DeepCAD [26] and Fusion360 [27] datasets are presented
in Table 5.1. Note that all methods were trained on the DeepCAD dataset and that the
Fusion360 dataset constitutes a cross-dataset evaluation setting. It can be observed that
for both AR-CADNetand NAR-CADNet the ratio of invalid generated CAD sequences (IR)
decreases drastically when multiple sampling is applied on the output token probabilities.
For AR-CADNEet, the APCS metric that measures how close the predicted sketch-extrude
sequence is to the ground truth one is lowest when using hybrid sampling and highest when
using Top-1 sampling. This is clearly demonstrated in Fig 5.9(b), where the distribution of
APCS per model is more skewed towards lower values when hybrid sampling is used. This is
caused by the fact that hybrid sampling applies a Top-5 sampling only on the first token, which
corresponds to the extrusion distance of the first sketch-extrude. This may lead to different to

alternative valid sequences than the ground truth. On the other hand, using Top-1 sampling
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strategy results in sequences that are closer to the ones in the training dataset, leading to the
highest APCS result. However, an error in one token can have a drastic impact on the output
geometry. The hybrid sampling strategy therefore favors geometrically consistent solutions
over predicted sequences that follow the design patterns present in the training data. Using
the beam search strategy with a beam size of 10, in which the combined probabilities of all
the token is maximized, leads to improvements in the median CD demonstrating that the
geometry of the predicted CAD models is closer to the ground truth ones. However, this
method leads to a decrease in APCS metric as this approach leads to a deviation from the
ground truth design patterns. From Table 5.1, it appears that AR-CADNet provides the best
overall performance on all metrics on both DeepCAD and Fusion360 datasets when nucleus
and geometry guided searches are used with a sampling count of 10. Nevertheless, Fig 5.9(b)
clearly shows that the distribution of CD per model is more skewed towards lower CD values
when the geometry guided search is used, as this search takes into account the input shape
of the point cloud that needs to be reconstructed. Furthermore, as shown in Fig. 5.10(b), the
geometry guided search results in a faster convergence and therefore may require a smaller
amount of sampling to provide an appropriate prediction.

The non auto-regressive model, NAR-CADNet appears to have a much a lower perfor-
mance than its auto-regressive counter-part when Top-1 sampling is used. Nevertheless, the
non auto-regressive strategy contains several advantages that can be leveraged at inference
time. First of all, as it is a feed-forward model, the probability distributions for all the tokens
can be predicted through one forward pass. This results in a significantly faster inference and
allows for a larger sampling count (50 for nucleus and geometry guided searches) and the
possibility of applying more validity checks and geometrical constraints. As a result, from
Table 5.1 it can be observed that even using a naive sampling technique such as nucleus
sampling leads to a drastic improvement in geometric fidelity of the prediction as seen by the
six fold decrease in median chamfer distance. Furthermore, guiding the search using the
geometric prior of the input point cloud results in further improvements with a median chamfer
distance of the same order of magnitude as AR-CADNet on the DeepCAD dataset. This trend
can be clearly observed in Fig. 5.8(a). Unlike AR-CADNEet, the search strategies applied
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Figure 5.8: Cumulative frequency graphs of the Chamfer distance per model on the DeepCAD
dataset. The geometry guided search strategy that takes into account the geometry of the
input point cloud results in distributions that are skewed towards lower CD values.

on NAR-CADNet appear to provide a small improvement on the APCS metric. However,
as shown in Fig. 5.9, the distributions of the APCS per model between the three different
sampling strategies are quite similar and therefore the noted improvement in Table 5.1(a) is
relatively negligible.

In summary, our experiments demonstrate that advanced sampling strategies significantly
improve both models, with geometry-guided search providing the most substantial gains.
While AR-CADNet achieves higher geometric accuracy with appropriate search techniques,

NAR-CADNet offers advantages in inference speed and sampling capacity.

5.6.5 Results on the CC3D-Recondataset

The results on the CC3D-Recon are shown in Table 5.2. It can be observed that the dataset
offers a more challenging scenario. In particular, the invalidity ratio for both AR-CADNet and
NAR-CADNet using the top-1 sampling strategy becomes significantly larger (17% and 10%
respectively). This increase in invalidity ratio can be attributed to the noisy input point cloud

created by the scanning artifacts. Moreover, these high invalidity ratio makes the interpretation
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Figure 5.9: Cumulative frequency graphs of the APCS per model on the DeepCAD dataset.
The APCS metric measures how close the predicted CAD sequence is to the ground truth
one in terms of token type and value.

of the corresponding median chamfer distances less reliable as it can only be computed
on valid predictions. However, it can be observed that as in the DeepCAD and Fusion360
results, these shortcoming can be overcome using different sampling strategies on the output
probabilities distribution. Notably, it can be noted that the geometry guided search provides

the most substantial improvements for both the auto and non-auto-regressive methods.

5.6.6 Search Diversity

The effectiveness of the search strategies that generate multiple solutions (namely, nucleus
and geometry guided) can also be evaluated by quantifying the diversity in the predictions
made per input. The search strategy is considered effective if all the generated CAD
sequences are unique, that is, if the search space is widely explored. The results for diversity
(average ratio of unique predicted sequence per model) can be found in Table 5.3. While
both NAR-CADNet and AR-CADNet display a high level of diversity in the generated samples
across datasets and search methods, it is worth noting that the lowest diversity is achieved
on the DeepCAD dataset by NAR-CADNet. This observation can be attributed to the high
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Figure 5.10: Scatter plots showing the median CD reduction per for each extra sampled CAD
sequence.

confidence that the network displays when the testing data display patterns similar to the

training dataset.

5.6.7 AQualitative Analysis

Qualitative results presented in Fig. 5.11 provide some further insights in the predictions.

Both AR-CADNet and NAR-CADNet are able to predict correctly simple shapes such as
cuboids and cylinders. However, there might be different ways to construct a simple shape.
For example, the ground-truth CAD model from the top row of the DeepCAD dataset results
in Fig. 5.11 shows a shape that was constructed from a double-sided extrusion, resulting
in additional edges around the center of the shape. However, it can be observed that the
predictions from the different methods all recover the shape from a one-sided extrusion. The
ambiguity caused by different plausible sketch-extrude sequences resulting in the same 3D
shape cannot be resolved from the input point cloud.

Another limitation arising from the resolution provided by the input point clouds is the
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Figure 5.11: Qualitative results for the different search strategies for AR-CADNet and NAR-
CADNeton the DeepCAD, Fusion360 and CC3D-Recon datasets.
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CC3D-ReconDataset

Model Search Strategy APCSt Median CD| IR,
Top-1 0.605 6.03 17.2

NAR-CADNet | Nucleus 0.614 1.95 0.4
Geometry Guided | 0.612 0.88 0.6

Top-1 0.608 1.48 9.6

Hybrid 0.474 0.37 1.0

AR-CADNet | Nucleus 0.549 0.38 0.0
Beam 0.568 0.36 3.6

Geometry Guided | 0.559 0.35 0.0

Table 5.2: Quantitative comparison of different search strategies for CAD sequence inference
from point clouds on the CC3D-Recon dataset. The high median CDs from the Top-1 sampling
strategy for AR-CADNet and NAR-CADNet demonstrate the complexity of inferring CAD
sequences from 3D scan data. However, using a geometry guided search can significantly
improve results.

Diversityt
Model | Search Strategy | noohcAD  Fusion360 CC3D
Nucleus 0.961 0.983 0.985
NAR-CADNet | o ometry Guided |  0.933 0972 0972
Nucleus 0.871 0936  0.950
AR-CADNet | o ometry Guided | 0.829 0.997  0.993

Table 5.3: Comparison of the average ratio of unique sampled solution per input point cloud
(Diversity). A diversity of 1 implies that all sampled CAD sequences are unique for a given
input.

ability of the network to capture fine-grained details. This is examplified by the results on the
first row from the Fusion360 dataset results as none of the models are able to predict the
small sideway cylindrical hole.

The results on the CC3D-Recon dataset (bottom 3 rows of Fig. 5.11) reflect the high
invalidity ratio of AR-CADNet using the top-1 sampling strategy. From the first row of the
CC3D-Recon results, through AR-CADNet top-1, hybrid and beam searches the predictions
are identical in shapes. It is interesting to note that this shape corresponds to one that can
be found in the training dataset. Hence, AR-CADNet has a tendency to retrieve sequences
that it was exposed to during training. This observation can also be made from the top-1 and
hybrid results in the second row of the Fusion360. However, tendency of AR-CADNet to act

as a retrieval model can be mitigated through the geometry guided search.

124



Finally, when the ground-truth CAD model is composed of a large amount of small details,
both AR-CADNet and NAR-CADNEet tend to predict shapes that are unreasonably complex
(last row of Fusion360 dataset results) or overly simplistic (last row of CC3D-Recondataset
results).

As a conclusion, it can be noted that using the geometry guided search can help overcome
some of the shortcomings of the networks and improve the quality of the predicted shape.

Nevertheless, both models can struggle when the ground-truth shape contains small details.

5.7 Conclusion and Future Work

In this chapter, we advanced our approach to CAD reverse engineering by exploring how
inference search strategies can significantly improve the performance of both auto-regressive
and non-auto-regressive models for CAD sequence prediction from point clouds. Building
upon the single-solution methods presented in previous chapters, we demonstrated that
strategic inference approaches can substantially enhance reconstruction quality beyond
what architecture improvements alone can provide, directly addressing the challenges of
recovering design intent and handling scanning artifacts outlined in Section 1.2.

Our comprehensive evaluation across DeepCAD, Fusion360, and our newly introduced
CC3D-Recon dataset yielded three key findings that advance the state of CAD reverse engi-
neering: (1) Geometric priors derived from input point clouds can effectively guide the search
process to generate more accurate and valid CAD models, thereby addressing the scan-
ning imperfections challenge; (2) Auto-regressive and non-auto-regressive approaches offer
complementary strengths that can be leveraged through appropriate sampling strategies—AR-
CADNet provides superior geometric accuracy when coupled with geometry-guided search,
while NAR-CADNet enables faster inference with comparable results; (3) Search diversity is
crucial for overcoming the inherent ambiguity in reverse engineering, enabling the exploration
of multiple plausible design paths in a manner that more closely resembles expert human
designers.

