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 A B S T R A C T

Computer-aided design (Cad) solid modeling lies at the core of product design in mechanical engineering, 
enabling designers to transform conceptual design ideas into precise, parametric, 3D Cad models. Automating 
solid modeling has the potential to accelerate engineering workflows, foster innovation, and lower barriers to 
design for non-expert users. Recently, increasing efforts are being devoted to leveraging learning-based methods 
to address this challenge. To the best of our knowledge, no existing survey provides a comprehensive overview 
of learning-based methods for 3D Cad model generation, nor addresses their applications in mechanical 
engineering. For that reason, we survey literature comprising state-of-the-art, learning-based methods for 3D
Cad model generation, with particular emphasis on their relevance to mechanical engineering. Based on the 
type of input to the respective methods, we define three tasks and classify the literature accordingly: Cad
Generation, Cad Reconstruction, and Cad Reverse Engineering. To provide a structured and comprehensive 
overview, we further organize the literature according to its types of output and the methodologies applied. 
Additionally, this survey highlights current research gaps, including limitations in fine-grained user control 
and geometric detail preservation, and discusses potential directions for future research. Finally, we present 
one potential use case for each of the aforementioned tasks in the mechanical engineering workflow, aiming 
to bridge the gap between existing methods and real-world applications. These use cases include design space 
exploration, quality control, and data enhancement.
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1. Motivation and contribution

Computer-aided design (Cad) solid modeling is at the core of prod-
uct design in mechanical engineering. It enables designers to trans-
form conceptual design ideas into precise, parametric, 3D Cad models, 
which facilitate a wide range of engineering-related downstream tasks 
such as simulation and computer-aided manufacturing (Cam). Tradi-
tionally, modeling is performed manually by expert users through a 
time-consuming process. Automating the modeling process has the 
potential to (1) accelerate and enhance engineering workflows, (2) 
foster innovation through rapid iteration, and (3) lower the barriers 
to design for non-expert users.

Generative models [1,2] have shown promising results across vari-
ous domains, including robotics [3,4], image generation [5,6], natural 
language generation [7,8] and geometry generation [9]. While prior 
efforts in geometry generation have predominantly concentrated on 
voxels, polygonal meshes, and implicit shape representations, com-
paratively little attention has been directed toward generating precise 
parametric 3D Cad models necessary for mechanical engineering work-
flows. With the growing availability of large-scale Cad datasets [10,11], 
increasing efforts are being devoted to applying learning-based meth-
ods to 3D Cad model generation. Recent years have seen numerous 
approaches for learning expressive representations of 3D Cad models, 
whether represented as boundary representations (Brep) [12,13] or as 
procedural command sequences [10,14]. In parallel, several methods 
have been proposed to automatically construct 3D Cad models from 
diverse input modalities such as natural language descriptions [15,16], 
point clouds [17,18], and images [19,20]. These approaches leverage 
a wide spectrum of learning-based techniques, including transformer, 
diffusion, and foundation models, as well as neural–analytical methods 
that combine neural network predictions with analytical modeling 
principles.

Despite the remarkable progress achieved in recent years, many 
challenges remain. Existing datasets often lack the diversity and ge-
ometric complexity of real-world Cad models. In this context, it is 
important to consider the modeling paradigms underlying modern in-
dustrial Cad systems. These systems predominantly operate parametric 
and feature-based, representing models as sequences of parameterized 
operations and editable design histories. These paradigms form the 
backbone of Cad/Cam workflows in domains such as mechanical engi-
neering and aerospace, and are essential for enabling downstream tasks 
2 
such as simulation, manufacturing, and future design modification. 
Therefore, learning-based approaches to 3D Cad model generation must 
not only produce geometrically accurate shapes, but also adhere to 
these paradigms to ensure applicability in industry scenarios [21,22].

Furthermore, although recent research has focused on enhancing 
user control over the generation process, creating 3D Cad models that 
satisfy specific design requirements or functional constraints continues 
to be a major open problem. These challenges represent significant 
barriers to the adoption of current learning-based methods for 3D Cad
model generation in practical mechanical engineering applications.

With the growing body of literature addressing these challenges, 
there is a need for comprehensive surveys that provide an overview 
of this emerging field. Existing surveys either do not cover the full 
spectrum of learning-based methods or are limited to specific input 
modalities considered in the surveyed literature [23,24]. Moreover, 
limited attention has been given to the practical application of these 
methods within real-world mechanical engineering workflows. To the 
best of our knowledge, this work presents the first comprehensive sur-
vey that encompasses both generative and neural–analytical methods 
for 3D Cad model generation. We review the state-of-the-art in this area, 
discuss research gaps, and present possible future research directions. 
Furthermore, to help bridge the gap between current research and 
practical deployment, we outline potential applications of the surveyed 
methods within the mechanical engineering domain. To structure this 
survey and link the surveyed methods to practical applications, we 
define three fundamental tasks based on the type of input and classify 
the literature accordingly. An overview of these tasks is shown in Fig. 
1.

1. CAD Generation involves creating 3D Cad models from abstract 
inputs such as text, semantic class labels, or other forms of user 
guidance. The user may also provide partial models for editing 
or autocompletion.

2. CAD Reconstruction involves creating 3D Cad models from 
sensor-based inputs such as point clouds, voxels, or images that 
represent physical objects.

3. CAD Reverse Engineering involves deriving sequences of Cad
modeling operations from existing 3D Cad models given as Breps.

To summarize, our contributions are threefold: (1) We present a 
comprehensive overview and classification of state-of-the-art literature 
and their methods for learning-based 3D Cad model generation, in-
cluding methods for 3D Cad representation learning. We also present 
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Fig. 1. The three main tasks addressed in the surveyed literature. (Left) CAD Generation from text, semantic class labels, or other user guidance. The user may 
also provide partial Cad models for editing or autocompletion. (Middle) CAD Reconstruction from sensor-based inputs such as point clouds, voxels, or images. 
(Right) CAD Reverse Engineering of Cad command sequences from Brep input.
Table 1
Scopus search settings.
 Queries Pub. year Language Doc. Type Subject area  
 {‘computer-aided design’} 
AND 
{‘generative’ OR ‘learning’ }

2021–2026 English Article, 
Conference paper

Engineering, 
Computer science

 

the datasets used for training them, including datasets that follow 
the parametric and feature-based paradigm of industrial Cad systems. 
(2) We identify research gaps with respect to mechanical engineering 
and potential for future research. (3) We discuss potential mechanical 
engineering use cases, aiming to bridge the gap between research and 
real-world applications.

This survey is structured as follows: The literature selection process 
is described in Section 2. Preliminaries are presented in Section 3. 
Literature addressing 3D Cad representation learning is presented in 
Section 4. A comprehensive overview of literature comprising state-
of-the-art, learning-based methods for 3D Cad model generation is 
presented in Section 5. Datasets used for training are presented in 
Section 6. A discussion of research gaps and future research directions is 
presented in Section 7. Potential use cases in the mechanical engineer-
ing workflow are presented in Section 8. Finally, a summary of key in-
sights and findings, as well as limitations of this survey, are presented in
Section 9.

2. Literature selection

Due to its large database of peer-reviewed, high-quality, scientific 
papers, we conducted the literature search in Scopus. The search was 
conducted on January 07, 2026. We searched article abstracts using 
the keywords shown in Table  1. We selected the start date to be 
2021, as the publication of DeepCAD [10] marks the start of extensive 
research on learning-based 3D Cad model generation. We retrieved 844 
publications from the database. During an initial scan of the article 
titles and abstracts, we identified 33 publications as relevant for review. 
We filtered out publications which either do not address learning-
based 3D Cad model generation or specifically address challenges from 
domains other than mechanical engineering, e. g., medical engineer-
ing, architecture, or gaming. Subsequently, we conducted a thorough, 
automated forward–backward search on the resulting corpus of 33 
publications, identifying an additional 38 publications that are relevant 
3 
to this survey. During the review process, we identified 2 publications 
from before 2021 that addressed 3D Cad model generation, including 
them in the survey. To ensure that this survey covers state-of-the-art 
research, we included another 5 publications that were published at 
relevant machine learning and computer vision conferences (CVPR,1 
ICCV,2 ICLR,3 ICML,4 AAAI5) but were not covered by our search 
procedure and that we identified as relevant for this survey. In total, 
we surveyed 78 publications. An overview of all search settings is given 
in Table  1. While alternative spellings of ‘computer-aided design’ exist, 
we restricted our initial search to this term since it is the most widely 
used. The search query ‘computer-aided design’ may have excluded 
certain publications that omit the hyphen. To mitigate this limitation, 
we conducted the forward–backward search to ensure the inclusion of 
relevant publications not retrieved by the initial query. We deliberately 
excluded the abbreviation ‘CAD’ from the search query, as its inclu-
sion would have led to substantial overlap with medical literature on
coronary artery disease and computer-aided diagnosis, thereby substan-
tially increasing the number of publications initially retrieved from the 
database to about 4000, making manual filtering infeasible.

3. Preliminaries

This section provides an introduction to the key concepts of Cad
solid modeling and selected learning-based methods, including trans-
former and diffusion models.

1 The IEEE/CVF Conference on Computer Vision and Pattern Recognition.
2 The IEEE/CVF International Conference on Computer Vision.
3 International Conference on Learning Representations.
4 International Conference on Machine Learning.
5 AAAI Conference on Artificial Intelligence.
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Fig. 2. Command sequence consisting of sequential sketch and extrude oper-
ations to construct a solid model.

3.1. CAD solid modeling

Cad solid modeling refers to the construction and representation of 
3D Cad models, also referred to as solid models. These solid models 
are defined to have a well-defined volume, enclosed by continuous, 
closed surfaces without open faces or free edges [25]. In the following, 
we introduce the core concepts for constructing and representing these 
solid models. Furthermore, we refer to a solid as a 3D object with 
the same properties as a solid model, used as a building block in the 
construction of a solid model. The term solid model is reserved for the 
outcome of this construction process.

Feature-based parametric modeling is a procedural approach to 
constructing solid models by combining parameterized 2D sketches and 
3D operations. The parameters of the operations are used in tandem 
with geometric constraints to define relationships between elements. 
This allows changes in one part of the model to propagate to other 
parts while preserving geometric consistency. Sketches are defined on 
planar surfaces and consist of geometric 2D primitives such as lines, 
arcs, and circles, which form one or more closed loops. Each loop 
encloses a region called a profile, and one or more profiles together 
constitute a sketch. A common operation to transform a sketch into a 
solid is sweeping, which creates a solid by translating the sketch along 
a defined trajectory. The special case of sweeping along a straight 
line perpendicular to the sketch plane is known as extrusion. Solids 
generated through these operations can be combined using Boolean 
operations, including union, difference, intersection, and XOR, to form 
more complex geometries. Modern Cad software provides a variety 
of additional feature operations, such as fillet, chamfer, and revolve, 
that allow the creation of more detailed and diverse designs. Further, 
a sequence of such modeling operations is referred to as a command 
sequence, which can be executed, modified, and interpreted within Cad
software environments to construct solid models. The mapping from 
a solid model to its originating command sequence is generally non-
unique, as multiple sequences can yield the same model. An example 
of a command sequence consisting of alternating sketch and extrude 
operations is shown in Fig.  2.

Constructive solid geometry (Csg) provides an alternative approach 
to constructing and representing solid models by expressing them as 
compositions of simple primitive solids through Boolean operations. 
In this survey, we also consider literature that represents primitives 
as combinations of 2D sketches and Cad operations (e.g., extrusion) 
to construct the corresponding solids. In constructive solid geometry 
(Csg), a solid model is represented as a binary tree, where the leaf nodes 
correspond to primitives and the internal nodes represent operators. 
These operators can denote either rigid transformations or Boolean 
4 
Fig. 3. Constructive solid geometry (Csg) tree with primitives and Boolean 
operations combining them to construct a solid model.

operations such as union, intersection, or difference. Each internal node 
combines the solids defined by its child nodes according to the specified 
operation, resulting in a hierarchical and interpretable representation 
of complex geometries. We refer to this tree representation as CSG 
tree [26]. An example of a Csg tree is shown in Fig.  3.

The boundary representation (Brep) is the most widely used rep-
resentation of solid models in modern Cad systems. It defines a solid 
by explicitly representing its enclosing surfaces rather than its interior 
volume. The boundary of a solid is decomposed into a finite number 
of oriented surface patches called faces. Each face is bounded by a set 
of edges, which connect at vertices [26]. Faces correspond to subsets 
of parametric surfaces and are required to form closed loops to define 
valid areas. To represent adjacency and topological relationships be-
tween entities, directed coedges are used. A coedge stores references to 
its next and previous coedges within a loop, its adjacent coedge on a 
neighboring face, and its parent face and edge [13]. An example Brep
is shown in Fig.  4.

Cad code encompasses the use of programming languages such 
as Python to construct solid models programmatically. Various open-
source frameworks facilitate the generation of Cad code, leveraging 
a wide range of common Cad modeling commands, including sketch-
based modeling and Csg. The generated code is executed by a suitable 
interpreter to construct the solid model. A common framework is Cad-
Query [27], which is built on the OpenCascade Technology Cad kernel 
and provides a Python interface for programmatic solid modeling. 
Listing 1 shows an example of CadQuery code alongside the resulting 
solid model.