The CC3D-Recon dataset introduced in this work addresses the data challenge identified
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in Section 1.2 by providing realistic scan data paired with ground truth CAD sequences,
enabling more robust evaluation under real-world conditions. Our results on this dataset
highlight both the increased difficulties posed by scan artifacts and the effectiveness of our
proposed search strategies in mitigating these challenges.

While this chapter has demonstrated significant improvements in CAD sequence inference
through geometry-guided search, several limitations remain. The current approach still
struggles with very complex geometries containing numerous small features. Addressing
this limitation, the next chapter will explore a fundamentally different approach that directly
generates executable CAD code from point clouds, further advancing our goal of practical,
industry-applicable reverse engineering solutions.

Future research directions could include incorporating user feedback into the search
process to enable interactive refinement; developing adaptive sampling strategies that adjust
based on model confidence and input complexity; and exploring the integration of these search
strategies with more advanced neural architectures. As we have shown throughout this thesis,
advancing CAD reverse engineering requires progress not only in model architectures but
also in the inference strategies and evaluation methodologies that enable practical application

in real-world industrial contexts.
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Chapter 6

CAD-Recode: Reverse Engineering
CAD Code from Point Clouds

In this chapter, we introduce CAD-Recode, a novel Large Language Model (LLM) based
approach for CAD reverse engineering that directly generates executable Python code from
point clouds. While previous chapters have progressively tackled different aspects of the
reverse engineering pipeline—from recovering construction history in B-Reps to inferring
parametric sketch-extrude sequences from point clouds with geometry-guided search—this
work represents a paradigm shift that addresses all four fundamental challenges outlined
in Section 1.2. By leveraging the code understanding capabilities of pre-trained LLMs
combined with a lightweight point cloud projector, CAD-Recode generates code that can
be immediately executed in standard CAD environments, eliminating the representation
gap identified in Section 1.2 that has hindered practical industrial adoption. Furthermore,
we address the data challenge through a procedurally generated dataset of one million
diverse CAD sequences, providing precise control over both the quantity and quality of
training examples. This approach not only overcomes the scanning artifacts challenge
through improved reconstruction accuracy but also enhances the recovery of design intent by
generating code that captures the parametric nature of CAD models in a human-readable

format. The resulting system marks a significant advancement toward practical, industrial-
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grade CAD reverse engineering, bringing us closer to the objective of fully automated

translation from 3D scans to editable CAD models.

6.1 Introduction

As established throughout this thesis, Computer-Aided Design (CAD) modeling serves as
the foundational methodology for designing manufactured objects across industries, from
furniture to complex mechanical components [144, 145]. The previous chapters have ad-
dressed various aspects of CAD reverse engineering, progressively tackling the challenges
identified in Chapter 1. Despite these advances, a fundamental limitation remains: creating
a comprehensive 3D CAD model continues to be a time-consuming process requiring spe-
cialized expertise, as the model must not only capture the object’s geometric shape but also
preserve its functional requirements—the design intent we discussed in Section 1.2 [146,
147]. While our previous approaches have made significant progress in recovering con-
struction history and generating parametric CAD sequences from point clouds, they still
require post-processing to integrate with standard CAD environments. This chapter presents
a solution that directly addresses this integration challenge by generating executable Python
code from 3D scanned objects, thereby offering a more complete pathway to automated CAD
creation that can be immediately utilized in industrial workflows [10].

Automated 3D CAD reverse engineering has a long history in the fields of computer
vision and graphics [129, 130], with goals evolving alongside advancements in the field.
These objectives have progressed from identifying CAD parts in 3D point clouds [129] to
predicting the sequence of steps a designer may take to recreate a 3D scanned object in CAD
software [122, 39]. This latter goal is particularly appealing, as it aims not only to produce a
final CAD parametric model but also to capture the design steps behind it, enabling further
editing within CAD software [23, 39]. In CAD software, designers typically construct their CAD
model as feature-based design sequences, where a sequence of 2D sketches is transformed
into 3D objects via operations such as extrusion and revolution [74, 27]. Following the release

of large CAD datasets [28, 27, 41], recent works have focused on learning feature-based CAD
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sequences from input point clouds, specifically as sketfch-extrude sequences [26, 23, 25, 24,
102, 39, 37]. As depicted in Figure 6.1(a), although varying in methodology, these approaches
share a common pipeline: (1) crafting a CAD sketch-extrude sequence representation, (2)
converting raw CAD data [28, 27] into this format, and (3) training dedicated neural networks

to output these representations from input point clouds.

Point cloud CAD model
CAD Reverse Engineering : :

(a) Existing approaches

O Hand-crafted Caachscificldecoder l Method-specific
dataset V/Point e encoder\‘ @ representation

(b) CAD-Recode, ours

LLM
Be oot L% A bynon oo
==¢ [Projector |

Figure 6.1: 3D CAD reverse engineering is a process of converting a point cloud into a CAD
model (top). Existing methods are constrained by the use of method-specific CAD represen-
tations and limited hand-crafted training datasets (a). On the contrary, CAD-Recode employs
a pre-trained LLM with a lightweight projector that translates point clouds into executable
Python code and is trained on a procedurally generated dataset (b).

Despite recent advances in feature-based CAD reverse engineering, key limitations
constrain the broader applicability of existing approaches. Firstly, existing methods often
use customized CAD representations, such as custom CAD languages [26, 39, 37, 122] or
simplified extrusion shapes [25, 24, 23], to facilitate model training. These representations
are difficult to interpret, require post-processing to be compatible with CAD tools, and restrict
design capabilities to basic operations. Secondly, these approaches typically rely on designing
networks that output language-like CAD representations [39, 37] and training them from
scratch. This requires the networks to learn not only the geometry of the point clouds, but

also the syntax of the CAD sequence representation.
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In this paper, we pose the following question: In view of the recent breakthrough perfor-
mance of Large Language Models (LLMs), how can their advanced language understanding
be leveraged for CAD reverse engineering?

To address this question, we base our approach on three key observations: (1) LLMs
can generate valid Python code [148, 149], (2) modern CAD software increasingly supports
modeling through Python scripting [150], and (3) recent efforts have shown that LLMs can
be fine-tuned to process point clouds [151, 152]. As shown in Figure 6.1(b), we propose
CAD-Recode, a solution for CAD reverse engineering by fine-tuning an LLM to map input
point clouds into CAD sketch-extrude sequences represented as Python code. In particular,
instead of crafting a CAD representation, we base our representation on the existing Python
CadQuery library [150]. This code-based representation is not only interpretable but also
inherently allows for incorporating modular CAD features and design practices such as
reusing design elements and abstracting low-level design steps (e.g. 3D box to represent a
four-line sketch of a square and its extrusion). To learn the mapping between point clouds
and CAD Python code, we fine-tune a pre-trained LLM, Qwen2-1.5B [148], augmented with
a lightweight, trainable point cloud projector. To train CAD-Recode, a potential approach
could be using existing sketch-extrude datasets [26, 27] and converting them to Python
CadQuery code. However, these datasets are limited in size and design features included
due to the efforts required to convert their original proprietary representation into one that is
suitable for learning. As a solution, we propose a procedurally generated training dataset
composed of one million CAD sketch-extrude sequences as Python CadQuery code. This
dataset consists of CadQuery Python scripts generated following predefined heuristics
with randomized parameter selection. The execution of each generated script results in a
parametric CAD model. Unlike existing CAD datasets, this procedurally generated dataset
provides an alternative for learning the mapping between point clouds and CAD sketch-
extrude sequences in Python code, with full control over the design features, patterns and

dataset size included during training. Our contributions can be summarized to:

« A CAD sketch-extrude sequence representation in Python code using CadQuery [150]

for CAD reverse engineering.

130



* CAD-Recode, the first LLM-based CAD reverse engineering model designed to predict
CAD Python code from point clouds. The model, consisting of a pre-trained LLM and a
point cloud projector is trained end-to-end to generate code that reconstructs the input

geometry.

+ A one million procedurally generated training dataset of CAD sketch-extrude sequences
as CadQuery Python code. This provides precise control over dataset size, features,
and design patterns included during training, resulting in significant performance im-

provement. We will make this dataset publicly accessible.

« Extensive experiments on three publicly available datasets show that CAD-Recode achieves
substantial improvements over state-of-the-art methods in CAD reverse engineering.
Moreover, we show that CAD-Recode, when operating on point clouds and generat-
ing CAD code, can be integrated with an off-the-shelf LLM to perform CAD Question
Answering (CAD-QA) and CAD editing from point clouds.

The rest of this chapter is organized as follows. Section 6.2 reviews related works. Sec-
tion 6.3 introduces the CAD code representation and the proposed dataset. CAD-Recode is
formulated and described in Section 6.4. Experiments are presented in Section 6.5. Finally,

conclusions and future works are given in Section 6.6.

6.2 Related Works

LLM, Point Cloud and CAD: Recent works have explored integrating point clouds with LLMs
for various tasks, including 3D generation [153, 154], captioning [155, 151, 156], and question
answering [157, 158]. These approaches typically employ complex point cloud encoders,
either aligning with CLIP embeddings [152, 159, 160, 161, 162] or directly with LLM feature
spaces [151]. Such methods require two-stage training: first pre-training the point cloud
encoder, then fine-tuning with the LLM through instruction-based prompts.

In parallel, recent works have started exploring LLMs’ capabilities in a range of CAD-

related tasks. ReparamCAD [163] infers shape variations from parametric models and
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text descriptions, while CADTalk [164] generates semantic descriptions of CAD parts. The
works in [165, 166] focus on the generation of CAD models from text using LLMs, and SGP-
Benchmark [167] evaluates LLMs’ understanding of CAD sketch-extrude sequences using
CAD-specific question answering. While Img2CAD [168] attempts CAD reverse engineering
from images using GPT-4V [149], it still requires a separate transformer for parameter
inference. In contrast, CAD—-Recode introduces the first approach for point cloud to CAD
reconstruction combining point clouds with the sequence modeling capabilities of pre-trained
LLMs.