3.2. Transformer and diffusion models

The transformer is an encoder–decoder neural network based on 
the attention mechanism initially employed for sequence modeling [1]. 
The encoder consists of a stack of layers, each comprising a self-
attention module and a position-wise multi-layer perceptron (Mlp). 
Given a sequence of input vectors, the self-attention module computes 
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Fig. 4. Brep consisting of faces, edges, vertices, and coedges.

1 import cadquery as cq
2

3 # Parameter Definitions
4 block_length = 47
5 block_width = 29
6 block_height = 31
7

8 # Further Parameter Definitions
9 ...
0

1 # Step 1: Create Base Block
2 result = cq.Workplane( " XY " ).box(
3 block_length ,
4 block_width ,
5 block_height
6 )
7

8 # Step 2: Add Cylinder
9 result = (
0 result.faces( " >Z " )
1 .workplane()
2 .center(cyl_x_offset , cyl_y_offset)
3 .circle(cyl_diameter / 2)
4 .extrude(cyl_height)
5 )
6

7 # Step 3: Cut Rectangular Section
8 result = (
9 result.faces( " <Y " )
0 .workplane(centerOption= " CenterOfMass " )
1 .center(cut_x_offset , cut_z_offset)
2 .rect(cut_width , cut_height)
3 .cutBlind(-cut_depth)
4 )

Listing 1: CadQuery code for the construction of a solid model similar 
to that in Fig.  4.

a query, key, and value vector for each input vector through a linear 
transformation. For each position in the input sequence, the attention 
mechanism calculates a weighted sum over all value vectors. The 
weights correspond to the similarity between the query vector of the re-
spective position and the key vector of every other position in the input 
sequence, obtained by computing the dot product. Higher similarity re-
sults in larger weights, while lower similarity results in smaller weights. 
The self-attention module also employs a residual connection and layer 
normalization to facilitate model training. The encoder outputs one 
5 
vector per input position. The self-attention mechanism enables the 
exchange of information between different positions in the sequence. 
The decoder generates the output sequence given the encoder output 
vectors. In an autoregressive setting, it generates one output vector 
at a time, using previously generated vectors as input. Self-attention 
is applied to these vectors, and a cross-attention module integrates 
information from the encoder output vectors. In cross-attention, queries 
are computed from the decoder input, i.e., previously generated vec-
tors, while keys and values are computed from the encoder output 
vectors, allowing the decoder to incorporate encoded information into 
sequence generation. Alternatively, the decoder can operate in a fully 
feed-forward manner, taking a set of embedding vectors as input and 
generating the entire sequence in a single forward pass.

Diffusion models are a class of generative models inspired by 
the diffusion process in thermodynamics [28] and initially gained 
significant attention for their capabilities in image generation. They 
operate through a two-step process, consisting of a forward process 
and a reverse process. In the forward process, random noise, which 
is typically sampled from a prior distribution (e.g., standard Gaussian 
distribution), is iteratively added to the input data until it is fully 
corrupted and follows the prior distribution. In the reverse process, the 
model learns to invert this noising process, ultimately reconstructing 
the input data from random noise. Neural networks are commonly 
employed to learn this reverse process [2]. At inference time, a random 
vector is sampled from the prior distribution and denoised to generate 
new data. Diffusion models can operate on different data domains, in-
cluding raw input data (e.g., images), continuous latent representations 
of the input data, or discrete input data. This flexibility enables their 
application across a wide range of tasks, such as image generation [29], 
audio synthesis [30], and molecule generation [31].

4. 3D CAD representation learning

Learning feature-rich representations of Cad models is crucial for a 
wide range of Cad-related downstream tasks, including Cad generation,
Cad reconstruction, and Cad reverse engineering. A major challenge 
lies not only in capturing the overall geometry of a model but also 
in representing fine-grained features such as chamfers, fillets, and 
through-holes. Equally important is the ability to encode the underlying 
design intent, which reflects the reasoning and constraints that a human 
designer applies during the construction process. In this section, we 
present 3D Cad representation learning approaches. UV-Net [12], BRep-
Net [13], and DeepCAD [10] are reused by methods from the surveyed 
literature in Section 5. Table  2 provides an overview of the surveyed 
methods on 3D Cad representation learning, indicating the inputs and 
whether contrastive learning is applied. Contrastive learning is a ded-
icated approach for learning robust representations of input data by 
constructing pairs of samples that are either similar or dissimilar. The 
model is trained in a self-supervised manner by minimizing the distance 
between representations of similar pairs and maximizing the distance 
between those of dissimilar pairs [32]. We group the methods address-
ing Brep and command sequence representation learning, respectively. 
The distinction between these methods and those in Section 5 remains 
fluid, as their adaptations or extensions could also fall within the scope 
of that section. In the following, the terms representation, latent vector, 
and embedding are used interchangeably.

4.1. BRep representation learning

Learning expressive representations of Breps constitutes a funda-
mental step for the methods presented in Section 5.4. These approaches 
encode a given Brep into a latent representation from which a sequence 
of Cad modeling operations can be inferred to reconstruct the original 
design.

UV-Net [12] represents the Brep as a face adjacency graph, in which 
nodes represent Brep faces and edges represent their connectivity. Each 
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Fig. 5. UV-Net architecture [12]. The input Brep is represented as a graph for which node and edge features can be extracted. A Gnn processes the graph and 
outputs a set of node embeddings, which are pooled to obtain the final shape embedding.
Table 2
Overview of methods for 3D Cad representation learning. Literature grouped 
by input and sorted by year of publication.
 Name Input  

 BR
ep

Se
qu
en
ce

Po
in
t c
lo
ud

Im
ag
e(
s)

Co
nt
ra
st
iv
e

 
 Boundary representation
 UV-Net [12] 3 – – – (3) 
 BRepNet [13] 3 – – – –  
 SSRL [33] 3 – – – –  
 BRep-BERT [34] 3 – – – 3  
 BRT [35] 3 – – – –  
 UniRep [36] 3 – – – –  
 Command sequence
 DeepCAD [10] – 3 – – –  
 ContrastCAD [14] – 3 – – 3  
 MultiCAD [37] – 3 3 – 3  
 DH-CAD [38] – 3 3 – –  
 CF-CAD [39] – 3 – 3 3  

face and edge contains a parametric surface and curve, respectively, 
which can be represented as a regular grid in the parameter domain. 
Each point of this grid is assigned geometric features, i.e., point co-
ordinates and normal or tangent vector, evaluated from the surface or 
curve, respectively. These 1D/2D grids are used as edge and vertex fea-
tures. Subsequently, 1D and 2D convolutional neural networks (Cnns) 
are employed to compute node and edge features, which are further 
processed by a Gnn. The resulting set of node embeddings is pooled to 
obtain the final shape embedding. Fig.  5 shows the UV-Net architecture. 
The method is trained and evaluated on a shape classification and a 
face segmentation task. Additionally, the authors propose a contrastive 
learning strategy, facilitating self-supervised training.

BRepNet [13] proposes a coordinate-free approach for representing
Brep, granting translation and rotation invariance. Central to the ap-
proach is the concept of a topological walk, a sequence of instructions 
to traverse a Brep from a starting coedge to a destination coedge. 
In comparison to UV-Net, the features extracted for the Brep faces, 
edges, and coedges do not contain any coordinate information. The 
proposed neural network comprises a stack of convolutional units that 
aggregate face, edge, and coedge features using convolutional kernels. 
These convolutional kernels are defined by topological walks relative 
to the coedges of the Brep. Aggregating face features after the last 
convolution unit by, e.g., pooling, produces a final shape embedding. 
The method is trained and evaluated on a face segmentation task, for 
which the authors present the Fusion 360 Gallery segmentation dataset, 
which builds on the Fusion 360 Gallery dataset [40].

SSRL [33] addresses the lack of labeled Brep data and presents a neu-
ral network to learn a hybrid implicit/explicit surface representation for
Brep. The network comprises an encoder [41] to compute embeddings 
for each topological entity of the Brep, followed by a decoder for face 
reconstruction. The decoder is implemented as a conditional neural 
6 
field [42], explicitly capturing the parametric surfaces, and implicitly 
representing the corresponding boundaries. Therefore, the neural field 
learns to map coordinates from the 2D parametric domain of a face’s 
surface to the corresponding 3D position, given the corresponding 
face embeddings. For the surface’s boundaries, the neural field is 
trained to map the same coordinates to single values, measuring the 
signed distances to the boundary. Initial training is performed in a self-
supervised manner. The trained encoder can be leveraged to facilitate 
few-shot learning on downstream tasks such as face classification or 
segmentation.

BRep-BERT  [34] extends the BERT [43] architecture from the lan-
guage domain to Cad, enabling self-supervised pre-training on Brep
data. Training is separated into two stages. During the first stage a Gnn 
tokenizer is trained to compute discrete Brep entity tokens from the Brep
graph [12]. In the second stage these tokens are used as supervision for 
training a BERT-like transformer model. A masked language modeling 
objective is used, where the model is trained to reconstruct randomly 
masked tokens given the surrounding context. Additionally, the method 
employs contrastive learning objectives to promote the acquisition of 
rich geometric and topological representations. After self-supervised 
pre-training, BRep-BERT  can be applied to downstream tasks such as 
solid classification, surface segmentation, and few-shot learning.

BRT  [35] proposes a novel Brep representation designed to address 
the discrete nature of input tokens to transformer-based models. In 
contrast to prior representation learning approaches that discretize 
parametric edges and surfaces, BRT  decomposes edges into Bézier 
curves [44] and faces into triangular Bézier patches [45]. Transformer-
based encoders are applied at the vertex, edge, and face levels to 
obtain respective embeddings. These are subsequently hierarchically 
aggregated from vertices to edges, loops, faces, and ultimately to the 
shell level using multiple dedicated neural networks. This process pro-
duces a sequence of face-level tokens, which is subsequently processed 
by a transformer encoder to generate final embeddings suitable for 
downstream tasks. The authors train and evaluate the proposed method 
on part classification and feature recognition tasks.

UniRep [36] extends prior Brep graph representations in which the 
adjacency matrix encodes only face–edge connectivity by additionally 
incorporating edge–vertex and face–vertex relationships. Moreover, ad-
jacency matrix entries are weighted based on loop information and 
the topological directions of edges. A feature matrix combines face, 
edge, and vertex information. The feature matrix and the weighted 
adjacency matrix define a weighted graph representation of the Brep. 
Building on this formulation, the authors introduce a novel graph 
autoencoder which is trained to learn a latent representation of the 
weighted graph. The learned latent representation is evaluated across 
multiple downstream tasks, including Brep generation using a latent 
diffusion model, part classification, and part retrieval.

4.2. Command sequence representation learning

Representation learning of command sequences forms the founda-
tion for methods addressing command sequence generation and recon-
struction, as discussed in Section 5.2.1 and Section 5.3.1. Since different 
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Fig. 6. DeepCAD architecture [10]. Command sequence embeddings are com-
puted and processed by the transformer encoder, producing the latent vector 
𝑧. The transformer decoder takes a set of learned constant embeddings as input 
and attends to the latent vector to reconstruct the original command sequence 
in a feed-forward manner.

command sequences can yield identical model geometries, the learned 
representations must capture not only the syntactic structure of the 
sequence but also the geometric characteristics of the resulting Cad
model implicitly encoded within it.

DeepCAD [10] marks a milestone in the field of learning-based 
3D Cad model generation. The authors introduce a new, learning-
friendly representation of command sequences. A sketch profile 𝑆 is 
described by a list of 𝑁 loops 𝑆 = [𝑄1,… , 𝑄𝑁 ]. Each loop 𝑄𝑖 =
[<SOL>,𝐶1,… , 𝐶𝑛𝑖 ] starts with an indicator command <SOL> followed 
by a series of 𝑛𝑖 curve commands. An individual curve command 𝐶𝑗 =
(𝑡𝑗 ,𝐩𝑗 ) is described by its curve type 𝑡𝑗 ∈ {<SOL>, L,A,R} and its 
parameters 𝐩𝑗 . The authors consider line, circle, and arc curves. The 
extrusion command always refers to the directly previously predicted 
sketch profile. With that, a Cad model 𝑀 is described as a command 
sequence 𝑀 = [𝐶1,… , 𝐶𝑁𝑐

] with a total of 𝑁𝑐 commands. Table  3 gives 
an overview of the individual commands and their parameters. The au-
thors propose discretizing continuous parameters within a fixed range 
to facilitate more stable model training. To date, this representation 
is adopted by most learning-based methods on command sequences. 
The corresponding neural network architecture is shown in Fig.  6. The 
transformer-based autoencoder encodes the input command sequence 
𝑀 into a latent vector 𝐳. Given a fixed number of learned embeddings, 
the decoder reconstructs the input command sequence, incorporating 
the latent vector via cross-attention. The decoder is followed by two 
separate linear layers, predicting command type and command pa-
rameters, respectively, for each command. The method is trained in 
a self-supervised manner, using the reconstruction loss between the 
ground truth sequences and the reconstructed sequences. Evaluation 
is performed on an unconditional generation task and a point cloud 
reconstruction task. As DeepCAD is a foundational work for representing 
and learning with command sequences, we include it in this section and 
also reference it in Section 5.2.