CAD Reverse Engineering from Point Cloud: CAD reverse engineering aims to reconstruct
parametric CAD models from 3D shapes (e.g., meshes or point clouds) in a compatible
representation with CAD software. A key challenge lies in the choice of this representation.
A line of works attempts to address sub-problems of the CAD reverse engineering task by
focusing on parameter estimation for edges and surface primitives [16, 117, 18, 17, 20, 96,
22, 29] or reconstructing B-Rep construction history [27, 13, 38, 74]. In order to obtain a
representation that is closer to CAD modelling, several methods [136, 137, 119, 101, 120] use
Constructive Solid Geometry (CSG), representing models as compositions of 3D primitives
and Boolean operations. While this enables reconstruction, the CSG representation diverges
from modern CAD workflows [74].

Recent works have adopted the more CAD-aligned sketch-extrude representation, intro-
duced by DeepCAD [26] for CAD generation [100, 36] or predicting extrusion cylinder [23,
25]. Considering the sequential nature of sketch-extrude operations, methods have explored
a template-based approach [121] given a rounded voxel input representation. Further-
more, transformer architectures have been investigated for both autoregressive [39] and
non-autoregressive [26, 37] prediction of sketch-extrude sequences from point clouds. The
work in [122] combines a lightweight pre-trained language model [169] with a point cloud
encoder using a diffusion-based approach. Alternative methods using self-supervised [24] or
unsupervised [136] learning still face integration challenges due to their non-standard sketch
representations (e.g., signed distance functions). In contrast to these approaches that require

full parameter learning of specialized networks for both CAD geometry and representation
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syntax, we leverage pre-trained LLMs that have been exposed to programming patterns
through large-scale training on code repositories. Our method outputs Python code using the
CadQuery library [150] that is directly executable and can easily be interpreted. Additionally,
we address the data limitation through automated generation of a large-scale training dataset,

enabling full control over design features included during training.

6.3 CAD Representation as Code

Sketch 1 — Extrude 1 — Sketch 2 — Extrude 2

(a) Sketch-Extrude sequence

SOL Line -50 -50 Line 50 50 Line 50 -50 Line -25
-50 Ext. 0 0 1 0 0 0 14 0 NewBody SOL Circle 0 O 40
SOL Circle 0 0 30 Ext. 0 0 1 0 O 0 =10 O Union

(b) DeepCAD representation

import cadgquery as cqg

w = cq.Workplane ('XY")

w.box (100,100,14) .union(
w.sketch () .circle (40) .circle (30, mode="s")
.finalize ().extrude (-10))

(c) Our CadQuery representation

Figure 6.2: Sketch-extrude sequence (top) in DeepCAD representation (middle) and our
CadQuery code (bottom).

Modern feature-based CAD modeling relies on sequences of 2D sketches and operations
to create 3D models. Designers first draw geometric primitives (lines, arcs, circles) on a
selected plane, then apply operations like extrusion or revolution to generate 3D geometry [74].
As depicted in Figure 6.2(a), we focus on sketch-extrusion sequences, a fundamental CAD
modeling pattern widely adopted in previous works [26, 36, 39]. Below, we present our
CAD representation, highlighting its advantages over existing language-like encodings, and

describe our procedurally generated training data.
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6.3.1 CadQuery Code

Recent approaches in CAD language modeling [26, 36, 102, 39, 37] encode sketch-extrude
sequences as numerical vectors representing features and their parameters as shown
in Figure 6.2(b). However, this representation constrains the modeling to specific CAD
practices, lacks interpretability, and requires post-processing for CAD kernel compatibility.
We propose using CadQuery [150] Python code to represent sketch-extrude sequences for

CAD reverse engineering, offering the following advantages:

Modularity of CAD Features and Design Practices: Existing language-based CAD reverse
engineering methods rely on custom representations of low-level geometric features (lines,
arcs, circles) for sketch construction [26, 52]. This approach inherently limits the range of
implementable features and design practices. In contrast, CadQuery provides comprehensive
built-in CAD functionality, encompassing both low-level features and higher-level geometries
like cylinders and boxes as shown in Figure 6.2(c). Furthermore, its programmatic nature
enables variable reuse and code modularity. This allows reusing common design features or
practices across models, as illustrated by the shared center coordinates across two circles
in Figure 6.2 (c). This representation naturally accommodates diverse CAD features and

design practices without requiring complex custom encodings or post-processing steps.

Interpretability and LLM Compatibility: The proposed representation, based on Python
and CadQuery syntax, presents an alternative to abstract numerical encodings with improved
interpretability. Its code-based format facilitates model editing both programmatically and
through CAD software. Importantly, this representation aligns with pre-trained LLMs’ demon-
strated proficiency in Python code generation and manipulation. Indeed, state-of-the-art
proprietary LLMs like GPT-4 [149] achieve over 90% accuracy on the Python code HumanEval
benchmark [170], while even lightweight open-source models such as Qwen2-1.5B [148]
show promising code generation capabilities. Hence, this code representation facilitates
fine-tuning of pre-trained LLMs for the specific task of reverse engineering point clouds into

CAD Python code and opens the doors for new capabilities with off-the-shelf LLMs.
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6.3.2 Procedurally Generated Training Dataset

Figure 6.3: Examples of procedurally generated CAD models.

The training of current CAD sketch-extrude reverse engineering methods [26, 102, 39,
37, 122] predominantly rely on datasets collected from CAD model repositories [28, 41, 27].
Considerable efforts are required to parse the CAD models from their original proprietary
representations to a suitable one for deep learning [26, 27]. As a result, existing datasets are
restricted not only in scale, but also in control over the design features and patterns included
in training.

To address these limitations, we propose to procedurally generate a training dataset
of one million CAD models in the form of sketch-extrude sequences written in Python
CadQuery [150] code. Our proposed pipeline randomly generates sketch and CAD operation
parameters guided by topological and geometrical heuristics to ensure control over the
amount of generated models and the features in the generated codes. The algorithm outlining
the steps of this generation pipeline is provided in the Appendix C.

In Figure 6.4, it can be observed that the distribution of CAD models in our training dataset
is skewed towards models with larger face and edge count per model with wider interquartile
ranges compared to the DeepCAD dataset [26]. As a result, our procedurally generated
dataset provides a larger variety of models.

The modularity of CAD features is incorporated by utilizing both low-level primitives (i.e.
circles, lines, and arcs) and their abstractions (i.e. boxes, cylinders, and rectangles) as well

as reusing design elements within the generated sequences. In this work, we focus on some
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Dataset Dataset

Deepcan| [} Deepcap| [T}t
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Number of faces per model Number of edges per model

(a) Box-plot graph of the distribution of the num-  (b) Box-plot graph of the distribution of the num-
ber of faces per model. ber of edges per model.

Figure 6.4: Our 1M procedurally generated training dataset displays distributions CAD
models that are skewed towards models with larger edge and face count per model than the
DeepCAD dataset (160 k models).

aspects of modularity (i.e., reusing point coordinates, extrusion planes, and abstracting basic
shapes such as boxes and cylinders). Further modularity features (e.g., reusing functions
corresponding to arbitrary CAD parts, additional CAD operations) can also be integrated in
the future. Note that although our generated dataset does not include sequences from human-

designed CAD models, it offers significant control over the features and design patterns to

which the network is exposed during training. Examples of generated CAD models are shown

in Figure 6.3.
P:TTClo'Jd import ... finalize().extrude(15)<e> — P
Python
Large Language Model interpreter

ODOOOD (@)
@ [ Linear Layer ] Tokenizer

<s> import cadquery ... extrude(15)

L)
CAD model

Figure 6.5: Overview of cAD-Recode. The pipeline comprises two parts: (1) a point cloud
projector (marked blue) (2) a fine-tuned pre-trained LLM (yellow). An input point cloud is
processed using (1), and outputs are then passed to an LLM (2), which predicts a CAD
sketch-extrude sequence in the form of executable Python code.

6.4 CAD-Recode

Building on the introduced CAD code representation and generated training dataset outlined in
the previous section, this section introduces CAD-Recode, our proposed model for predicting

CAD sketch-extrude sequences as code from input 3D point clouds. We formalize the problem
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of CAD code prediction, describe the architecture of CAD-Recode, and detail its training and

inference processes.

6.4.1 Problem Statement

Let us denote the set of all possible code strings as X*, where each code string is composed
of elements from the finite set of alphanumeric characters and operators in the programming
language X. Let ¢gyn : £* — {True,False} represent the syntactic validation function for
Python programming rules (e.g., variable declarations, expression syntax, and statement
structure), and ¢¢qq : ©* — {True,False} denote the validation function for CAD-specific
rules. The latter includes the syntactic validity of the code w.r.t. to the CAD library, i.e.
CadQuery [150], and the geometric validity of the reconstructed model from the code (e.g.,
an extrusion can only be applied on a closed loop of 2D primitives, a circle radius cannot be
negative). An executable valid CAD code can be formally described by a code string C € C,

where

C={we X" | dsyn(w) A dead(w)}, (6.1)

represents the set of all valid CAD codes. This formulation ensures that any code string w in
C satisfies both the syntactic requirements of Python (¢syn) and the CAD code validation rules
(Pcaq)- Let X = {p;}", € R™*3 denote an input point cloud, where each point p; € R?

represents 3D Cartesian coordinates. The objective of CAD-Recode is to learn a mapping

v:RY?
(6.2)

C=u(x),
that maps the input point cloud to a valid CAD code C € C such that the code, when executed,
produces a CAD model geometrically approximating the input point cloud X. Note that the
CAD code execution results in a Boundary-Representation (B-Rep) [13]. Unlike meshes or
point clouds, B-Rep is a parametric representation of the CAD model’'s geometry, enabling
seamless integration into modern CAD software and allowing for further modifications. The

goal of cAD-Recode is to infer the CAD code describing the design steps of the CAD model,
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Train Dataset DeepCAD Test Set Fusion360 Test Set

Method Name  Size MeanCD] Med.CD] loUt IR| MeanCD] Med.CD, loUt IR]
DeepCAD [26] DeepCAD 160k  42.5 964 467 7.1 330 89.2 399 252
PrismCAD [121] DeepCAD 127k - 4.28 72.1  16.2 - 4.75 65.3 18.0
Point2Cyl [23] DeepCAD 35k - 427 738 3.9 - 418 675 32
HNC-CAD [100]  DeepCAD 125k - 864 653 56 - 368 635 7.3
MultiCAD [102] DeepCAD 160k - 8.09 - 115 - 42.2 - 165
TransCAD [37] DeepCAD 140k 32.3 4.51 65.5 1.1 78.6 33.4 60.2 24
CAD-Diffuser [122] DeepCAD 160k - 302 743 15 - 385 632 1.7
CAD-SIGNet[39] DeepCAD 160k  3.43 028 776 09 7.37 048 656 1.6
CAD-Recode DeepCAD 160k  1.98 027 807 0.0 3.37 052 676 0.1
CAD-Recode Ours 1M 0.30 016 920 04  0.35 015 878 05

Table 6.1: Comparison of CAD reverse engineering methods on DeepCAD and Fusion360
datasets. Our CAD-Recode trained on the 160 k DeepCAD dataset demonstrates an improve-
ment over existing state-of-the-art methods both in terms of geometric fidelity and validity of
the generated sketch-extrude sequences. Our procedurally generated dataset provides a
significant boost in the prediction quality.

that when executed results in a B-Rep.