ContrastCAD [14] learns expressive representations of Cad com-
mand sequences using a contrastive learning strategy. For a batch of 
command sequences, an encoder [10] computes the respective latent 
vectors. The decoder reconstructs the input command sequences given 
the latent vectors. Additionally, contrastive learning is employed by 
duplicating and masking the individual latent vectors. For each com-
mand sequence in the input batch, two augmented latent vectors are 
obtained by applying two separate masking operations to the initial 
latent vector. The contrastive loss encourages latent vectors of the same 
sequence to be closer to each other, while enforcing latent vectors of 
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Table 3
Learning-friendly command sequence representation proposed in DeepCAD
[10]. The table shows the represented Cad commands and their parameters.
<SOL> marks the start of a loop; <EOS> marks the end of the sequence.
 Commands Parameters

 <SOL> ∅

 L (Line) 𝑥, 𝑦 : line end-point  
 
A (Arc)

𝑥, 𝑦 : arc end-point  
 𝛼 : sweep angle  
 𝑓 : counter-clockwise flag  
 R (Circle) 𝑥, 𝑦 : center  
 𝑟 : radius  
 

E (Extrude)

𝜃, 𝜙, 𝛾 : sketch plane orientation  
 𝑝𝑥 , 𝑝𝑦 , 𝑝𝑧 : sketch plane origin  
 𝑠 : scale of sketch profile  
 𝑒1 , 𝑒2 : extrude distances  
 𝑏 : Boolean type  
 𝑢 : extrude type  
 <EOS> ∅

the other input sequences to be further away. The method is trained 
in a self-supervised manner, using the reconstruction loss between 
the ground truth sequences and the reconstructed sequences, as well 
as a contrastive loss. Evaluation is performed on an unconditional 
generation task.

Several approaches leverage the multimodal characteristics of Cad
models by incorporating both geometric shape information and the 
knowledge encoded in corresponding command sequences into the 
learning process. In the following, we present the approaches that con-
sider sequential and geometric information for representation learning.

MultiCAD [37] presents a contrastive learning framework to align 
command sequence embeddings and corresponding point cloud embed-
dings. A two-stage training process is employed, first learning sequence 
embeddings under the guidance of geometry, followed by aligning the 
geometry embeddings with the learned sequence embeddings. During 
the first stage, contrastive learning is employed to align the embeddings 
of both inputs via a multimodal contrastive loss. Simultaneously, a 
decoder is trained to reconstruct input command sequences from the 
command sequence embeddings. In the second stage, the geometry 
encoder [46] is trained under the supervision of both the geometric and 
sequence embeddings. This strategy facilitates self-supervised training. 
Evaluation is performed on a point cloud reconstruction task and a 
point cloud classification task.

DH-CAD [38] employs a transformer encoder including cross-
attention to fuse command sequence and point cloud embeddings. 
The resulting latent vectors are passed to a context-aware transformer 
decoder for command sequence reconstruction. The decoding process 
includes an Mlp for command type prediction as well as command-
specific Mlps for parameter prediction. The method is trained in a 
self-supervised manner, using the reconstruction loss between the 
ground truth sequences and the reconstructed sequences. Evaluation 
is performed on an unconditional generation task and a retrieval task.

CF-CAD [39] employs a shared codebook along with a contrastive 
training strategy to align command sequence embeddings and corre-
sponding image embeddings. A codebook is a finite set of learnable 
embedding vectors used to discretize a continuous embedding space. 
Embeddings obtained from the encoders are mapped to their nearest 
codebook entries, further also referred to as codes, thereby transform-
ing continuous representations into discrete ones. This discretization 
has shown to offer several advantages over purely continuous em-
beddings [47]. In CF-CAD command sequence embeddings and im-
age embeddings are mapped to their closest embedding vector in the 
shared codebook and aligned using a contrastive loss. Furthermore, 
command sequence embeddings are augmented using dropout oper-
ations, enabling intra-modal alignment through the contrastive loss. 
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Fig. 7. Taxonomy and overall structure of the surveyed literature in Section 5.
Command sequence embeddings are passed to a transformer decoder 
to reconstruct the input command sequence. The method is trained 
in a self-supervised manner, using the reconstruction loss between 
the ground truth sequences and the reconstructed sequences, as well 
as the contrastive loss. Evaluation is performed on an unconditional 
generation task.

5. Learning-based 3D CAD model generation

Since the publication of DeepCAD [10], learning-based approaches 
for 3D Cad model generation are receiving increased attention within 
the research community. Fig.  7 illustrates the proposed taxonomy, 
which also defines the structure of this section. Fig.  8(a) shows trends 
in the surveyed literature, grouped by the tasks defined and presented 
in Section 1. Hybrid denotes methods that can be employed for both Cad
generation and Cad reconstruction. Early work predominantly focused 
on Cad reconstruction. More recently, the emphasis has shifted toward
Cad generation, which by 2025 occurs at a frequency comparable to
Cad reconstruction. Cad reverse engineering remains the least explored 
task in the literature.

Independent of the tasks, we identified four different types of output 
that are produced in the surveyed literature:

1. Command Sequence: Sequence of Cad modeling operations, 
mimicking the workflow of a human designer in Cad software. 
These command sequences can be executed directly in Cad soft-
ware to construct the corresponding Cad model.

2. CSG Tree: Geometric primitives and Boolean operations to com-
bine the primitives to construct the Cad model. We further 
distinguish by how geometric primitives are represented:
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• 3D Primitives: Parametric 3D primitives such as cuboids, 
spheres, or cones.

• Sketch-based Primitives: Primitives represented as 2D 
sketches and corresponding Cad operations (e.g., extrusion) 
to construct the 3D primitives.

3. BRep: Boundary representation (Brep) of a Cad model.
4. CAD Code: Executable code, e.g., Python code, to construct the
Cad model programmatically.

Fig.  8(b) shows trends in the literature, grouped by the aforemen-
tioned output types. The construction of Csg trees has been consistently 
addressed by individual studies over the years, though no new work 
appeared in 2025. Since the publication of DeepCAD [10], there has 
been a growing interest in producing command sequences, which has 
become the most extensively explored output type to date. In contrast, 
directly constructing Brep remains less explored. More recently, Cad
code has emerged as a novel and promising output type for learning-
based 3D Cad model generation. Further, we identified five types of 
methods in the surveyed literature:

• Transformer-based approaches
• Diffusion-based approaches
• Foundation models including pre-trained large language models 
(LLMs) or vision-language models (VLMs).

• Neural–analytical approaches combining learning-based and an-
alytical methods

• Other approaches including recurrent neural networks (RNNs), 
neurally-guided search, state space models, and reinforcement 
learning (RL).
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(a) Literature grouped by task.

  
(b) Literature grouped by output.

  
(c) Literature grouped by method.

 

Fig. 8. Trends in the surveyed literature, grouped by task (left), output (middle), and method (right).
Fig.  8(c) shows trends in the literature, grouped by the aforemen-
tioned methods. Early work explored neural–analytical methods and 
transformer-based neural networks. Over the past two years, diffusion-
based neural networks have attracted growing attention. Most recently, 
methods built on pre-trained foundation models are emerging and are 
explored as often as transformer and diffusion models for 3D Cad model 
generation in the past year.

In the following, we introduce the most commonly used evaluation 
metrics and subsequently review state-of-the-art learning-based meth-
ods for 3D Cad model generation, organized according to the previously 
defined tasks. Hybrid methods are presented in one of the respective 
sections. Additionally, we indicate where they can be applied to other 
tasks. For each task, we further group the literature by the type of 
output and sort by method and year of publication.

5.1. Evaluation metrics

In this section, we provide an overview of the most commonly 
used evaluation metrics for 3D Cad model generation. Most evaluation 
metrics can be computed independently of the generated output rep-
resentation. Based on their application, we categorize the evaluation 
metrics identified in this survey into four groups.

Geometric metrics evaluate how well the geometry of two Cad
models aligns. The two most commonly used metrics are:

• Chamfer Distance (CD) measures the similarity between two point 
clouds sampled from the surfaces of two Cad models. Lower is 
better.

• Intersection over Union (IoU) measures geometric overlap between 
two Cad models as the ratio of their intersecting volume to the 
total volume covered by both shapes. Higher is better.

Distribution metrics evaluate how well a generative model learns 
a ground truth (training) data distribution:

• Coverage (COV) measures the diversity of generated Cad models 
by computing the proportion of ground truth Cad models having 
at least one match after each generated shape is assigned to its 
nearest neighbor of the ground truth models based on Chamfer 
distance. Higher is better.

• Minimum Matching Distance (MMD) measures geometric similarity 
by computing the average Chamfer distance between each ground 
truth Cad model and the geometrically closest generated model. 
Lower is better.
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• Jensen–Shannon Divergence (JSD) measures the similarity between 
the ground truth data distribution and the learned distribution. 
Lower is better.

CAD metrics evaluate the robustness and uniqueness of the Cad
generation process:

• Valid measures the proportion of generated Cad models that are 
valid. Depending on the output representation, validity may refer 
to command sequences that can be executed in Cad software 
without errors, watertight Brep models with no open surfaces or 
invalid intersections, or Cad code that can be executed without 
errors to successfully construct a Cad model. Higher is better.

• Novel measures the proportion of generated Cad models that are 
not present in the training dataset. Higher is better.

• Unique measures the proportion of generated Cad models that 
appear only once during evaluation. Higher is better.

Command sequence metrics evaluate how well generated com-
mand sequences match the ground truth sequences. Assuming that each 
command consists of a command type and corresponding parameters, 
accuracy can be computed for both components:

• Command Accuracy (ACCcmd) measures the proportion of cor-
rectly predicted command types. Higher is better.

• Parameter Accuracy (ACCparam) measures the proportion of cor-
rectly predicted command parameters in case the corresponding 
command type has been predicted correctly. Higher is better.

While these are the most commonly used evaluation metrics, we 
note that, even when identical metrics are employed, direct comparison 
of methods based on reported experimental results is generally not 
feasible due to differences in experimental setups. In addition, a variety 
of further metrics tailored to specific inputs, methods, and outputs are 
used across the literature. Owing to their domain-specific nature, a 
detailed discussion of these metrics is beyond the scope of this survey.

5.2. CAD generation

Automated Cad generation enables designers to efficiently translate 
early design concepts into precise parametric Cad models suitable for 
downstream applications such as simulation and manufacturing. A 
central challenge lies in providing mechanisms that allow the designer 
to control the modeling process, ensuring that the resulting Cad model 
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Fig. 9. Sankey diagram of the literature addressing Cad generation with inputs, methods, and outputs.
satisfies predefined design requirements. Such control can be achieved 
through different forms of input. We distinguish the following types of 
input for Cad generation:

• Text: A natural language input.
• CAD: Command sequences, Breps, or Cad code.
• CAD + Text: A Cad model and natural language input.
• Class: A semantic class label defining the target object category.

Depending on the input, we distinguish different types of genera-
tion:

• Unconditional generation producing Cad models sampled from 
the learned data distribution.

• Controllable generation from natural language descriptions, se-
mantic class labels specifying an object category (e.g., chair or 
table), or other mechanisms for constraining the geometry or 
topology of the resulting model.

• Autocompletion of partial Cad models provided by the user.
• Editing of Cad models provided by the user. This includes the 
generation of random edits, edits of parts specified by the user, 
or edits from natural language descriptions.

• Interpolation between two Cad models provided by the user.

Table  4 gives an overview of the surveyed literature for Cad gen-
eration, summarizing the used methods, the types of input, the used 
training datasets, the generation types, and the used evaluation metrics. 
We deliberately refrain from reporting quantitative metric values, as 
doing so would imply comparability across methods, which is not jus-
tified given differences in datasets, data preprocessing pipelines, metric 
formulations, and inputs. Nevertheless, to provide the reader with an 
intuition for the order of magnitude of the reported performance, we 
summarize the range of metric values for unconditional generation 
methods trained on the DeepCAD dataset [10] in Table  5.

Fig.  9 shows the Sankey diagram of the literature presented in this 
section with inputs, methods, and outputs. The individual nodes are 
arranged to minimize link intersections.

5.2.1. Command sequence generation
Command sequence generation has been extensively studied in the 

surveyed literature, with approaches utilizing almost exclusively trans-
former, diffusion, and foundation models. In the following, we group 
the surveyed literature by method and sort it by year of publication.
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Transformer for Command Sequence Generation
DeepCAD [10] is the first work to address command sequence 

generation and introduces a learning-friendly representation that has 
been adopted by many subsequent methods operating on command 
sequences. A more detailed description of the DeepCAD approach and 
the learning-friendly command sequence representation is provided in 
Section 4.

SkexGen [15] facilitates the generation of command sequences from 
discrete codes, allowing the user to control the topology and the geom-
etry of the generated model. The method trains a transformer-based 
autoencoder to encode topological, geometrical, and extrude varia-
tions within command sequences into three distinct codebooks [47]. 
A separate autoregressive transformer decoder is trained to select com-
binations of codes from the three codebooks. The selected codes are 
subsequently passed to the decoder part of the autoencoder to generate 
command sequences. A user can influence the topology and the ge-
ometry of the generated command sequence by selecting codes from 
the respective codebooks and conditioning further code selection of 
the transformer decoder on these codes. Beyond this, SkexGen enables 
interpolation between Cad models.

HNC-CAD [48] represents command sequences as hierarchical trees 
comprised of solid, profile, and loop levels, where each node is rep-
resented as a code from a codebook. In the first training stage, a 
transformer-based autoencoder is trained to encode loop, profile, and 
solid variations of the command sequences into three distinct code-
books [47]. In a subsequent stage, an autoregressive transformer is 
trained to generate a new tree by selecting codes from the learned 
codebooks. The tree generation can be conditioned on the embeddings 
of a partial command sequence. A second autoregressive transformer is 
trained to generate the complete Cad command sequence given the code 
tree and the embeddings of the partial command sequence. Besides 
the autocompletion of partial sequences, the code tree representation 
allows the user to edit the sequence at different levels and perform 
design-preserving editing by, e.g., only changing specific codes of a 
given code tree while leaving others unchanged.

CAD Translator [49] enables command sequence generation from 
natural language descriptions. A transformer-based autoencoder is com-
bined with a contrastive learning strategy to align command sequence 
and text embeddings [71]. Additionally, the embeddings of both modal-
ities are mixed [72] to form a hybrid embedding. The decoder is 
trained to reconstruct the input sequence given both the text em-
bedding and the hybrid embedding. At inference time, the decoder 
generates command sequences solely from the text embeddings.
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Table 4
Overview of the surveyed literature for Cad generation. Literature sorted by (1) method, and (2) year of publication.
 Name Method Input Training dataset Generation type Evaluation metrics
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 Command sequence
 DeepCAD [10] Transformer – – – – – [10] 3 – – – – 3 3 3 – – –  
 SkexGen [15] Transformer – 3 – – 3 [10] 3 3 – – 3 3 3 3 3 3 –  
 HNC-CAD [48] Transformer – 3 – – – [10] 3 – 3 3 – 3 3 3 3 3 –  
 CAD Translator [49] Transformer 3 – – – – [49] – 3 – – – – 3 3 – – –  
 Text2CAD [16] Transformer 3 – – – – [10] – 3 – – – – – – – – –  
 CADTrans [50] Transformer – 3 – – 3 [10] 3 3 3 3 – 3 3 3 3 3 –  
 VQ-CAD [51] Diffusion – – – – – [10] 3 – – – – 3 3 3 3 3 –  
 Diffusion-CAD [52] Diffusion – 3 – 3 3 [10] 3 3 3 – – 3 3 3 3 3 3  
 RECAD [53] Diffusion – 3 – – 3 [10] 3 3 3 3 – 3 3 3 3 3 3  
 FlexCAD [54] Foundation – – 3 – – [10] – – – 3 – – – – – – –  
 CADFusion [55] Foundation 3 – – – – [10] – 3 – – – 3 3 3 – – 3  
 CAD-Editor [56] Foundation – – 3 – – [10] – – – 3 – – – 3 – – 3  
 CAD-GPTa [57] Foundation 3 – – – – [57] – 3 – – – – – – – – 3  
 Mamba-CAD [58] Other – – – – – [58] 3 – – – – 3 3 3 3 3 –  
 Boundary representation
 SolidGen [59] Transformer – – – 3 – [10,59] 3 3 – – – – – – 3 3 3  
 Stitch-A-Shape [60] Transformer – 3 – 3 – [10,11,61] 3 3 3 – – 3 3 3 3 3 3  
 BrepGPTa [62] Transformer 3 3 – 3 – [10,11,61] 3 3 3 – 3 3 3 3 3 3 3  
 BrepGen [61] Diffusion – 3 – 3 – [10,11,61] 3 3 3 – 3 3 3 3 3 3 3  
 CMTa [63] Diffusion 3 – – – – [10,11,63] 3 3 – – – 3 3 3 3 3 3  
 BRepGiff [64] Diffusion – – – – – [10] 3 – – – – 3 3 3 3 3 3  
 BRepDiff [65] Diffusion – 3 – – – [10,11] 3 – 3 – 3 3 3 – – – –  
 HoLaa [66] Diffusion 3 – – – – [10] 3 3 – – – 3 3 3 – – 3  
 CAD code
 LLM4CAD [67] Foundation 3 – – – – training-free – 3 – – – – – – – – 3  
 CADCodeVerify [68] Foundation 3 – – – – training-free – 3 – – – – – – – – 3  
 CAD-Llama [69] Foundation 3 – 3 – – [10] 3 3 3 3 – 3 3 3 3 – 3  
 ReCADa [70] Foundation 3 – 3 – – [10] – 3 – 3 – – – – – – 3  
a Also applicable to Cad reconstruction.
Table 5
Range of reported values for unconditional generation on the DeepCAD dataset [10]. These values are provided solely to give 
an intuition for the order of magnitude of the metrics and should not be used for quantitative comparison between methods, as 
differences in experimental setups preclude direct comparability.
 Metrics

 COV ↑ MMD ↓ JSD ↓ Novel ↑ Unique ↑ Valid ↑  
 Range 45.03–89.54 0.77–1.62 0.54–3.76 80.64–99.90 97.10–99.90 62.90–99.90 
Text2CAD [16] facilitates command sequence generation from natu-
ral language descriptions of different levels of abstraction. A pre-trained 
text encoder [43] computes text embeddings, which are further adapted 
to the Cad-specific domain through an additional trainable transformer 
encoder block. A transformer decoder is trained to autoregressively 
reconstruct the ground truth command sequences given the text embed-
dings. To facilitate training, the authors design a multi-stage annotation 
pipeline that combines an LLM [73] and a VLM [74] to generate 
diverse, semantically rich descriptions of Cad models from the DeepCAD
dataset. The generated descriptions cover different levels of abstraction, 
including both high-level and fine-grained parametric details of the 
models.

CADTrans [50] follows the ideas of SkexGen [15] and HNC-CAD [48] 
by representing command sequences as a hierarchical tree of discrete 
codes at the loop, profile, and solid levels, facilitating command se-
quence generation and different types of user control. The method 
combines codebook [47] and adversarial learning [75] to encode loop-, 
profile-, and solid-level information contained in the command se-
quences into three separate codebooks. In a second training stage, 
a transformer decoder is trained to generate sequences of discrete 
codes. The resulting hierarchical code tree then serves as guidance for 
a subsequent transformer model that generates the final parameter-
ized command sequences. This approach enables interactive editing, 
11 
autocompletion of partial models, and user-controlled generation by 
specifying different code tree structures.
Diffusion for Command Sequence Generation

VQ-CAD [51] presents the first diffusion-based framework for com-
mand sequence generation. The method is built on the hierarchical 
tree representation of HNC-CAD [48]. Separate adapted variational 
autoencoders (VAEs) [47] are trained to encode command sequence 
variations at the loop, profile, and solid levels into distinct codebooks. 
In the second training stage, ground truth command sequences are 
converted into corresponding code trees, which are then used to train 
a transformer decoder to reconstruct the command sequences. Finally, 
a discrete diffusion model [76] is trained to generate code trees, which 
are subsequently decoded into command sequences using the decoder 
trained in the previous stage. The authors propose to generate code 
trees from object images by incorporating their embeddings into the 
diffusion process via cross-attention [77,78].

Diffusion-CAD [52] facilitates command sequence generation from 
semantic class labels as well as user control over command types, 
command parameters, and geometric constraints. The method lever-
ages a latent diffusion model, which allows the user to control the 
generation process in various ways. Input command sequences are first 
mapped into a continuous embedding space, where Gaussian noise is 
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iteratively added during the forward diffusion process. The denoising 
network [43] is trained to recover the original embeddings, from which 
an Mlp predicts command types and parameters. At inference time, 
Gaussian noise is sampled and denoised to produce embeddings that 
are subsequently decoded into command sequences. For command-
type control, command-parameter control, and autocompletion, the 
embeddings of the corresponding commands, parameters, or partial 
sequences are computed and used to define a modified noise distri-
bution, from which the initial noise vector is sampled alongside the 
standard Gaussian distribution. For geometric constraint control, equa-
tions representing the desired constraints, e.g., perpendicularity, are 
formulated and inserted into the sequence at each denoising step. For 
class-conditional generation, a classifier-guided approach is employed.

RECAD [53] introduces a two-stage diffusion-based framework for 
command sequence generation, facilitating autocompletion, control 
over extrusion boxes, and editing of sketch images. The authors propose 
a novel representation in which sketches are represented as binary 
images, paired with parameterized extrusion boxes that define the 
corresponding 3D operations. The generation process is decomposed 
into two stages. A transformer-based denoising network generates a set 
of extrusion boxes. Given the extrusion boxes, a UNet-based denoising 
network generates the associated sketch images.
Foundation Models for Command Sequence Generation

FlexCAD [54] facilitates the generation of design variations of com-
mand sequences provided by the user. The method first converts the 
command sequences into a structured text representation suitable for 
processing by a pre-trained LLM [79]. For model fine-tuning, hierarchi-
cal masking is applied at different construction levels of the command 
sequences, i.e., sketch, loop, and extrude levels. The LLM is fine-tuned 
to generate the unmasked sequence, given the masked sequence as well 
as natural language instructions. At inference time, the user selects 
parts of an input sequence to be masked, and the LLM generates 
multiple alternatives to replace the masks with.

CADFusion [55] allows the generation of command sequences from 
natural language descriptions. The method employs a two-stage train-
ing strategy. In the sequential learning stage, a LLM [79] is fine-tuned on 
pairs of textual descriptions and corresponding command sequences. In 
the visual feedback stage, the LLM is further optimized via direct prefer-
ence optimization [80]. Based on the textual instructions, a VLM [81] 
provides feedback by scoring rendered images of the Cad models. An 
alternating training schedule is employed to balance sequential learn-
ing with visual feedback. To facilitate training, the authors construct a 
dataset of text–command sequence pairs by leveraging a VLM. The Cad
model descriptions generated by the VLM are further refined through 
human feedback.

CAD-Editor [56] enables command sequence editing from natural 
language editing instructions. The method employs a two-stage training 
strategy. In the locating stage, an LLM [79] is fine-tuned to generate 
masked command sequences from the original unmasked sequences and 
textual editing instructions, where mask tokens denote positions requir-
ing modification. In the infilling stage, a second LLM [79] is fine-tuned to 
generate the edited command sequences from the original sequences, 
the editing instructions, and the masked sequences generated in the 
first stage. To support training, the authors design an automated data 
synthesis pipeline that leverages foundation models [79,82] to generate 
triplets of data from the DeepCAD dataset, each consisting of an original 
command sequence, a textual editing instruction, and a corresponding 
edited sequence.

CAD-GPT  [57] enhances a pre-trained large language model [83] 
with spatial reasoning capabilities to generate command sequences 
from text or image inputs. To this end, the authors extend the model’s 
vocabulary with special tokens representing sketch plane orientations, 
3D point coordinates, and 2D sketch coordinates. These tokens are 
further augmented with learnable positional embeddings to better en-
code spatial information. For fine-tuning, the authors construct a novel 
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dataset consisting of image–text–command sequence triplets. To incor-
porate visual information, a pre-trained vision transformer is used in 
conjunction with an adaptive Mlp that aligns visual features with the 
language model’s embedding space.
Other Methods for Command Sequence Generation

Mamba-CAD [58] addresses the limitation of short command se-
quences by leveraging state space models to generate substantially 
longer command sequences than prior methods. Specifically, the
method employs Mamba [84], a discrete state space model that has 
demonstrated strong capability in modeling long-range dependencies. 
Similar to DeepCAD [10], the approach first performs pre-training of 
an encoder–decoder architecture to learn an expressive latent repre-
sentation of command sequences. The encoder consists of four Mamba 
blocks followed by a compression block that reduces the dimensionality 
of the latent space. The decoder uses transposed convolution layers 
followed by a prediction head to infer command types and associated 
parameters. Subsequently, a 1D latent-GAN [85] is trained to generate 
latent vectors from Gaussian noise, which are then passed through the 
decoder to generate complete command sequences. While the method is 
limited to random generation, it demonstrates the effectiveness of state 
space models for producing longer command sequences compared to 
prior approaches.

5.2.2. BRep generation
Both transformer-based and diffusion-based approaches have been 

explored for Brep generation. In the following, we group the surveyed 
literature by method and sort it by year of publication.
Transformer for BRep Generation

SolidGen [59] facilitates Brep generation from semantic class la-
bels, leveraging three autoregressive transformer models. The models 
sequentially generate the vertices, edges, and faces of the Brep. For 
edge and face generation, two additional pointer networks [86] are 
employed, enabling edges to refer to the previously generated vertices, 
and faces to refer to previously generated edges, ultimately generating 
a coherent Brep. Learned class embeddings are passed as start-of-
sequence embeddings to the individual transformer models, enabling 
class-conditional generation.

Stitch-A-Shape [60] introduces a transformer-based Brep genera-
tive framework that separates geometry and topology generation. The 
method sequentially generates vertices, predicts their connectivity, 
identifies and classifies loops, and subsequently predicts curve and 
face geometry. Compared to prior Brep generative approaches, Stitch-A-
Shape supports the generation of open surfaces and compound solids. 
Beyond random generation, the method enables autocompletion from 
partial face inputs as well as class-conditional generation.