6.4.2 Proposed Model Architecture

CAD-Recode builds on pre-trained LLMs and their prior exposure to Python code, augmenting
these with point cloud processing capabilities and CAD-specific Python code knowledge.
As shown in Figure 6.5, its architecture consists of two components: (1) a point cloud
projector mapping the 3D point cloud into learnable tokens, and (2) a pre-trained LLM-based

auto-regressive CAD code decoder.

Point Cloud Projection Module: cAD-Recode introduces a lightweight projection module
¥, that directly maps a dense point cloud X € R™"*%, where d, = 3 corresponds to the
dimension of point coordinates, into a sequence of n, < n query tokens Q, = [q;, o qpt] €
R4, of embedding dimension d,. The point cloud projector, trained in an end-to-end
manner with the CAD code decoder module, consists of three simple components: (1)
furthest point sampling to downsample the input point clouds to n,, points, (2) Fourier positional
encoding [153] of coordinates, and (3) a linear layer projecting the encoded coordinatesinto

Qp.

LLM as CAD Code Decoder: Our CAD code decoder, denoted as ¥\, adapts a pre-

138



trained LLM for the specific task of CAD code generation. We leverage the Qwen2-1.5B
model [148] as our LLM backbone, chosen for its balanced trade-off between model capacity
and computational requirements. The decoder’s input consists of point query tokens Q,, from
the point cloud projector, augmented with n, code tokens Q, € R™*% obtained by tokenizing
the input code as in [148]. The complete input sequence is denoted as [Q,; Q;] € R(m»F7:)xda,
where semicolon indicates concatenation along the sequence dimension. The LLM decoder
generates the CAD code sequence through next-token prediction. As in [148], each predicted
token is mapped to a symbol from the vocabulary X, which includes alphanumeric characters

and operators.

Overall, caD-Recode repurposes the LLM’s sequence modeling capabilities for the special-

ized task of translating geometric point clouds into executable CAD code.

6.4.3 Training and Inference Details

Training Strategy: Our training process consists of a single stage. The model operates
on query tokens of dimension d, = 1536 and processes input point clouds downsampled to
n, = 256 points. Gaussian noise with mean zero and standard deviation of 0.01 is added to
the coordinates of the input points with a probability of 0.5 per model. The network is trained
on the procedurally generated CAD codes, hence exposed to the CAD features and design
practices that were included in the algorithm. The training objective minimizes the Negative
Log-Likelihood (NLL) of the target CAD code sequence, using special tokens (<s> and <e>)
to demarcate sequence boundaries. The point cloud projector ¥, learns geometric features

from scratch, while the pre-trained decoder ¥\ is fine-tuned for CAD code generation.

Inference Strategy: At inference time, the point cloud projector ¥,, processes the input
point cloud X to generate query tokens Q,,, which are then fed to the decoder along with the
start token <s>. The model autoregressively generates CAD code tokens until producing a
complete code sequence C ending with token <e>. Following [39], we employ a test-time
sampling approach where we generate ten distinct CAD code candidates, each from a

different sampling of the input point cloud. For each candidate, we sample points from the
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predicted CAD model and compute the Chamfer distance w.r.t. the input point cloud. The
candidate with the minimum Chamfer distance is selected as the final output. This verification
step effectively favors executable CAD code solutions that are geometrically consistent w.r.t.

the input point cloud.

6.5 Experiments

In order to validate the effectiveness of cAD-Recode, we conduct a series of experiments
across two different scenarios. The first scenario focuses on the reverse engineering task,
where the goal is to reconstruct a CAD sketch-extrude sequence in Python code from a given
input point cloud. The second assesses the interpretability and editibility of the generated
CAD code with a proprietary LLM [149].

6.5.1 Reverse Engineering

Experimental Setup: The CAD-Recode implementation uses Qwen2-1.5B as the LLM
decoder. The training configuration employs the AdamW optimizer with a learning rate of
0.0002 and weight decay of 0.01, while maintaining other parameters at their default values
from the HuggingFace implementation [171], including the cosine learning rate scheduler.
The training process is conducted for 100k iterations, incorporating an initial warmup period
of 1k iterations. Using a single NVIDIA H100 GPU with a batch size of 18, the complete
training process takes approximately 12 hours.

CAD-Recode is evaluated on three test datasets: DeepCAD [26] (8046 models), Fu-
sion360 [27] (1725 models), and the real-world CC3D [118] (2973 models). The point clouds
are obtained by sampling points on the meshes for DeepCAD and Fusion360. The CC3D
dataset provides a real-world scenario with input point clouds sampled from actual 3D scans

of CAD models containing surface noise, smoothed edges and missing parts.

Metrics: To evaluate the quality of the predicted CAD sketch-extrude sequences, we use

three metrics: Chamfer Distance (CD) [39], Intersection over Union (loU) [122], and Invalidity
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DeepCAD Dataset Fusion360 Dataset Real-world CC3D Dataset
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Figure 6.6: Qualitative results on the DeepCAD, Fusion360, and CC3D datasets. For each
input point cloud (first row), we compare CAD models produced by CAD-SIGNet (second)
and our CAD-Recode trained on our dataset (third) with a ground truth CAD model (bottom
row). While CAD-SIGNet often fails to restore the general shape, CAD-Recode outputs only
slightly deviate from ground truth in most cases.

Ratio (IR) [26]. We report both mean and median CD values computed using 8192 points to
assess geometric accuracy. Reported CD values have been multiplied by 103. The loU is
computed from the resulting CAD model meshes and expressed as a percentage. The IR

indicates the percentage of generated sequences that fail to produce a valid CAD model.

Results & Analysis: Table 6.1 presents results on the test sets of DeepCAD and Fusion360
datasets, where CAD-Recode establishes new state-of-the-art performance across all metrics.
Note that the results of state-of-the-art methods in Table 6.1 are borrowed from [122], except
for CAD-SIGNet [39], MultiCAD [102], TransCAD [37], and DeepCAD [26] which were taken
from [39] and [37]. First, we convert the DeepCAD dataset (160 k models) to CadQuery
Python code and use it to train CAD-Recode (results are in row before last of Table 6.1).
When trained on DeepCAD dataset as existing methods, CAD-Recode outperforms them
in almost all metrics. These results showcase the effectiveness of CAD-Recode and the
proposed CAD code representation.

Training on 1 M generated samples results in substantial improvements in CD and loU
metrics while maintaining a negligibly low invalidity ratio (last row of Table 6.1), reflecting sig-
nificantly better geometric fidelity in the predicted CAD models. CAD-Recode demonstrates

a ten-fold improvement in mean CD and an increase of loU by over 10% on both DeepCAD
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Method Mean CD| Med. CDJ| loU?T IR|

DeepCAD [26] - 263 - 127
CAD-SIGNet [39] 14.82 2.90 42.6 2.5
CAD-Recode 0.76 0.31 74.2 0.3

Table 6.2: Results on the CC3D dataset, where input point clouds are sampled from real 3D
scans. CAD-Recode significantly outperforms DeepCAD, and CAD-SIGNet.

and Fusion360 datasets compared to the existing best methods. These results confirm that
our large-scale procedurally generated training dataset provides substantial benefits.

As illustrated in Figure 6.6, this translates to consistent reconstruction quality, where

CAD-Recode reliably produces CAD models that accurately capture the geometry from the
input point cloud. In contrast, CAD-SIGNet [39] can generate shapes that deviate significantly
from the target geometry, further highlighting the advantages of our approach.
Real-world Scenario: In Table 6.2, we evaluate CAD-Recode on the real-world CC3D
dataset, where input point clouds are sampled from 3D scans and contain artifacts such as
surface noise, smooth edges, and missing parts. Even under these challenging conditions,
our method achieves significant improvements over CAD-SIGNet [39], with a 89% lower
median CD and a 30% higher loU, while maintaining a low IR. From the CC3D qualitative
results in Figure 6.6, CAD-Recode is able to recover geometries that are much closer to the
ground truth than current state-of-the-art. However, it can be observed that CAD-Recode still
lacks the expressiveness to model complex shapes that contain operations beyond the
extrusion operation such as revolution and fillet. This can be attributed to the choice of
features and design practices in the procedurally generated training dataset. Nevertheless,
we believe that this can be addressed in future works by incorporating further features in the
dataset generation procedure. Our results on CC3D are compared with methods previously
reported for this dataset [39], namely CAD-SIGNet and DeepCAD.

Invalid Predictions: The invalidity rate of CAD-Recode predictions is very low, below 1% on
the DeepCAD [26], Fusion360 [27] and real-world CC3D [118] dataset. Some examples of
invalid code predictions are presented in Figure 6.7. Invalid predictions happen when the CAD

model contains features of dimension smaller than the resolution induced by quantization
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Train Dataset Test-time DeepCAD Fusion360 Real-World CC3D
Name Size Sampling CD| IloUt IR] CD| IoUt IRl CD] IoUt IR|

Previous best [39] DeepCAD 160k v 343 776 09 737 656 1.6 1480 426 4.4
CAD-Recode DeepCAD 160k v 1.98 80.7 0.0 337 676 01 379 564 0.0
CAD-Recode Ours 160k v 054 883 03 066 820 0.1 127 69.0 0.2
CAD-Recode Qurs 1M v 0.30 920 04 035 878 05 076 742 0.3
X
X

Method

Previous best [39] DeepCAD 160k 6.81 773 44 145 584 93 3259 391 155
CAD-Recode Ours 1M 075 893 49 089 842 87 3.05 656 16.8

Table 6.3: Ablation of training data and test-time sampling. The results demonstrate the
advantage of training on our procedurally generated data, while the test-time sampling helps
reducing the invalidity ratio. CD stands for mean Chamfer distance.