BrepGPT  [62] presents a novel Brep representation to facilitate
Brep generation. The model is represented as a sequence of vertex 
features where each vertex feature contains information on its 3D 
coordinates, topological relationships to other vertices, as well as geo-
metric and topological information derived from connected half-edges, 
termed the Voronoi-half patch representation. Vertex features are tok-
enized and subsequently passed to a GPT-style transformer, which is 
trained to autoregressively generate new vertex tokens. These tokens 
are subsequently detokenized to reconstruct the Brep. Beyond random 
generation, the method supports class-conditional generation as well 
as generation from point clouds, images, or text. In addition, BrepGPT
enables Brep autocompletion and shape interpolation.
Diffusion for BRep Generation

BrepGen [61] enables both Brep generation from semantic class 
labels as well as the autocompletion of partial Breps and shape in-
terpolation. The authors propose a structured latent geometry repre-
sentation, transforming Brep into a hierarchical tree structure. As in
UV-Net [12], position and local geometry are extracted for faces, edges, 
and vertices, respectively, and encoded as tree node features [29]. 
During the forward diffusion process, Gaussian noise is iteratively 
added to the node features, generating corrupted Brep geometry and 
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topology. Subsequently, four transformer-based denoisers sequentially 
remove the added noise in the tree, from faces to edges and then to 
vertices. Finally, a set of heuristics is used to find duplicated nodes in 
the tree and explicitly decode the generated Brep topology.

CMT  [63] facilitates Brep generation from a variety of different in-
puts, including natural language descriptions, point clouds, or images. 
The method leverages two distinct VAEs [87] to obtain sequences of 
tokens representing the edges and the surfaces of the ground truth
Brep. A unified multimodal encoder [88] computes text, point cloud, or 
image embeddings. Random masking is applied to both the sequences 
of edge and surface tokens using learnable mask tokens. Given the input 
embeddings, two consecutive diffusion-based networks [89] generate 
the unmasked edge and surface token sequences. A topology predictor 
employs cross-attention [1] to predict the topological relationships 
between the generated edge and surface tokens. To facilitate training, 
the authors introduce the mmABC dataset which contains over 1.3M
Cad models annotated with multi-view images, textual descriptions, and 
point cloud information.

BRepGiff  [64] proposes a 3D graph diffusion approach for Brep
generation. For training, the Brep is converted into a 3D graph, where 
nodes correspond to face centroids in 3D space. Node features are 
computed similar to UV-Net [12]. In the forward diffusion process, 
graph edges are selectively removed and node features are progres-
sively noised. For the denoising process, a graph attention network is 
trained to reconstruct the original, uncorrupted graph, which is subse-
quently decoded into a valid Brep. The method does not support guided 
generation. Instead, it focuses on the efficient random generation of 
valid, complex Brep, achieving lower computational costs compared to 
related approaches.

BRepDiff  [65] employs a single-stage diffusion-based approach for
Brep generation, enabling autocompletion, merging, and interpolation 
of Breps. The method introduces a novel Brep representation, explicitly 
representing each face as grid of points sampled on each faces’ sur-
face, along with a visibility mask [12]. During the forward diffusion 
process, Gaussian noise is iteratively added to the explicit point coordi-
nates, producing a noisy model representation. A diffusion transformer 
model [90] is trained to reconstruct the denoised representation. Post-
processing yields the final Brep.

HoLa [66] addresses the limitation of prior Brep generation methods 
that rely on multi-stage training pipelines and learn separate latent 
spaces for different Brep entities, i.e., vertices, edges, and faces. Instead, 
the method trains a VAE to learn a unified holistic latent space. The 
encoder employs a Gnn and a self-attention module to obtain holistic 
per-surface latent vectors. Given pairs of surface latent vectors a neural 
intersection module is trained to recover the latent vectors of their 
intersecting curve. A subsequent decoder takes pairs of surface latents 
together with the generated curve latents to reconstruct the input
Brep. In a second training stage, a latent diffusion model is trained to 
generate a fixed set of surface latent vectors conditioned on an external 
vector. The generated surface latents are then processed by the neural 
intersection module and the decoder to generate the complete Brep. The 
conditioning vector may be derived from different modalities, including 
text, point clouds, or images.

5.2.3. CAD code generation
To date, only foundation models have been investigated for Cad

code generation. In the following, we sort these approaches by year 
of publication.

LLM4CAD [67] represents one of the earliest efforts to leverage pre-
trained LLMs for Cad generation. The method employs different GPT-4 
models [82] in a zero-shot setting to generate CadQuery code [27] from 
text or text–image pairs. A self-debugging mechanism allows the LLM 
to iteratively refine the generated code in the presence of syntax errors 
until executable code is produced. For evaluation, the authors construct 
a synthetic dataset comprising five classes of mechanical components, 
i.e., shafts, nuts, flanges, springs, and gears.
13 
Both CADCodeVerify [68] and CAD-Llama [69] facilitate Cad code 
generation from natural language descriptions. CADCodeVerify [68] 
proposes an iterative refinement loop comprising code generation from 
natural language descriptions, as well as the automated generation of 
feedback to refine the generated code. Initially, a VLM generates Cad-
Query code [27] from a natural language description. The generated 
code is executed by the Python interpreter. In case of syntax errors, the 
error message is used as feedback for the VLM. This process is repeated 
until the code can be executed and a Cad model can be rendered. 
Further, a feedback loop is used to refine the code and address discrep-
ancies in the generated design. The feedback is generated in a two-step 
process. First, the VLM generates a set of yes/no verification questions 
given the natural language description of the object and a few example 
questions. Next, the VLM answers these questions using reference im-
ages of the rendered Cad model, using Chain-of-Thought [91], where 
each answer is accompanied by supporting reasoning. The question–
answer pairs are passed to the VLM to generate feedback for code 
refinement. The generated feedback, previously generated code, natural 
language instructions, and, optionally, images of the rendered Cad
model are passed to the VLM to generate the refined Cad code.

CAD-Llama [69] introduces a Python-like Cad code representation 
referred to as Structured Parametric CAD Code (SPCC), which is derived 
from command sequences. To construct the SPCC corpus, the authors 
leverage GPT-4o [92] to generate detailed structural text descriptions, 
which are integrated into the corresponding sections of the Cad code. A 
LLM [79] is then pre-trained on this SPCC corpus. To enhance contex-
tual understanding, a pre-trained CLIP [32] model is employed to group 
similar Cad models, enabling the LLM to focus on subtle geometric 
differences during training. The pre-trained model is subsequently fine-
tuned on several Cad-centric instructional datasets [69] derived from 
the SPCC corpus, each designed to address specific downstream Cad
tasks, including autocompletion and editing.

ReCAD [70] combines pre-trained VLMs with RL to generate param-
eterized Cad code. Cad models are represented as hierarchical composi-
tions of primitives, including loops, faces, sketches, and sketch–extrude 
operations, expressed in a structured code representation. Training 
proceeds in two stages: supervised fine-tuning on multimodal image–
text–code data, followed by RL using group-relative policy optimiza-
tion [93] to refine geometric accuracy without a value network. Cur-
riculum learning is employed to progressively increase modeling com-
plexity. The generation process is formulated as a question-answering 
task guided by the parameterized code representation, encouraging 
outputs that respect geometric and engineering constraints.

5.3. CAD reconstruction

Cad reconstruction facilitates the transformation of physical objects 
into precise, digital models, hence allowing for design modifications 
and automated quality control. In the surveyed literature, Cad models 
are reconstructed from diverse geometric inputs including (1) point 
clouds, (2) voxel representations, (3) image(s), (4) text and image(s) 
or (5) other inputs such as hand-drawn sketches.

Table  6 gives an overview of the surveyed methods for Cad re-
construction, summarizing the used methods, the types of input, the 
used training datasets, and the used evaluation metrics. We deliberately 
refrain from reporting quantitative metric values, as doing so would 
imply comparability across methods, which is not justified given dif-
ferences in datasets, data preprocessing pipelines, metric formulations, 
and inputs. Instead, we refer the reader to the experimental sections 
of the respective papers. Fig.  10 shows the Sankey diagram of the 
literature presented in this section with inputs, methods, and outputs. 
The individual nodes are arranged to minimize link intersections.
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Table 6
Overview of the surveyed literature for Cad reconstruction. Literature sorted by (1) method and (2) year of publication.
 Name Method Input Training dataset Evaluation metrics
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Command sequence
Free2CAD [94] Transformer – – – – 3 [94] – – – – – 3  
View2CAD [19] Transformer – – 3 – – [19] 3 3 3 – 3 –  
CAD-SIGNet [95] Transformer 3 – – – – [10] – – 3 – 3 –  
TransCAD [17] Transformer 3 – – – – [10] – – 3 – 3 3  
Drawing2CAD [96] Transformer – – – – 3 [96] 3 3 3 – 3 –  
Img2CAD [97] Transformer – – 3 – – [97] 3 3 3 – 3 –  
PFCAD [98] Transformer 3 3 – – 3 [10] 3 3 3 – 3 –  
RenCAD [99] Transformer 3 – – – – [10] 3 3 3 – 3 –  
CAD-Diffuser [100] Diffusion 3 – – – – [10] 3 3 3 3 3 –  
CADCrafter [101] Diffusion – – 3 – – [10] 3 3 3 – 3 –  
GenCAD [102] Diffusion – – 3 – – [10] – – – – – 3  
GenCAD-Self-Repairing [103] Diffusion – – 3 – – [103] – – – – 3 3  
GenCAD-3D [104] Diffusion 3 – – – 3 [10,104] 3 3 3 3 3 3  
Sketch2Seq [105] Other – – – – 3 [105] – – – – – 3  
DAFU-CAD [106] Other – – – – 3 [106] – – – – – 3  
Csg tree
Csg Tree with 3D Primitives
UCSG-Net [107] Neural–Analytical – 3 – – – [108] – – 3 – – –  
CSG-Stump [109] Neural–Analytical 3 – – – – [108] – – 3 – – –  
CAPRI-Net [110] Neural–Analytical – 3 – – – [11,108] – – 3 – – 3  
D2CSG [111] Neural–Analytical 3 – – – – training-free – – 3 – – 3  
CSG-Net [112] Other – 3 – – – [112] – – 3 3 – –  
Csg Tree with Sketch-based Primitives
Point2skh [113] Transformer 3 – – – – [10] 3 3 3 – – 3  
ExtrudeNet [18] Neural–Analytical 3 – – – – [108] – – 3 3 – 3  
ReconPris [114] Neural–analytical – 3 – – – [10] – – – 3 3 3  
Point2Cyl [115] Neural–Analytical 3 – – – – [10,40] – – – – – 3  
SECAD-Net [116] Neural–Analytical – 3 – – – [11,40] – – 3 – – 3  
SfmCAD [117] Neural–Analytical – 3 – – – [11,108,117] – – 3 – – 3  
MV2Cyl [118] Neural–Analytical – – 3 – – [10,40] – – – – – 3  
Boundary representation
ComplexGen [119] Transformer 3 – – – – [11] – – – – – 3  
CADDreamer [120] Diffusion – – 3 – – [10,11] – – 3 – – 3  
Point2CAD [121] Neural–Analytical 3 – – – – [11] – – 3 – – 3  
Split-and-fit [122] Neural–Analytical 3 – – – – [11] – – 3 – – 3  
Cad code
CAD-Recode [20] Foundation model 3 – – – – [20] – – 3 3 3 –  
OpenECAD [123] Foundation model – – – 3 – [123] – – – – – 3  
CAD-Assistanta [124] Foundation model 3 – 3 – 3 training-free – – – – – 3  
CAD-Coder [125] Foundation model – – – 3 – [125] – – – 3 3 –  
 Also applicable to Cad generation.
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.3.1. Command sequence reconstruction
Both transformer and diffusion-based approaches have been ex-

lored for command sequence reconstruction. In the following, we 
roup the surveyed literature by method and sort it by year of pub-
ication.
ransformer for Command Sequence Reconstruction
Free2CAD [94] introduces a framework for generating command 

equences from hand-drawn 3D sketches. The central challenge is to 
roup the individual strokes of the input sketch according to the 
orresponding Cad commands. To address this, the authors combine a 
ransformer-based network for stroke grouping with a Cnn-based mod-
le that reconstructs operations by predicting command parameters for 
ach stroke group and refining those of previously predicted groups. 
his design enables the autoregressive generation and refinement of 
ommand sequences.
View2CAD [19] enables command sequence reconstruction from 
ulti-view images. A pre-trained image encoder [126] extracts image 
eatures, which are passed to a preliminary transformer decoder to gen-
rate intermediate command sequence embeddings. These embeddings 
g

14 
re processed by a subsequent autoregressive transformer decoder, 
enerating the final command sequence.
Both CAD-SIGNet [95] and TransCAD [17] facilitate command se-

uence reconstruction from point clouds. CAD-SIGNet [95] extracts 
oint cloud features using a local feature aggregation module [127]. 
iven the point cloud features, a transformer decoder autoregressively 
enerates sequences of sketch and extrude tokens. In contrast to the 
onventional design workflow, where sketch commands precede their 
orresponding extrusions, CAD-SIGNet first predicts extrusion tokens, 
ollowed by the associated sketch tokens. The generated extrusion 
okens guide the selection of a relevant subset of the point cloud for 
ubsequent sketch generation. The user may provide a partial command 
equence, which is autoregressively completed based on the given point 
loud.
TransCAD [17] is comprised of a point cloud encoder [46], a loop-

xtrusion decoder, and parallel loop and extrusion decoders. The loop-
xtrusion decoder takes a set of learned embeddings as input and 
enerates a sequence of high-level embeddings. The decoder integrates 
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Fig. 10. Sankey diagram of the literature addressing Cad reconstruction with inputs, methods, and outputs.
point cloud features via its cross-attention module. Subsequently, each 
embedding is classified as a loop or as an extrusion embedding. Based 
on the classification, the individual embeddings are processed by either 
the loop or the extrusion decoder, which predicts the respective com-
mand parameters. In the last step, a loop refiner predicts the error of 
the predicted quantized loop parameters, improving parameter quality.