(Figure 6.7(a) and (b)) or when the ground truth CAD model contains features, such as

revolution or B-spline, that are not present in the training dataset (Figure 6.7(c) and (d))).

Ablation Study: To evaluate the different components of CAD-Recode, we conduct a
comprehensive ablation study on the amount of training data, test-time sampling, and the
number of input points and model parameters.

Training CAD-Recode on 160k procedurally generated samples using the method de-
scribed in Section 6.3.2 leads to significant improvements in geometric fidelity of the predicted
samples over training on the DeepCAD dataset with the same amount of data (see row
2 and 3 of Table 6.3). Furthermore, scaling our training dataset to 1 M samples provides
further improvements across all datasets (row 4 of Table 6.3). As compared to DeepCAD
training dataset, our procedural dataset generation provides a better way of learning the
mapping between point clouds and CAD codes which can be further improved by scaling up
the dataset size.

We investigate the effectiveness of the test-time sampling approach that generates
multiple CAD code predictions through different point cloud samplings, as described in Sec-
tion 6.4.3. As shown in the third and last row of Table 6.3, the test-time sampling approach
mainly helps reducing the ratio of invalid predicted CAD codes (IR). For comparison, CAD-
SIGNet [39] employs a probability-based sampling. Yet, even without test-time sampling our
method still performs better on the reconstruction metrics than CAD-SIGNet [39].

Results in Table 6.4 show the architecture ablation results on all metrics. Results show
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import cadquery as cq

N w0 = cqg.Workplane('XY', origin=(0, 0, 0)

ﬁ wl = cqg.Workplane('YZ', origin=(0, 0, 0))

( ) r = wO.workplane (offset=0 / 2).cylinder( 0, 98)

.union (wl.workplane (offset=0 / 2).cylinder( 0, 100))
(a) The ground truth model contains three very thin cylinders with height smaller than 1. As a result,

CAD-Recode is not able to predict heights with sufficient precision due to quantization and predicts
cylinders with height 0, producing an invalid model.

import cadquery as cq
v w0 = cqg.Workplane ('XY', origin=(0, 0, 0))
QQ r = wO.sketch () .rect (200, 124) .push([(-63

5 25)1) .rect (51, 60, mode='s")
.push ([ (55, -25)1).rect (50, 60, mode='s').finalize () .extrude (0)

(b) As the ground-truth model has thickness less than 1, CAD-Recode predicts an extrusion distance
of 0 as a quantized approximation (highlighted in yellow), resulting in an invalid CAD model.

import cadquery as cq
w0 = cqg.Workplane('YZ', origin=(34, 0, 0O
wl = cqg.Workplane ('XY', origin=(0, 0, 44))
r = wO.sketch() .segment ((-7, -35), (11, -36)).segment ((11, -24)).arc((l,
— 4),

(6, —2)).segment ((-1, 19)).segment((l1l, 23)).segment ((11, 28))
- .segment ((11, 29)).segment ((12, 29)).segment ((1l2, 35))

.segment ( (-4, 36)).close() .assemble().finalize () .extrude(-133)

( .

.union(w0.sketch () .segment ((5, -7), (14, -2)).segment((8, 8)).arc((7, 0),
(5, -7)).assemble().finalize () .extrude (63))

.union (wl.sketch() .arc((-100, 2), (=85, 10), (=70, 5)).arc((-68, 6),
(=66, 5)).arc((-59, 4), (-52, 2)). arc((-51, 3), (=50, 4)) .arc((-72, 1),
(=90, 12)).close().assemble().finalize () .extrude (-88))

(c) The ground-truth CAD model is created with B-spline primitives. Since CAD-Recode supports only
arc, circle and line primitives, it tries to approximate the solution with multiple arcs, but fails to provide
a valid CAD model. In particular, the prediction contains an arc constructed from three co-linear points
(highlighted in yellow), which raises an error in CadQuery.

import cadquery as cq

w0 = cg.Workplane('XY', origin=(0, O,

r = wO.sketch () .segment ((-100, -1),
.segment ( (100, -1)).segment ((100,

-79))
-91, -1)).arc((0, -93),
L)) .segment ((91, 1)).a
(=91, 1)) .segment ((-100, 1)) .close().assemble().push([ (0
j .circle (90, mode='s').finalize () .extrude (-2)
./ .union (w0.workplane (offset=140 / 2).cylinder (140, 72))
.union( wO0.sketch() .segment ( (=51, 15), (=50, 15)).arc((0, -53), (50, 15))
.segment ( (51, 15)) .segment ((51, 27)).segment ((48, 27)).arc((0,
-53),
(=48, 27)) .segment ((-51,
«— 27)).close() .assemble () .finalize () .extrude (159))

(d) The ground-truth CAD model is created with a revolution operation. Since CAD-Recode supports
only extrusion operation, it tries to approximate the solution with multiple arcs. However, one of the
sketch (highlighted in yellow) results in a self-intersecting loop, which is not a valid face.

Figure 6.7: Examples of invalid predictions. Each row contains the ground-truth CAD model
(left) and an invalid predicted CadQuery Python code (right). The CAD models in (a) and (b)
are taken from the DeepCAD dataset and the CC3D dataset for (c) and (d). Invalid predictions
mostly take place when the ground-truth contains features of very small dimension with
respect to the size of the CAD model as in (a) and (b), or when the ground-truth model
contains operations other than the ones supported as in (c) and (d).
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Model DeepCAD Fusion360 CC3D

Points g6 MeanCD| Med. CD, loUt IR, MeanCD| Med.CD| loUt IRl MeanCD| Med. CD| loUt IR|
64 0.5B 0.42 0.20 88.5 0.1 0.58 0.22 82.1 0.1 0.87 0.45 70.1 0.1

1.5B 0.36 0.19 89.3 0.0 0.43 0.20 83.7 0.1 0.83 0.42 71.2 0.0
128 0.5B 0.36 0.18 89.9 0.1 0.43 0.18 84.3 0.1 0.87 0.38 719 0.1

1.5B 0.27 0.17 91.0 0.1 0.36 0.17 86.1 0.1 0.79 0.34 73.1 0.1
256 0.5B 0.36 0.17 90.6 0.2 0.40 0.17 85.4 04 0.87 0.36 726 0.1
o 1.5B 0.30 0.16 920 04 0.35 0.15 87.8 0.5 0.76 0.31 742 0.3

Table 6.4: Ablation of architecture details.

that for the same size of input point clouds Qwen1.5b always produces better geometric
performance (median CD and loU) than Qwen0.5b. This can be attributed to the higher
number of parameters as well as to the better ability of the model to produce valid python code
before fine-tuning. Furthermore, increasing the size of the input point cloud demonstrates a
similar pattern, with Qwen1.5b with an 256 input points appears to be the set of architecture
parameters leading to the best performance. Note that the mean CD is a metric that is very
sensitive to outlier predictions. While Qwen1.5b with 256 input points appears to result in
the highest IR, it is negligibly low on all datasets (less 0.5%). This can also be explained by
the fact that this setting produces more complex CAD sketch-extrude sequences, making
them more susceptible to errors. Note that a key idea of our method is to leverage pre-trained
LLMs as decoder of Python code. In the absence of LLM-based CAD reverse engineering
methods, we compare our approach to SOTA methods despite the difference in model sizes.
For reference, CAD-SIGNet contains 6 M parameters.

Test-time Sampling: The ablation study demonstrates the effectiveness of our test-time
sampling strategy. This approach generates multiple plausible solutions by sampling different
input point clouds. Figure 6.8 illustrates the qualitative results from different sampling
instances. While CAD-Recode successfully captures the overall geometry across different
samplings, fine-grained details may vary in reconstruction quality due to the relatively sparse
point cloud input. However, this limitation can be effectively addressed by leveraging multiple

sampling iterations to capture different aspects of the input geometry.
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AD—Recode Predictions

Q

Point Cloud GT

Figure 6.8: cAD-Recode predictions from different point cloud sampling on DeepCAD,
Fusion360, and real-world CC3D datasets. For each prediction, 256 points are sampled
randomly from the input point cloud.

6.5.2 CAD-QA and Editability

CAD-QA and LLM Interpretability: CAD SGP-Bench [167] is a benchmark of 1000 CAD-
specific Question Answering (CAD-QA) tasks that test LLMs’ understanding of CAD model
geometry from sketch-extrude sequences encoded as in DeepCAD [26]. These questions
require analyzing various geometric aspects, such as relative sizes and 3D primitive types.
We extend this benchmark to evaluate CAD reverse engineering methods by using point
clouds as input instead of CAD sequences. Our evaluation follows a two-stage process: first
predicting sketch-extrude sequences from point clouds as CadQuery code with CAD-Recode,
then using GPT-40 [149] to answer CAD-specific questions. Without requiring additional
interpretation hints, our approach achieves 76.5% accuracy on this CAD-QA task (Table 6.5).
For comparison, we evaluate two baseline approaches: CAD-SIGNet [39] and PointLLM [151].
When using CAD-SIGNet’s output with GPT-40, even with provided interpretation hints
explaining the sequence format, the accuracy reaches only 63.2%. PointLLM, which directly
processes point clouds for language tasks, achieves 42.3% accuracy when prompted with the
CAD-specific questions. These results demonstrate that CAD-Recode effectively captures
CAD geometric information while generating an output in a format that proprietary LLMs can
naturally interpret and process.