Drawing2CAD [96] presents the first approach to enable the re-
construction of command sequences directly from 2D technical draw-
ings represented as scalable vector graphics (SVG). To this end, the 
method introduces a network-friendly representation of SVG draw-
ings. The input drawings are embedded using an Mlp followed by a 
transformer encoder. Based on the embedding vector, two separate 
transformer decoders are employed to predict command types and 
command parameters, respectively. Since each command type requires 
a specific set of parameters, the method conditions the parameter 
prediction on the predicted command type, thereby enhancing pa-
rameter prediction. To facilitate training, the authors introduce the
CAD-VGDrawing dataset, derived from the DeepCAD dataset, which com-
prises engineering drawings paired with their corresponding command 
sequences.

Img2CAD [97] proposes a transformer-based architecture
augmented with additional geometric feature extraction to reconstruct 
command sequences from single-image inputs. Inspired by prior work 
[128], the method derives a vectorized wireframe representation from 
the input image that captures line segments and their associated 
endpoints. A transformer decoder incorporates both wireframe features 
and image features extracted by a pre-trained vision transformer, to 
autoregressively generate the output command sequence. For training 
and evaluation, the authors introduce two new datasets: (1) ABC-mono, 
an extension of the ABC dataset that includes command sequences 
paired with rendered images or sketches, and (2) KOCAD, which con-
tains around 100 command sequences aligned with real-world images 
of the corresponding manufactured objects captured under varying 
conditions.

PFCAD [98] introduces a dual-transformer architecture for recon-
structing command sequences from discrete 3D representations, includ-
ing point clouds, meshes, and voxels. A global transformer decoder 
first processes geometry features produced by a suitable encoder to 
generate a sequence of global Cad features. These features along with 
a target mask are then passed to a second, autoregressive transformer 
decoder, which predicts a sequence of local Cad features. An attention-
based parameter adaptor processes global and local features to predict 
the final command types and associated command parameters of the 
command sequence.
15 
RenCAD [99] proposes an end-to-end autoregressive framework 
for reconstructing command sequences from point clouds. A central 
component is a group-based point cloud tokenization module that 
captures local geometric structures by partitioning the point cloud 
into local groups using farthest point sampling followed by k-nearest 
neighbors. Each group is can be seen as a token and is embedded 
using a leightweight PointNet++ [46]. The resulting embeddings are 
further processed by a transformer-based point cloud encoder to obtain 
the final point cloud embeddings. Point cloud and command sequence 
embeddings, are fed into a transformer decoder that autoregressively 
generates latent command embeddings. A final generator with three 
MLP-based sub-decoders predicts the command type, command pa-
rameters, and extrusion parameters, while applying command-specific 
masks to exclude invalid parameter predictions.
Diffusion for Command Sequence Reconstruction

CAD-Diffuser [100] presents a novel, multimodal discrete diffusion 
approach to reconstruct command sequences from point clouds. The 
method leverages dedicated point cloud and command sequence tok-
enizers to combine both modalities at a token level, yielding a joint 
token sequence for processing by the diffusion model. During the 
forward diffusion process, a volume-based noise schedule is employed, 
iteratively masking tokens in the input sequence until the sequence is 
fully masked. The denoiser [43] is trained to recover the unmasked 
command sequence from the masked command sequence. During in-
ference, the command sequence is reconstructed, given the tokenized 
input point cloud.

CADCrafter [101] presents a latent diffusion framework for recon-
structing command sequences from both single-view and multi-view 
images of an object. The diffusion model operates in the latent space of 
command sequences learned by a transformer-based autoencoder [10]. 
In the forward diffusion process, Gaussian noise is iteratively added to 
the latent vector. The denoising network is trained to reconstruct the 
original latent vector. A pre-trained geometry extractor [129], DINO-
V2 [130], and a transformer-based geometry encoder extract image 
features that serve as conditioning for the denoising network. Knowl-
edge from the multi-view encoder is distilled to a single-view encoder 
by reducing the distance between the respective image features. In 
the last step, the diffusion model is fine-tuned via direct preference 
optimization [80] using feedback from the Python interpreter, which 
indicates whether generated command sequences are executable or 
not. Training on synthetic textureless images enhances the model’s 
applicability to real-world image inputs.

GenCAD [102] introduces a four-stage diffusion-based framework 
for reconstructing command sequences from images. The method em-
ploys Cad–image contrastive pre-training to align image embeddings 
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with command sequence embeddings, obtained by training a
transformer-based encoder–decoder in a prior stage. Subsequently, an 
image-conditioned latent diffusion model [29] with a ResNet–Mlp de-
noising neural network [131] is trained to generate command sequence 
embeddings from image input. During inference, the diffusion model 
generates a command sequence embedding from noise conditioned on 
the image embedding, which is then decoded into a command sequence 
using the transformer-based decoder trained in the initial stage.

GenCAD-Self-Repairing [103] extends the work of GenCAD [102] 
by explicitly targeting the generation of invalid command sequences, 
i.e., sequences that cannot be executed by a Cad kernel. The authors 
introduce a guided latent diffusion framework that biases generation 
toward latent vectors which result in valid command sequences. Guid-
ance is provided by a latent space classifier that estimates the feasibility 
of a latent vector, and a self-supervised regression model that is trained 
to predict latent vectors associated with valid execution. Further, the 
method employs a self-repair mechanism. When execution of a gener-
ated command sequence fails, the corresponding latent vector is passed 
through the regression model to predict a new latent vector, ultimately 
increasing the rate of valid command sequences compared to GenCAD. 
To train the latent classifier, the authors construct a dataset based on 
the GenCAD dataset, in which latent vectors are paired with validity 
labels.

GenCAD-3D [104] extends GenCAD [102] by enabling command 
sequence generation from meshes, point clouds, and point clouds aug-
mented with normal vectors. To this end, modality-specific encoders 
are trained, and their latent embeddings are aligned with command 
sequence embeddings via contrastive learning. In addition, the authors 
introduce a dataset that augments DeepCAD [10] with synthetically 
generated models to address sequence-length imbalance.
Other Methods for Command Sequence Reconstruction

Sketch2Seq [105] is closely related to the work by Free2CAD [94] 
and proposes a framework for command sequence reconstruction from 
single hand-drawn sketches. To this end, the authors combine a feature 
extraction module with a graph attention network to segment the 
input sketch according to modeling operations, i.e., extrude, cut, fillet, 
and chamfer. Given the segmented sketch, multiple feasible candi-
date sequences of modeling operations are generated, executed, and 
optimized using the input sketch. The sequence that minimizes the 
discrepancy between the input sketch and the sketch of the generated 
model is selected. For training, the authors derive a novel feature-
based Cad sketch segmentation dataset from the Fusion 360 segmentation
dataset [13].

DAFU-CAD [106] extends prior sketch-to-Cad generation methods 
by introducing a depth-assisted feature-disentanglement network for 
classifying sketches into corresponding modeling operations. The net-
work is jointly trained on sketches and depth maps, disentangling 
sketch features into geometry features shared with the depth domain 
and style features specific to the sketch domain, which improves robust-
ness to unseen drawing styles. After operation classification, operation-
specific parameters are predicted and refined using the input sketch and 
the rendered Cad model. To enable training across diverse operations, 
the authors introduce a dataset covering multiple drawing styles and a 
range of modeling operations, including spirals, pyramids, and spheres, 
which are challenging for prior methods. However, the approach is lim-
ited to single operations and does not generate sequences of modeling 
operations.

5.3.2. CSG tree reconstruction
As previously discussed, we divided Csg tree reconstruction into 

approaches that directly use 3D primitives and those that decompose 
3D primitives into 2D sketches and corresponding Cad operations. Some 
of the presented methods may not directly produce outputs that are 
compatible with integration into Cad software, such as those based 
on implicit shape representations like signed distance functions [42]. 
In such cases, post-processing is required to convert the results into 
parametric sketch curves or 3D primitives. In the following, the term 
shape embedding refers to the feature vector computed from the input 
point cloud, voxel grid, or image using a suitable encoder.
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5.3.2.1. 3D primitives.
With the exception of a single work, exclusively neural–analytical 

approaches have been employed for Csg tree reconstruction using 
3D primitives. In the following, we group the surveyed literature by 
method and sort it by year of publication.
Neural–Analytical Methods for CSG Tree Reconstruction with 3D 
Primitives

The following approaches employ Mlp-based neural networks to 
predict the parameters of 3D primitives and the Boolean operations 
to combine them. Implicit shape representations are obtained by com-
puting signed distance or occupancy values [42,132] for sampled 3D 
points, enabling unsupervised training through reconstruction losses 
between predicted and ground truth occupancies.

UCSG-Net [107] facilitates reconstruction from a voxelized input 
shape. An Mlp predicts the parameters of a fixed set of cuboid and 
sphere primitives from the shape embedding. Subsequent trainable
Csg-layers dynamically perform Boolean operations, yielding test point 
occupancy values [132] of the reconstructed shape. Each layer is in-
formed about the current reconstruction state by a gated recurrent unit 
(GRU) [133], enabling a dynamic selection of the shapes to combine.

CSG-Stump [109] proposes a novel, three-layer reformulation of the 
classic Csg tree representation, referred to as CSG-Stump, facilitating 
reconstruction from point clouds. The nodes at the three different levels 
perform complement, intersection, and union operations, respectively. 
The method employs a 3D Cnn [134] and an Mlp to predict the 
parameters of a fixed number of cuboid, sphere, cylinder, and cone 
primitives. Three distinct linear layers predict connection matrices, 
determining which primitives to select for the operations at the re-
spective CSG-Stump layers. Given the connection matrix, test point 
occupancy values [132] of the reconstructed shape are obtained using 
the CSG-Stump formulation.

CAPRI-Net [110] facilitates reconstruction from a voxelized input 
shape and represents primitives as parameterized convex quadric sur-
faces. Given the shape embedding, an Mlp predicts the parameters of 
a fixed set of quadric surface primitives. A trainable selection matrix 
selects a subset of primitives for combination using sequential intersec-
tion, union, and difference operations, yielding test point occupancy 
values [132] of the reconstructed shape.

D2CSG [111] operates on a learnable feature vector rather than 
directly on the input shape, enabling reconstruction from point clouds. 
For each input point cloud, this feature vector and the neural network 
parameters are jointly optimized to reconstruct the input shape. The 
authors argue that such per-shape optimization is particularly suitable 
for Cad data due to the high structural and topological diversity of Cad
models. Given the feature vector, an Mlp predicts two sets of primitives, 
each containing convex and inverse-convex primitives. These sets are 
processed by two separate branches, each equipped with trainable Csg-
layers that perform intersection and union operations. The resulting 
intermediate shapes are then combined via a difference operation to 
obtain test point occupancy values [132] of the reconstructed shape.
D2CSG is capable of modeling complex concavities in the reconstructed 
shapes, which were not achievable in previous methods.
Other Methods for CSG Tree Reconstruction using 3D Primitives

CSG-Net [112], employs an RNN to generate sequences of Csg
instructions from voxelized input shapes. These instructions specify 
both the generation of 3D primitives (sphere, cuboid, cylinder) and 
their combination through Boolean operations (union, difference, in-
tersection). The network is trained either in a supervised setting, using 
ground truth instruction sequences, or via RL, where the geometric 
reconstruction loss between the input shape and the generated shape 
serves as a reward signal.
5.3.2.2. Sketch-based primitives.

Similar to reconstruction with 3D primitives, the majority of exist-
ing work employs neural–analytical methods for Csg tree reconstruction 
using sketch-based primitives, with only a single study investigating 
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the use of a transformer-based model. In the following, we group the 
surveyed literature by method and sort it by year of publication.
Transformer for CSG Tree Reconstruction with Sketch-based Prim-
itives

Point2skh [113] facilitates Csg tree reconstruction from point clouds. 
The individual primitives are represented as sequences of Cad com-
mands, as in [10]. In contrast to neural–analytical methods that im-
plicitly represent sketches using signed distance functions, Point2skh
directly predicts explicit sketch primitive parameters, enabling more 
accurate and faithful sketch reconstruction. A point cloud segmenta-
tion network [46] decomposes the input point cloud into subsets of 
points corresponding to individual extrusion operations [115]. Each 
point subset is then processed by a denoising transformer that pre-
dicts the parameters of the associated sketch commands, producing 
a sequence of sketch operations. Additionally, a base–barrel point 
segmentation is performed to facilitate the estimation of extrusion 
parameters, yielding the complete sketch-and-extrude primitive infor-
mation. The final model is reconstructed by combining the individual 
extrusion primitives.
Neural–Analytical Methods for CSG Tree Reconstruction with
Sketch-based Primitives

ExtrudeNet [18] facilitates reconstruction from point clouds.
Sketches are represented as rational cubic Bézier curves [135]. Given 
the shape embedding, a neural network predicts sketch curve parame-
ters, the parameters of the associated sketch plane, and the extrusion 
height, for a fixed number of primitives. These predictions are used to 
construct the corresponding 3D primitives. A second neural network 
predicts connection matrices as in CSG-Stump [109], which are used 
to combine the primitives using the CSG-Stump formulation [109], 
yielding test point occupancy values [132] of the reconstructed shape. 
The neural network is trained in an unsupervised fashion, using a 
reconstruction loss between the predicted and ground truth occupancy 
values.