Figure 6.9(a) depicts an example of point cloud and question that was used to obtain

these results. In this particular question, the task is to deduce the number of holes present

146



Question: How many holes does the CAD object in the image have?
A) Two, B) Three, C) Four, D) Five
Correct Answer: B

(a) Point cloud and corresponding CAD-specific question

A

‘ The CAD object in the image has five holes.
(b) PointLLM output from point cloud

To determine the number of holes in the CAD object, let’s break down the CAD code step by step:
1. Extrusion Command:
Start;Ext:(128,130,128,128,130,128,128,128,NewBody,96);
This command sets up an extrusion with specific parameters and indicates that a new body will be created.
2. First Loop:
Line:(43,0);Arc:(213,0,255,43);Line:(213,85);Arc:(43,85,0,43);EOL;
- Line:(43,0) - A line from the starting point to (43,0).
- Arc:(213,0,255,43) - An arc with midpoint (213,0) and endpoint (255,43).
- Line:(213,85) - A line from the previous endpoint to (213,85).
- Arc:(43,85,0,43) - An arc with midpoint (43,85) and endpoint (0,43).
- EOL - End of the loop.
This forms a closed loop, which is a profile for extrusion.
3. Second Loop:
Circle:(43,43,43,51);EOL;
- Circle:(43,43,43,51) - A circle with the most left point at (43,43) and the most top point at (43,51).
- EOL - End of the loop.
This forms another closed loop, which is another profile for extrusion.
4. End of Sketch and Extrusion:
EOF;EOS;End;
- EOF - End of face.
- EOS - End of sketch.
- End - End of the code.
From the above analysis, we can see that the CAD object consists of:
- One main profile formed by the first loop.
- One circular profile formed by the second loop.
The circular profile represents a hole within the main profile. Since there is only one circular profile, the CAD
object has one hole.
Answer: A

(c) GPT-40 output from CAD-SIGNet prediction

Let’'s break down the CAD code step by step to understand the 3D object it generates and determine the
number of holes.

1. Workplane Creation:

wO0 = cq.Workplane(’XY’, origin=(0,0,1))

This line creates a workplane on the XY plane with an origin at (0,0,1).

2. Sketching the Shape:

r = w0.sketch()

This initializes a sketch on the workplane.

3. Defining the Shape:

.segment((-66,-34),(50,-34)) .segment((50,-32)) .arc((100,0),(50,32)) .segment((50,34)) .segment((-66,34))
.segment((-66,32)) .arc((-100,0),(-66,-32)) .close()

These lines define a closed shape with segments and arcs. The shape appears to be symmetrical along the
Y-axis.

4. Adding Holes:

.assemble() .push([(-66,0)]).circle(10, mode='s’) .push([(0,0)]).circle(10, mode='s’) .push([(66,0)]).circle(10,
mode="s’) .finalize()

These lines add three circles (holes) to the shape at positions (-66,0), (0,0), and (66,0).

5. Extruding the Shape:

.extrude(-4)

This line extrudes the shape by -4 units, creating a 3D object with the defined shape and holes.

From the code, we can see that three circles (holes) are added to the shape. Therefore, the CAD object has
three holes.

Answer: B

(d) GPT-40 output from cCAD-Recode prediction

Figure 6.9: Example of Point cloud CAD-QA (a) and answers provided by PointLLM (b),
CADSIGNet and GPT-40 (c) and caD-Recode and GPT-40 (d).
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Method CAD-QA Accuracy?

PointLLM [151] 42.3
CAD-SIGNet [39] — GPT-40 63.2
CAD-Recode — GPT-40 76.5

Table 6.5: Point cloud CAD-specific question answering (CAD-QA) on the SGP-Bench
benchmark. Our cAD-Recode supplied with a GPT-40 significantly outperforms baseline
methods.

in the CAD model given the point cloud as input. Figure 6.9(b), the answer provided by
PointLLM is shown and it can be observed that PointLLM is unable to retrieve the correct
answer. It is worth noting that PointLLM is a network trained to answer semantic questions
about object given its point cloud representation, as result in most cases the network is unable
to describe geometric CAD-specific questions. For both CAD-SIGNet and CAD-Recode, the
point cloud CAD-QA is done in a two step process. First the sketch-extrude is sequence is
predicted from each network, then the sequence along with the question is passed through
GPT-40. Note that for CAD-SIGNet an interpretative hint is provided to provide context on
the structure of the sequence. A sample output for CAD-SIGNet and GPT-40 can be found
in Figure 6.9(c), and in Figure 6.9(d) for CAD-Recode and GPT4-o0. As the sequence was
incorrectly predicted by CAD-SIGNet the answer to the question is wrong (1 hole), whereas
the prediction from CAD-Recode captured better the geometry of the input point cloud leading
to a correct answer. It is worth noting, that despite not being provided any information about
CadQuery Python code in the prompt, GPT-40 is able to breakdown the predicted sequence
into its primitive components and provide correct and accurate geometric descriptions. This
can be explained by the fact that LLMs are exposed to large amounts of code data during
training. As a result, the CadQuery Python representation of CAD models is appropriate for

LLM-based downstream tasks.

Editing Pipeline: Leveraging the interpretable nature of our code-based output, we present
an automated editing pipeline using GPT-40 [149]. The goal of this pipeline is to integrate
automated editability capabilities to CAD-Recode. To this end, we present a simple process
using an off-the-shelf LLM, GPT-40 [149]. Starting from an output CAD Python code from
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CAD-Recode Output _
. Executed Code User Edit
import cadquery as cq -
wO=cq.Workplane( ) \‘
r=(wO.workplane(offset=-50)
.cylinder(100,100) Eij

.union(wO.workplane(offset=50)
GPT

.cylinder(100,34))) @
Refactor the code, add functions and Base Diom. Base Diam. R
Base Height Base Height
variables that can make the code Too Di .
op Diam. Top Diam.
easier to edit and more interpretable. Top Height Top Height 3

Add in the code, sliders to edit the
size of each primitive.

User Prompt

Figure 6.10: Interactive editing of a CAD model. Given the code output from CAD-Recode and
a generic prompt, GPT-40 allows automated and interactive editing of the CAD model.

CAD-Recode, We prepare a simple and generic prompt for the LLM to generate a refactored
version of the code such that when executed the user can change the dimensions of each
primitive. The LLM is able to generate a code with comments that describe the different
primitives semanticallly and include appropriate variables for the dimensions of each of the
primitive, such as the height and the diameter of each cylinder. The code generated by
the LLM, can be directly executed in a Jupyter notebook with the CadQuery and ipywidgets
libraries. Figure 6.10 shows an example of the pipeline, the generated sliders and how can
the shape be then edited. This demonstrates that the CAD representation as Python code
within a reverse engineering scenario opens the door to new applications when combined

with LLMs.

6.6 Conclusion

In this chapter, we have presented a novel approach to feature-based CAD reverse en-
gineering by leveraging pre-trained Large Language Models and a Python-based CAD

representation, effectively addressing the fundamental challenges identified in Section 1.2.
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Our approach tackles the lack of unified CAD representation standards by introducing a code-
based representation that is both interpretable by humans and directly executable in standard
CAD environments. The scanning imperfections challenge is mitigated through improved
reconstruction accuracy that significantly outperforms existing methods on three datasets,
including the real-world CC3D dataset containing authentic scanning artifacts. Moreover,
by generating code that explicitly captures design steps and parametric relationships, we
enhance the recovery of design intent in a format that naturally supports subsequent editing.

The procedurally generated dataset of one million CAD programs directly addresses
the CAD data challenge outlined in Section 1.2, providing unprecedented control over both
the quantity and quality of training examples. This contribution not only improves model
performance but also establishes a methodology for generating high-quality synthetic data for
future CAD-related deep learning research.

Beyond these technical contributions, we have demonstrated that combining pre-trained
LLMs with geometric understanding enables powerful new workflows where designers can
reconstruct CAD models from point clouds and modify them through natural language. This
capability represents a significant step toward more intuitive and accessible CAD tools,
potentially reducing the expertise barrier that has traditionally constrained CAD usage.

We identify several promising directions for future research: (1) further exploiting the
modularity of the proposed CAD code representation to support more complex modeling
operations beyond extrusions; (2) scaling up both the LLM architecture and the procedurally
generated dataset to enable reverse engineering of increasingly complex CAD models; and
(8) exploring interactive workflows that combine the strengths of automated reconstruction
with human design expertise. These avenues of investigation could further advance the
field toward the goal of fully automated yet flexible CAD reverse engineering that seamlessly

integrates into industrial design workflows.
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Chapter 7

Conclusion

This concluding chapter presents a summary of the principal contributions to the CAD reverse
engineering field. Additionally, we examine promising directions for future research that could

extend our methodologies and further advance the field of automated CAD reconstruction.

7.1 Summary

This thesis has addressed the problem of 3D CAD reverse engineering, the process of
automatically reconstructing parametric CAD models from 3D scanned data. This task
faces several fundamental challenges that have hindered its practical implementation in
industrial workflows. The first challenge stems from the 3D scanning processes, which
introduce artifacts such as surface noise, missing data, and smoothed edges that corrupt the
geometric fidelity of the input data. Second, the lack of unified CAD representation standards
creates significant obstacles for translation between different formats and systems. Third,
recovering design intent, the underlying rationale governing how a shape can be modified
while respecting its functionality, presents a complex problem. Finally, the limited availability
of high-quality CAD datasets with construction history annotations restricts the development
of effective learning-based approaches.

Ouir first contribution, CADOps-Net, addressed these challenges from the perspective

of Boundary Representation (B-Rep) analysis. By jointly learning CAD operation types
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and steps from B-Rep faces, we demonstrated a novel approach to recovering elements of
construction history directly from the final geometry. This network successfully segmented
B-Rep faces according to their corresponding CAD operations while simultaneously grouping
faces constructed at the same step. The joint learning strategy significantly improved accuracy
compared to existing methods, particularly for the challenging task of step segmentation. To
support this research, we introduced the CC3D-Ops dataset containing over 37k B-Reps
with operation type and step annotations, addressing the data challenge by providing more
complex models that better reflect real-world industrial designs. Furthermore, we showed
that predictions from CADOps-Net could be leveraged to recover original 2D sketches,
representing an important step toward complete design recovery from B-Reps.

Building upon this foundation, TransCAD expanded our approach to address the end-
to-end reverse engineering pipeline from point clouds to parametric CAD models. This
hierarchical transformer architecture eliminated the need for an intermediate B-Rep represen-
tation. TransCAD leveraged a novel hierarchical learning strategy that mirrored the structure
of CAD operations and sketches, enabling more effective feature extraction and parame-
ter prediction. Additionally, we introduced a specialized loop refiner module to overcome
limitations in sketch primitive parameter regression. From a methodological perspective,
we contributed the mean Average Precision of CAD Sequence (APCS) metric, addressing
critical limitations in existing evaluation frameworks. Our experimental results demonstrated
that TransCAD achieved state-of-the-art performance while exhibiting robustness to input
perturbations characteristic of real-world scanning artifacts.