ReconPris [114] leverages a set of predefined extrusion recipes, each 
consisting of a fixed number of primitives and Boolean operations 
derived from common extrusion patterns, enabling reconstruction from 
voxelized inputs. Primitives are represented as 2D sketch images and 
1D arrays describing extrusion limits. Given the shape embedding, each 
recipe employs deconvolutional networks to predict sketch images and 
extrusion limits from which voxelized 3D primitives are computed. The 
primitives are combined with the Boolean operations in the respective 
recipe. The network is trained with both unsupervised geometric recon-
struction losses and supervised losses using ground truth sketch images 
and extrusion limits. At inference time, a search procedure retrieves 
parametric sketches from the DeepCAD dataset [10] that best match the 
predicted sketch images.

Point2Cyl [115] facilitates reconstruction from point clouds and 
defines a primitive generated by the extrusion of a 2D sketch as an
extrusion cylinder. Points lying in the planes at either extent of the 
extrusion cylinder are referred to as base points, while points located 
along its lateral surface are termed barrel points. A neural network 
is trained to assign each point from the input point cloud to an 
extrusion cylinder, classify it as either a base or barrel point, and 
estimate its normal vector. From these predictions, the extrusion center, 
extrusion axis, and extrusion extent of each cylinder are analytically 
recovered. For each cylinder, barrel points are projected onto the 
corresponding sketch plane along the extrusion axis. A sketch implicit 
encoder–decoder network is trained to predict the signed distance 
values [42] of the projected points to the ground truth curve. During 
inference, the marching squares algorithm [136] is applied to obtain 
closed sketch curves of each extrusion cylinder.

SECAD-Net [116] employs an extrusion box network to predict a 
fixed set of sketch plane and extrusion parameters from a voxelized 
input shape. 3D test points are projected onto the corresponding sketch 
planes, and sketch implicit neural networks are trained to predict 
their signed distance values [42] to the associated sketch curves. The 
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network’s predictions, together with the previously estimated extrusion 
heights, are used to compute occupancy values [132] for the resulting 
3D primitives. These primitives are then combined using a union oper-
ation. During inference, closed B-spline curves are reconstructed from 
the predicted signed distance values of the corresponding curves [137,
138]. The neural network is trained in an unsupervised fashion, using a 
reconstruction loss between the predicted and ground truth occupancy 
values.

SfmCAD [117] employs a two-stage training strategy to reconstruct 
sweep primitives from voxelized input shapes. In the first stage, a 
neural network is trained to predict the parameters of a fixed set of 
sweeping paths, as well as the parameters of rigid boxes distributed 
along these paths. During the second stage, the paths learned in the first 
stage are used to refine the coarse sweep primitives. To achieve this, a 
sketch implicit neural network is trained to predict the signed distance 
values [42] of 2D sample points with respect to the primitives’ sketch 
curves. Combined with the sweeping paths, the occupancy values [132] 
of the sweep primitives are then computed and merged using a union 
operation, yielding the test point occupancy values of the reconstructed 
shape. The framework also supports the use of loft operations in place 
of sweep operations.

MV2Cyl [118] proposes a framework for reconstructing extrusion 
cylinders from multi-view images. The method leverages a 2D segmen-
tation network [139] to jointly optimize a density field and a semantic 
field. Given a point sampled from 3D space, these fields predict the 
likelihood of the point lying on a surface or a curve, determine the 
corresponding extrusion cylinder, and classify the point as a base point 
or a barrel point. Using these optimized fields, semantically enriched 
point clouds are generated. The subsequent reconstruction of extrusion 
cylinders from these point clouds follows a similar procedure to that of
Point2Cyl [115].

5.3.3. BRep reconstruction
Transformer models, diffusion models, and neural–analytical ap-

proaches have been explored for Brep reconstruction. In the following, 
we group the surveyed literature by method and sort it by year of 
publication.
Transformer for BRep Reconstruction

ComplexGen [119] reconstructs a Brep chain complex [140] com-
posed of vertices, edges, and faces, along with their topological re-
lationships, from an input point cloud. Given point cloud features, 
three parallel transformer decoders generate vertices, edges, and faces, 
while simultaneously modeling their topological dependencies. During 
the generation process, each decoder attends to information from the 
neighboring decoders, promoting consistent Brep reconstruction. A sub-
sequent global optimization step, followed by geometric refinement, 
ensures the validity and coherence of the resulting Brep.
Diffusion for BRep Reconstruction

CADDreamer [120] facilitates Brep reconstruction from single-view 
images. From the single image, a segmented 3D mesh is generated using 
a cross-domain diffusion model [141] and NeuS [142]. Each segment 
of the 3D mesh corresponds to a geometric primitive, i.e., plane, 
cylinder, cone, sphere, torus, or boundary line. Primitive parame-
ters are initially estimated using RANSAC [143]. Subsequently, a ge-
ometric optimization algorithm recovers both geometric and topologi-
cal relationships between the primitives. A topological representation 
is then extracted from the segmented mesh and employed to per-
form topology-preserving intersection operations between each prim-
itive and its neighboring surfaces, resulting in the construction of Brep
faces, edges, and vertices.
Neural–Analytical Methods for BRep Reconstruction

Point2CAD [121] introduces a pipeline for Brep reconstruction from 
point clouds, combining learning-based point cloud segmentation, sur-
face fitting, and topological clipping. For surface fitting, the method 
explores both classical primitive fitting, i.e., planes, spheres, cylinders, 
and cones, and a novel fitting scheme for freeform surfaces based 
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on implicit neural representations [144]. The pipeline further applies 
surface clipping, surface intersection for edge detection, and pairwise 
edge intersections for vertex identification, ultimately reconstructing a 
complete Brep.

Split-and-fit [122] approaches Brep reconstruction from point clouds 
as a space partitioning problem. The method employs a UNet-like [139] 
model to transform point clouds into Voronoi diagrams [145]. Region 
growing is applied to extract Voronoi cells, and geometric primitives 
are fitted to their boundaries. The connectivity of the Voronoi cells fur-
ther enables the inference of topological relations, yielding a consistent
Brep.

5.3.4. CAD code reconstruction
The surveyed approaches on Cad code reconstruction rely exclu-

sively on foundation models. In the following, we sort them by year 
of publication.

CAD-Recode [20] fine-tunes a pre-trained LLM [146] to reconstruct 
CadQuery code [27] from point cloud input. A point cloud projection 
module encodes the point cloud into a sequence of tokens, which is 
concatenated with tokenized CadQuery code and passed to the LLM 
for next-token prediction during training. At inference time, the model 
autoregressively generates CadQuery code from the point cloud tokens. 
To facilitate training, the authors introduce a procedurally generated 
dataset comprising one million synthetic Cad models represented as 
sketch-and-extrude sequences in CadQuery code.

OpenECAD [123] facilitates Cad code reconstruction from object 
images. The authors introduce a dedicated code format, OpenECAD
code, along with an interface to the PythonOCC [147] APIs, enabling 
the construction of 3D models from code. The authors present several
OpenECAD models that combine different pre-trained LLMs [8,148,149] 
with visual encoders [32,150] to achieve multimodal capabilities. Each 
model is trained using the LLaVA method and dataset [151], and 
subsequently fine-tuned to generate OpenECAD code from one or more 
images of an object. For fine-tuning, the authors construct multiple
OpenECAD datasets containing image–code pairs, where the code is 
translated from command sequences in the DeepCAD dataset. Addition-
ally, a VLM is leveraged to annotate the OpenECAD code with natural 
language comments describing individual modeling operations.

CAD-Assistant [124] is a general-purpose, training-free approach 
capable of processing diverse types of input, including text, images, or 
point clouds, facilitating diverse Cad-related tasks. These tasks include 
sketch autoconstraining [152], Cad question answering, and Cad recon-
struction from point clouds or images. The system consists of a planner, 
an environment, and a set of Cad-specific tools. A VLM [82] functions as 
the planner, generating plans and corresponding actions, based on the 
user query and the current design state. The actions that are generated 
as Python code are executed within the environment and may invoke 
tools from the provided toolset via their Python APIs. The execution 
results are iteratively fed back to the planner, forming a closed decision 
loop that continues until the user’s request is fulfilled.

CAD-Coder [125] facilitates the reconstruction of CadQuery code 
[27] from input images. Initially, an Mlp is trained to align the image 
features obtained from a pre-trained image encoder [32] with the word 
embeddings of the LLM [83]. During the second training stage the 
LLM is fine-tuned to generate CadQuery code from an input image 
and a natural language description of the task. For fine-tuning the 
authors present the GenCAD-Code dataset containing pairs of synthetic 
images and corresponding CadQuery code. The authors demonstrate 
the generalizability of the method to real-world images of simple parts. 
Furthermore, the approach enables users to iteratively modify the 
generated models through natural language instructions.

5.4. CAD reverse engineering

Cad reverse engineering enables the enhancement of Cad data, 
facilitating data exchange across different software platforms or orga-
nizations, where the design history of Cad models is frequently lost. 
s
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Table 7
Overview of the surveyed literature for Cad reverse engineering. Literature 
sorted by (1) method and (2) year of publication.
 Name Method Training 

dataset
Evaluation metrics
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CADParser [153] Transformer [153] – – – 3 – –  
BRep2Seq [154] Transformer [154] 3 3 3 3 3 –  
eCAD-Net [155] Transformer [10] 3 3 – – 3 3  
CADCL [156] Transformer [10,

157]
3 3 3 – 3 –  

Fusion 360 Gallery [40] Other [40] – – – 3 – 3  
ZoneGraphs [158] Other [40] – – – 3 – 3  
RLCAD [159] Other [10,11] – – 3 3 – 3  

able  7 gives an overview of the surveyed methods for Cad reverse 
ngineering, summarizing the used methods, the used training datasets, 
nd the used evaluation metrics. We deliberately refrain from reporting 
uantitative metric values, as doing so would imply comparability 
cross methods, which is not justified given differences in datasets, data 
reprocessing pipelines, metric formulations, and inputs. Instead, we 
efer the reader to the experimental sections of the respective papers. 
ig.  11 shows the Sankey diagram of the literature presented in this 
ection with inputs, methods, and outputs. The surveyed approaches on
ad reverse engineering exclusively generate command sequences from
rep input. Although transformer architectures remain the predominant 
hoice, several non-transformer approaches have also been explored. 
n the following, we group the surveyed literature by method and 
ort year of publication. We conclude this section by examining why
ad reverse engineering remains less explored than Cad generation and
ad reconstruction, and by outlining three major challenges that limit 
rogress in this task.
ransformer for CAD Reverse Engineering
CADParser [153] leverages BRepNet [13] to extract face, edge, and 

oedge features, referred to as local Brep features. Average pooling is 
pplied to the local features to obtain a global Brep feature vector. An 
utoregressive transformer decoder generates the command sequence, 
ntegrating the local features via cross-attention [1]. The global feature 
ector is concatenated with the input command sequence embeddings, 
roviding global shape information. To facilitate training, the authors 
ntroduce a new dataset of command sequences, including sketch, 
xtrusion, revolution, fillet, and chamfer operations.
BRep2Seq [154] leverages UV-Net [12] to extract face features. In 

ddition, a graph distance matrix is constructed, containing the shortest 
istance between any two Brep faces. A transformer encoder processes 
oth the face features and the distance matrix to compute a latent 
ector representing the input Brep. The decoder processes the latent 
ector to generate the command sequences. The network is trained 
n pairs of Breps, one representing the overall shape and the other 
ontaining detailed features. This setup enables training of two distinct 
ncoders, capturing different levels of detail in the Brep. At inference 
ime, the summed latent vectors of the individual encoders are passed 
o the decoder, which generates the command sequence.
eCAD-Net [155] leverages UV-Net [12] to obtain a Brep shape em-

edding. A transformer decoder generates a command sequence given 
he shape embedding. Additionally, the generated sequences undergo 
ost-processing to fit the dimensions of the input Brep. This process 
ncludes scaling and fine-tuning of the command parameters.
CADCL [156] presents a transformer-based approach for reverse 

ngineering, including a contrastive learning objective. The method 
ollows a two-stage training strategy. In the first stage, a transformer 
ncoder–decoder architecture, similar to DeepCAD [10], is trained on 
ommand sequences to learn expressive sequence embeddings. In the 
econd stage, the Brep is converted into a graph representation as in
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UV-Net [12]. A Gnn-based Brep encoder computes Brep embeddings 
form which ground truth command sequences are reconstructed by 
a transformer decoder, similar to that of the first training stage. Ad-
ditionally, a contrastive learning is applied to align the command 
sequence embeddings obtained in the first stage with the corresponding
Brep embeddings, encouraging the Brep encoder to capture information 
relevant to the sequential and structural characteristics of the command 
sequence. Further, the method employs a node-masking strategy during 
training of the Brep graph encoder, randomly masking out parts of the 
graph, promoting the network to focus on structural semantics rather 
than low-level feature variations.
Other Methods for Reverse Engineering

To reduce the search space and take advantage of the information 
provided by the Brep, Fusion 360 Gallery [40] and ZoneGraphs [158] 
focus on generating sequences of face extrude commands. Each com-
mand involves selecting a starting face, a parallel end face that defines 
the extrusion, and a Boolean operation including union, intersection, 
or difference.