While TransCAD established the feasibility of direct point cloud to parametric CAD re-
construction, our abraCADabra approach recognized a critical limitation: the reliance on
single-solution predictions that fail to explore diverse design possibilities. Drawing inspiration
from how expert CAD designers work, considering multiple alternatives before selecting
the most appropriate solution, we developed inference-time search strategies that leverage
geometric priors from input point clouds to more effectively explore the output probabil-
ity space. Through a comprehensive analysis of both auto-regressive (CAD-SIGNet) and

non-auto-regressive (TransCAD) architectures, we revealed their complementary strengths
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across different evaluation contexts. The geometry-guided search strategies we introduced
significantly improved reconstruction quality while eliminating invalid CAD predictions. To
support evaluation under realistic conditions, we contributed the C3D-Recon dataset, the first
collection of realistic 3D scans paired with corresponding parametric CAD design sequences.

Our final contribution, CAD-Recode, represented a paradigm shift that directly addressed
all four fundamental challenges through a novel LLM-based approach. Rather than outputting
intermediate representations requiring further processing, CAD-Recode translated point cloud
data directly into executable Python code that, when executed, reconstructs the complete
CAD model within existing CAD systems. This innovation operated at three complementary
levels: at the representation level, we reconceptualized CAD sketch-extrude sequences as
Python code; for network design, we leveraged the code-understanding capabilities of pre-
trained Large Language Models, combining a relatively small LLM decoder with a lightweight
point cloud projector; and to overcome data limitations, we created a procedurally generated
dataset of one million diverse CAD sequences. The resulting system not only significantly
outperformed existing methods across all datasets but also offered two additional benefits:
direct integration with commercial CAD software through standard Python interfaces, and
interpretability by off-the-shelf LLMs, enabling natural language-based CAD editing and

CAD-specific question answering.

7.2 Future Directions

Building upon the foundations established in this thesis, we identify two promising research
directions that could further advance CAD reverse engineering toward broader industrial
adoption: interactive multimodal reconstruction systems that combine multiple input sources
with user guidance, and assembly-based approaches that reconstruct complex objects as

hierarchies of functional components.
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7.2.1 Interactive Multimodal Reconstruction

A promising direction for future research is the development of interactive multimodal CAD
reconstruction systems that combine point cloud data with additional input modalities such as
reference photographs, text descriptions, or partial technical drawings. Such systems would
allow users to guide the reconstruction process by providing complementary information
when scans are incomplete or contain ambiguities—for example, specifying through natural
language that a partially visible feature “should be a threaded hole.” Multimodal Large
Language Models (MLLMs) offer a natural framework for this integration, as they can reason
across different input types and generate coherent CAD code that incorporates information
from multiple sources. However, developing these systems presents substantial challenges,
including training models to deduce accurate geometric information from different modalities,
and establishing evaluation metrics that account for human-in-the-loop processes. Despite
these challenges, interactive multimodal reconstruction holds significant potential for real-
world applications, particularly in reverse engineering complex industrial components with
critical features that may not be fully captured in scans alone, or in scenarios where domain-
specific knowledge from experts needs to be incorporated into the automated reconstruction

process.

7.2.2 Reconstruction as Assembly Parts

Another compelling avenue for future work involves approaching CAD reverse engineering as
the reconstruction of assemblies rather than monolithic models, more closely reflecting how
complex objects are actually designed and manufactured. This approach would decompose
the input scan into meaningful components, reconstruct each part separately, and then
establish the appropriate geometric relationships and constraints between them. Such a
decomposition would not only produce more editable and reusable CAD models but would
also better preserve the hierarchical design intent of complex manufactured objects. Large
Language Models with their ability to reason about part relationships could play a crucial role in

this process, potentially inferring functional relationships between components based on their
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geometry and relative positions. Key challenges in this direction include developing robust
methods for segmenting point clouds into functionally meaningful parts, inferring appropriate
assembly constraints, and handling moving or articulated components where a single scan
may not capture the full range of possible configurations. The industrial implications of
this approach are particularly significant for sectors like automotive and aerospace, where
complex assemblies are the norm and where the ability to reverse engineer not just geometry
but also assembly structure could dramatically reduce redesign time and enable more efficient

part replacement and maintenance workflows.
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Appendices

A CADOps-Net Additional Results

A.1 CAD Operation Types Qualitative Results

Figure A.1 shows sample results from CADOps-Net for the op.type segmentation task on
both the Fusion360 and CC3D-Ops datasets. As discussed in Section 3.6.2 of the thesis, the
op.type accuracy is not correlated to the complexity of the models. In particular, this can be
observed from the results presented on the Fusion360 dataset in which CADOps-Net some-
times fails to predict the correct op.types for some simple models. Despite not matching the
ground truth, some predictions are still valid within the context of CAD modelling, as outlined
in Section 3.6.5.

A.2 CAD Operation Step Qualitative Results

Figure A.2 displays qualitative results for the op.step segmentation task on the CC3D-Ops and
Fusion360 datasets. These qualitative results illustrate that while CADOps-Net is able to
make accurate predictions for models with a small number of op.steps, the op.step accuracy

decreases as the number of op.steps increases, as explained in Section 3.6.2.

A.3 Sketch Recovery Results

In CAD modeling, sketches are considered as starting points to build a kernel structure (in

our case B-Rep) of the desired solid model. Nevertheless, the sketches are only part of the
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Figure A.1: CAD operation step qualitative results on the Fusion360 (left) and
CC3D-Ops (right) datasets. For the CADOps-Net ground truth (GT) and predictions (Pred.).
Correctly segmented faces are shown in green and incorrect in red in the Error columns.
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Figure A.2: CAD operation step qualitative results on the Fusion360 (left) and
CC3D-Ops (right) datasets.For the CADOps-Net ground truth (GT) and predictions (Pred.),
each color represents a CAD operation step. Correctly segmented faces are shown in green
and incorrect in red in the Error columns.
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Figure A.3: Qualitative results on sketch recovery from correctly pre-
dicted op.types and op.steps by CADOps-Net. The models shown above include
exactly two operation steps.
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Figure A.4: Qualitative results on sketch recovery from incorrectly predicted op.types and
op.steps by CADOps-Net. The models shown above include exactly three operation steps.
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forward design process, and tracing them back from the final B-Rep is not straightforward. In
this section, we present more qualitative results.

Figure A.3 and A.4 illustrate the qualitative results of sketches recovered using CADOps-
Net predictions on randomly selected samples made by extrusions from Fusion360 [27]
dataset. We dissect the sketch results based on correctly and incorrectly predicted op.stepsin
the two figures. We can observe that the sketch recovery is successful when the predictions
of op.steps are correct (Figure A.3). In Figure A.4, the B-Reps were segmented into two
op.steps, while the ground truth annotations indicated that they were designed through three
op.steps. Such incorrect op.step prediction impacted the sketch recovery and resulted in

erroneous sketches.

178



B TransCAD Additional Results

B.1 AQualitative Results

In this section, further qualitative results are presented by first comparing TransCAD to the

retrieval baseline and then to DeepCAD [26].

Retrieval Baseline Comparison: Qualitative results comparing TransCAD to the the retrieval
baseline can be found in Figure B.1. It can be observed that TransCAD can perform well on
duplicate models and more importantly that it performs better than the retrieval baseline on
non-duplicate models. TransCAD can identify most of the components of an unseen CAD
model but sometimes fails to place those parts in the right location as suggested by the APCS
scores presented in the previous section.

DeepCAD Comparison: Qualitative results showing the comparison between TransCAD and
DeepCAD [26] can be found in Figure B.2. The results on simple and difficult models show

that TransCAD is able to outperform DeepCAD [26] on most occasions.
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Figure B.1: Qualitative results showing the performance of TransCAD against the retrieval
baseline on both duplicate CAD models (top panel) and non-duplicate models (bottom panel).
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Figure B.2: Qualitative results showing the performance of TransCAD against the Deep-
CAD [26] on both simpler CAD models (top panel) and more complex models (bottom panel).
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C CAD-Recode Data Generation and Additional Results

C.1 Training Dataset Generation Algorithm

The procedurally generated training dataset is presented. The main advantage of generating
data over using the existing DeepCAD dataset for training is that the algorithm allows full
control over the amount of data as well as the features and design patterns that the network
is exposed to during training. We generate one million valid Python CadQuery code snippets,
through an automated pipeline leveraging PythonOCC [125] and CadQuery [150]. The
generation process consists of two primary components: (1) a sketch profile generator
(Algorithm 1) that creates valid 2D sketches, and (2) a CAD model generator (Algorithm 2)
that produces 3D CAD models from these sketches.

The sketch generation process combines primitive shapes (circles and rectangles) through
boolean operations (union and cut). From each generated sketch, we extract the primitives
(lines, arcs, and circles) from both inner and outer loops. The validity of the generated sketch is
ensured through multiple verification steps, including verifying that loops do not intersect, and
each primitive has a length greater than zero. Finally, we ensure that the randomly generated
CAD code has not previously been generated using the duplicate detection protocol outlined
in [36]. This ensures that each sample in the dataset is unique.

The CAD model generation procedure extrudes the validated sketches and combines
them through union operations. The planes on which the sketches lie are randomly generated
by choosing one of the three canonical planes translated by a random amount. Each resulting
model undergoes normalization to fit within a unit bounding box centered at the origin. The
parameters are quantized so that the coordinates of any point on the CAD surface are within
the range —100 to 100 with a minimum resolution of 1 unit. We then simplify the sequence
using higher level abstractions (rectangle, box, and cylinder) by considering the sequence
parameters. Our validation framework verifies that a generated code w executes without
errors (¢syn). Furthermore, we check that the executed code produces a geometric valid CAD
model (¢caq) USiNg the BRepCheck _Analyzer function from PythonOCC as in [26]. Invalid

models are excluded from the dataset.
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Algorithm 1 Generate2DSketch

1: function GENERATE2DSKETCH

QONOG RN

10:
11:
12:
183:
14.
15:

16:

numPrimitives < RandInt(3,8) > Choose random number of shape primitives

compositeShape + ) > Initialize empty shape

for i < 1 to numPrimitives do > Build shape by combining primitives
primitive < random from {Circle, RotatedRectangle}
booleanOperation < random from {Union, Cut} > Union adds, Cut subtracts
compositeShape < ApplyOperation(compositeShape, primitive, booleanOperation)

end for

boundaryLoops < Extract BoundaryLoops(compositeShape) > Extract shape boundaries

boundaryComponents < 0

for loop € boundaryLoops do > Process each boundary loop
(edgeSequence, isOuter) < AnalyzeBoundary(loop) i List of parametric curves (lines, arcs, circles)
boundaryComponents. Append((edgeSequence, isOuter))

end for

boundaryComponents < ValidateShapeT opology(boundaryComponents) > Ensure valid shape

topology
return boundaryComponents > Returns list of (edges, boolean) tuples

17: end function

Algorithm 2 GenerateCAD

1: function GENERATECAD

QONOG RN

10:

12:

13:

14:

15:

cadModel < 0 > Initialize empty CAD model
planes < GenerateRandomPlanes() > Create set of reference planes
sketches < Generate2DSketch() > Get sketches from Algorithm 1
for sketch € sketches do > Create 3D volumes from sketches
plane <~ RandomSelect(planes) > Select random reference plane
volume < EztrudeSketch(sketch, plane) > Create 3D volume by extrusion
cadModel < BooleanUnion(cadModel,volume) > Add volume to model
end for
cadModel < Normalize M odel(cadM odel) > Ensure the model fits within a unit box
cadModel < QuantizeParameters(cadModel) > Discretize model parameters
cadModel + SimplifyC ADModel(cadModel) > ldentify high-level abstractions (rectangle, box, and
cylinder)
cadModel <+ ValidateC AD M odel(cad M odel) > Ensure validity of CadQuery code and CAD model
geometry
cadModel + CheckDuplicate(cad M odel) > Ensure that the sequence has not previously been
generated.

return cadM odel

16: end function
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import cadquery as cq

m w0 = cq.Workplane ('ZX', origin=(0, -13, 0))

- r = w0.workplane (offset=-87 / 2) .moveTo(52.5, 10.5).box (57, 83, 87)

Ei? .union (w0.workplane (offset=23 / 2).moveTo(-29, 0).cylinder (23, 30)
0) .cylinder (113, 52)

.union (w0.workplane (offset=113 / 2).moveTo(-29,

import cadquery as cq
w0 = cqg.Workplane ('zX', origin=(0, -30, 0))
r = wO.sketch().segment((TBO, =27y, (=18, -31)) .segment ((-19,

— 31)) .segment ((-19, 00))
izﬁa .segment ( (38, -100)) .segment ((38, -31)).segment ((10, -31)).segment ((13,
— =23))
.arc((30, 13), (23, 5)).segment ((33, 33)).segment((l6, 39)).arc((-12,

— 99), (-9, 33))
.close() .assemble () .finalize () .extrude (60

import cadquery as cq

w0 = cqg.Workplane('YZ', origin=(-14, 0, 0))

\ r = wO.workplane (offset=17 / 2).moveTo (4, -73.5).box (104, 53, 17)

<i{7 .union(w0.sketch () .segment ((-78, 23), , —55)) .segment ( (40, -17))
.arc( (42, -24), (48, -30)) .segment ( (48

.segment ((78, 22)).segment ((-2, 100)

.push ([ (0, 22)]).circle (50, mode='s"'

(

8, 5)).segment ((61, 3)

). close() assemble ()

) .finalize () .extrude (29))

import cadquery as cq

w0 = cqg.Workplane ('XY', origin=(0, 0, 42))
wl = cqg.Workplane('YZ', origin=(-17, 0, 0))
r = wO.sketch() .arc((-12, 6), 34, -29), (-1, 16)) .segment ((5,

— 4)).segment ((-8, -2))
.close () .assemble () .finalize () .extrude (56
.union (w0.sketch() .arc((-42, 54), (=12, 71), (19,

54
§§}7 .segment ((-42, 78)).close() .assemble().finalize().
) -

)) .segment ((19, 78)
extrude (58)
.union(wl.sketch() .segment ((-44, -100), (51, -100) segment ( (51,
— 5)).segment ((27, 5))

.arc((—=58, 40),(-44, -51)).close() .assemble () .reset ()

.face (wl.sketch() .arc((-54, -17), (=26, -34),(3, —-17)).close()
.assemble (), mode='s'") .reset ().face(wl. sketch() segment ((-54, 14), (3,
— 14))

.arc((-26, 31), (=54, 14)).assemble(),
— mode='s'").finalize () .extrude (-13))

import cadquery as cq

w0 = cg.Workplane('YZ', origin=(-2 0
wl = cqg.Workplane ('ZX', origin=(0, l

r = wO.sketch () .segment ((-100, -83), (=67, -83)) .segment ((-80,

— —52)).segment ((-75, -50))

.segment ((-75, 62)).segment ((17, 62)).segment ((17, -62)).segment ((-40,
— —62))
.segment ((-37, -71)).segment ((-65, —-83)).segment ((43, -83)
.segment ((43,83)) .segment ((-100,83)) . lose().assemble().finalize().extrj
— ude (8)

.union(wl. sk tch () .segment ( ( -53), (76, =53)).arc((76, —=48), (77, —42))

.segment ((77, 53)).segment ((-77, 53)).close().assemble ()

.push([(38.5, 2.5)]1).rect (9, 57, mode='s'").finalize () .extrude(119))

Figure C.1: Examples from our procedurally generated training dataset. Each row contains
CadQuery Python code and a corresponding CAD model. Examples contain not only basic
line, circle, and arc primitives, but also higher-level abstractions such as rect, box, and
cylinder.
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Figure C.1 presents examples of CAD models alongside their corresponding CadQuery
Python code from our procedurally generated dataset. It is worth noting that the generated
codes are fairly compact, this was designed to facilitate training. All code examples are
directly executable using a standard Python interpreter with the CadQuery library. The codes
follow a consistent three-part structure: (1) necessary library import, (2) definition of sketch

planes, and (3) sketch-extrude operations combined through union.

C.2 Further Experimental Results

Qualitative Results: Additional qualitative results for the reverse engineering of CAD models
from point clouds are presented for DeepCAD (Figure C.2), Fusion360 (Figure C.3), and
real-world CC3D (Figure C.4) datasets. cAD-Recode consistently generates shapes that
closely approximate the input point cloud geometry, whereas CAD-SIGNet [39] can generate
predictions that greatly differ from the input.

Code Outputs: Figure C.5 illustrates the predicted code sequences and their corresponding
reconstructed shapes. The predicted codes have a syntax that is consistent with the procedu-
rally generated training examples, showing that CAD-Recode successfully learns both the

features and CAD design patterns established in the training set.
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Figure C.3: Qualitative results on the Fusion360 dataset.
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Figure C.4: Qualitative results on the real-world CC3D dataset.
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import cadquery as cq
w0 = cqg.Workplane('XY', origin=(0, 0, -17))
r = wO.sketch () .segment ((-48, -64), (21 —64)) .segment ( (24,

— 43)) .segment ((-27, 43))
.segment ( (=27, 60)). segment(( /, 60)).segment ((27,
— -39)) .segment ( (48 9))
r .segment ( (48, 100)). segment(( 8,
| — 100)).close() .assemble() . flnallze().extrude(ZG)
.union (w0.sketch() . segment((78 , —100), (=27, -100)) .segment ((-27,
— 80)).segment(( 7, 80))
.segment(( 7, -10C )).segment((SZ, -100)) .segment ((82,
— 9)) . segment((’l%, =79))
segme t((48, 100)).segment ((-48, 100)) .segment ((-48,
— 9)) .segment ((-82, -79))
.close () .assemble () .finalize () .extrude (34))

import cadquery as cq

w0 = cqg.Workplane ('ZX', origin=(0, 40, 0))

wl = cqg.Workplane('XY', origin=(0, O, 719)

r = wO.sketch () .arc((-24, -47), (41, -99),(87, -32)) .segment ((88,

@7 < -32)).segment ((88, 100))
4 .segment ( (82, 100)).segment ((82, -52)).arc((34, -94), (-18,

— —52)).segment ((-18, 100))

.segment ((-24, 100)).close() .assemble().finalize () .extrude (-80)
.union (wl.workplane (offset=-69 / 2).moveTo (52, 0).cylinder (69,
— 32))

import cadquery as cq
w0 = cg.Workplane ('zZX', origin=(0, 20, 0))
r = wO.sketch().circle(él).circle(z‘, mode="s") .push ([ (34, 4)1)
.circle (4, mode='s').finalize () .extrude (-41)
’

.union (w0.sketch() . segment((fWW‘ 19), (-88, 11)).segment ((-97,
— —34)).segment ((-67, -41)
.segment ((-77, -66)). segment(( 57, =74)) .segment ((-57,
— ﬁ?)).segment(( 56, —72))
.segment ( (-56, ;)) segment ( (=32, -80)) .segment ((-35,
> 795)).segment((flw -100)
.segment ((-11, 83)) .segment ( (33, 100)) .segment ( (45,
gg — —70)) .segment ((68, -76))
.segment ( (76, —-61)). seqment((6 6, —56)) .segment ((100,
— —30)) .segment ((88, -19)
.segment ((97, 34)). segment(( 7, 41)) .segment ((77,

< 66)).segment ((57, 74))
.segment ( (51, 69)).segment((5 , 70)) .segment ( (32

— 76)) .segment ( (35, 95

.segment ((16, 100)).segment ((11l, 83)).segment ((-33,
— 100)) .segment ((-45, 70)

.segment ((-68, 77)).segment ((-76, 62)).segment ((-66,

— 56)).close() .assemble ()
.circle (26, mode='s').finalize () .extrude (-20)

Figure C.5: CAD-Recode predictions on DeepCAD (top row), Fusion360 (middle row), and
CC3D (bottom row) datasets. Each row contains predicted CadQuery Python code and its
result after execution in Python interpreter.
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