Fusion 360 Gallery [40] introduces the Fusion 360 Gym, a RL en-
vironment for training agents to reconstruct target Breps. The envi-
ronment state includes both the current reconstruction and the target 
model, represented as in UV-Net [12]. A neural network based on mes-
sage passing networks (MPNs) [160] is employed to predict probabili-
ties over candidate actions. The reward is based on the geometric sim-
ilarity between the current reconstructed Brep and the target Brep. At 
inference time, agent predictions are employed to guide a search over 
face extrude sequences, enabling the exploration of multiple plausible 
command sequences through different search strategies.

ZoneGraphs [158] introduces the zone graph, a geometric represen-
tation in which zones are solid regions formed by partitioning space 
using the faces of the target Brep, extended into infinite surfaces. 
Nodes in the zone graph represent individual zones, while edges encode 
geometric adjacencies. Each zone is represented as a point cloud, with 
additional node features indicating whether it belongs to the current 
reconstruction, the target Brep, and the associated Boolean operation. A 
point cloud encoder [161] and a MPN are used to predict probabilities 
over possible next actions, guiding the search process. Unlike [40], the 
network is trained in a fully supervised manner.

RLCAD [159] extends Fusion 360 Gallery [40] by introducing a Cad-
based RL environment that additionally supports revolution operations, 
enabling the reverse engineering of more complex command sequences. 
A UV-Net [12] is pre-trained on Brep face-adjacency graphs using 
contrastive learning. The method employs Proximal Policy Optimiza-
tion (PPO) [162] to train a Cad policy that predicts Cad command 
actions. The environment state comprises the target Brep, the current 
reconstructed Brep, and the sequence of previously executed actions. In 
addition to geometric reward terms which exhibit limited sensitivity to 
subtle Cad features, the approach introduces a neural reward computed 
as the cosine similarity between the embeddings of the target and the 
current reconstructed Brep, obtained by the pre-trained UV-Net.
Challenges in Reverse Engineering

As previously noted, Cad reverse engineering remains one of the 
least explored tasks in the literature, as it requires recovering not 
only the final geometry but also a valid and interpretable command 
sequence, making it substantially more complex than Cad generation or 
reconstruction. The following challenges contribute to this difficulty:

• Sequence Ambiguity and Design Intent: In Cad reverse engi-
neering, multiple distinct command sequences can produce iden-
tical final geometries, resulting in a many-to-one relationship 
between geometry and command sequence. Unlike Cad gener-
ation or reconstruction, where command sequences primarily 
serve as a means to obtain geometry, reverse engineering treats 
the command sequence as the central modeling artifact to be 
recovered. Consequently, a model must infer not only which 
operations reproduce the target Brep, but also why specific mod-
eling decisions including command ordering, reference selection, 
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Fig. 11. Sankey diagram of the literature addressing Cad reverse engineering 
with inputs, methods, and outputs.

and parameterization were made. Since such design intent is 
not explicitly encoded in the final geometry, geometrically valid 
sequences may differ substantially in robustness, interpretability, 
and editability.

• Dataset Limitations: Existing datasets typically cover a limited 
set of modeling operations, such as basic sketches and extru-
sions, and do not adequately reflect the complex, feature-based 
workflows used in professional Cad design. Consequently, models 
trained on these datasets lack exposure to realistic command 
sequences, parametric constraints, and editing strategies, which 
limits their applicability to real-world reverse engineering tasks.

• Persistent Naming Problem: Reverse engineering is further com-
plicated by the persistent naming problem [163], whereby geo-
metric entities such as faces or edges are assigned identifiers that 
may change as the model evolves. Small deviations early in a 
reconstructed command sequence can alter intermediate topol-
ogy, causing later operations to reference non-existent entities 
and fail. As a result, errors often lead to complete breakdowns of 
downstream operations rather than minor geometric inaccuracies, 
making commands that refer to specific geometric entities a major 
challenge for learning-based Cad reverse engineering.

In Section 7 we discuss further challenges and outline possible 
future directions to address them.

6. Datasets

Learning-based methods for 3D Cad model generation require large-
scale, high-quality datasets containing Cad data, and, depending on the 
specific task, additional annotations. In the following, we present the 
datasets used for training or introduced in the surveyed literature. We 
group the datasets into five categories:

1. Original datasets: Datasets created by gathering new Cad data 
from different sources.

2. Extended datasets: Datasets created by extending, transform-
ing, or reconstructing Cad data of existing datasets.

3. Annotated datasets: Datasets created by annotating Cad models 
of existing datasets with different kinds of modalities.

4. Synthetic datasets: Datasets created by synthetically creating
Cad models through the random, or rule-based execution of Cad
commands.

5. Industry-Level Datasets: Datasets that capture the parametric, 
feature-based paradigm of industrial Cad systems.

Beyond this categorization, the datasets are ordered by how frequently 
they were used in the surveyed literature, and by dataset size in cases of 
equal usage. Table  8 provides an overview of the datasets, summarizing 
the contained Cad data, annotations, the type of Cad models, the 
number of samples in the dataset, and the reference to their source 
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Table 8
Datasets used for training or introduced in the surveyed literature. Sorted by how often the respective datasets were used in the surveyed literature. Sorted by 
dataset size in case the datasets were used equally often.
 Name CAD data Annotations Type #Models Source geometry
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 Original datasets
 ABC [11] 3 – – – – – – – – Mechanical 1M+ –  
 ShapeNet [108] – – – 3 – – – 3 3 Common 3M+ –  
 Fusion 360 Gallery [40] 3 3 – – – – – – – Mechanical 9k –  
 Furniture [61] 3 – – – – – – – 3 Furniture 6k –  
 CADParser [153] 3 3 – – – – – – – Mechanical 40k –  
 CADPrompt [68] – – 3 – 3 – – – – Mechanical 200 –  
 Extended datasets
 DeepCAD [10] 3 3 – – – – – – – Mechanical 178k [11]  
 Mamba-CAD [58] – 3 – – – – – – – Mechanical 77k [10,11]  
 Annotated datasets
 ABC-mono [97] – 3 – – – – 3 – – 3D sketches Mechanical 7M+ [10]  
 mmABC [63] 3 – – – 3 3 3 – – Mechanical 1.3M [11]  
 GenCAD [102] – 3 – – – 3 – – – 3D sketches Mechanical 841k [10]  
 OpenECAD [123] – – 3 – – 3 – – – Mechanical 200k [10]  
 Text2CAD [49] – 3 – – 3 – – – – Mechanical 178k [10]  
 GenCAD-3D [104] – 3 – 3 – – 3 – – Surface normals Mechanical 169k [10]  
 GenCAD-Code [125] – – 3 – – 3 – – – Mechanical 164k [10]  
 CAD-VGDrawing [96] – 3 – – – – – – – Engineering drawings Mechanical 161k [10]  
 GenCAD-SR [103] – 3 – – – – – – – Validity labels Mechanical 133k [10]  
 View2CAD [19] – 3 – – – 3 – – – Mechanical 130k [10]  
 Sketch2Seq [105] – 3 – – – – – – – Hand-drawn sketches Mechanical 112k [13]  
 CADDreamer [120] 3 – – – – 3 – – – Mechanical 30k [10,11]  
 CAD-GPT [57] – 3 – – 3 3 – – – Mechanical 18k [10]  
 KOCAD [97] – 3 – – – 3 – – – Mechanical 300 [10]  
 RealCAD [101] – 3 – – – 3 – – – Mechanical 150 [10]  
 Synthetic datasets
 CAD-Recode [20] – – 3 – – – 3 – – Random 1M –  
 BRep2Seq [154] 3 3 – – – – – – – Random 1M –  
 SynthBal-1M [104] – 3 – – – 3 3 – – Surface normals Mechanical 1M [10]  
 CSGNet [112] – 3 – – – – – 3 – Random 520k –  
 PVar [59] 3 – – – – – – – 3 Random 120k –  
 Free2CAD [94] – 3 – – – 3 – – – Hand-drawn sketches Random 82k –  
 Tree [117] – – – – – – – 3 – Random 5k –  
 LLM4CAD [67] – – 3 – 3 3 – – – 3D sketches Mechanical 3.3k –  
 DAFU-CAD [106] – 3 – – – – – – – Hand-drawn sketches Random N/A –  
 Industry-level datasets
 WHUCAD [157] 3 3 – – – – – – – Mechanical 144k [10,11]  
Fig. 12. Datasets used for training in the surveyed literature, sorted by the 
number of times they are employed. Fusion 360 refers to the Fusion 360 Gallery
dataset [40].
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geometry. Fig.  12 shows how often the respective datasets were used 
for training in the surveyed literature, considering only datasets used 
more than once.

6.1. Original datasets

Original datasets are created by gathering new Cad data from dif-
ferent sources. The ABC dataset [11] is one of the earliest and largest
Cad datasets. The dataset contains more than one million Breps of 
human-created Cad models, mostly mechanical parts, retrieved from the
Onshape online model collection [164].

The ShapeNet dataset [108] contains over three million meshed 
shapes of everyday objects. Even though the dataset only contains mesh 
data, it is a valuable resource for research in Cad model generation, as 
the shapes can be used by unsupervised methods that aim to reconstruct 
the geometry of an input shape.

The Fusion 360 Gallery dataset [40] contains Breps and corre-
sponding sequences of sketch and extrude commands of mechanical 
parts, obtained from human designs submitted to the Autodesk Online 
Gallery [165]. Due to the restricted set of modeling operations, the 
resulting Cad models have limited complexity.

The Furniture dataset [61] contains around 6k Breps of 10 common 
furniture categories as well as corresponding class labels.
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The CADParser dataset [153] contains a total of 40k Cad models 
and corresponding command sequences of manufactured parts designed 
in SolidWorks and collected via the SolidWorks APIs. To overcome the 
limitations of the Fusion 360 Gallery dataset, the CADParser dataset 
introduces additional command types, including revolution, fillet, and 
chamfer.

The CADPrompt dataset [68] comprises 200 examples of expert-
generated CadQuery code [27], intended for the evaluation of Cad code 
generation methods.

6.2. Extended datasets

Extended datasets are created by extending, transforming, or recon-
structing Cad data of existing datasets. The DeepCAD dataset [10] was 
created by leveraging Onshape’s developer API [166] to derive com-
mand sequences from Cad models in the ABC dataset. These command 
sequences are limited to line, arc, circle, and extrusion operations. In 
total, the dataset contains around 178k command sequences. To date, 
the DeepCAD dataset is the largest dataset of command sequences, 
making it the most widely used benchmark for learning-based methods 
for Cad generation.

The Mamba-CAD dataset [58] contains command sequences that 
are longer than those in the DeepCAD dataset. To this end, the authors 
select models from the DeepCAD dataset and discard sequences shorter 
than 10 commands. In addition, they translate models from the ABC
dataset into command sequences with lengths of up to 128 commands. 
Similar to the DeepCAD dataset, the Mamba-CAD dataset is limited to 
primitive sketch and extrusion operations.

6.3. Annotated datasets

Annotated datasets are created by annotating Cad models of existing 
datasets with different kinds of modalities. The ABC-mono dataset [97] 
contains images and 3D sketches rendered from multiple viewpoints of
Cad models drawn from the DeepCAD dataset, as well as additional self-
collected data. The mmABC dataset [63] adds multimodal annotations 
to the ABC dataset, i.e., text, image, and point cloud annotations, and 
performs deduplication as well as data augmentation, resulting in over 
1.3M annotated Breps. The GenCAD dataset [102] annotates each Cad
model from the DeepCAD dataset with five grayscale images rendered 
from different viewpoints and further converts each image into cor-
responding 3D sketches. The datasets introduced in OpenECAD [123] 
contain between 100k, 150k, and 200k pairs of synthetically generated 
images and the corresponding OpenECAD code [123], derived from the
DeepCAD dataset. The Text2CAD dataset [49] adds natural language 
descriptions to the Cad models of the DeepCAD dataset. The GenCAD-3D
dataset [104] adds point cloud, mesh, and surface normal information 
to the DeepCAD dataset. The GenCAD-Code dataset [125] is constructed 
by converting each command sequence in the GenCAD dataset [102] 
into a CadQuery script [27], resulting in a dataset of paired Cad
code and multi-view images. The CAD-VGDrawing dataset [96] pairs 
command sequences with corresponding engineering drawings. To this 
end, models are selected from the DeepCAD dataset and automat-
ically converted into engineering drawings, which are exported in 
Scalable Vector Graphics (SVG) format. For each Cad model, three 
orthographic views and one isometric view are generated. The GenCAD-
SR dataset [103] builds upon the GenCAD approach and dataset [102] 
by pairing command sequences and images with latent vectors. Image 
latent vectors correspond to command sequences that can either be 
validly executed to produce a Cad model or fail to do so. Addition-
ally, the ground truth latent vectors associated with the corresponding 
command sequences are stored. The View2CAD dataset [19] removes 
duplicates from the DeepCAD dataset and adds synthetically generated 
multi-view image annotations using the rendered views of the com-
mand sequences. The Sketch2Seq dataset [105] collects models from 
the Fusion 360 segmentation dataset [13] and converts them into 3D 
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sketches, segmented according to the Cad command responsible for 
generating each line. The CADDreamer dataset [120] contains mod-
els from the DeepCAD and ABC datasets and enhances them with 
textures and backgrounds. Each model is subsequently rendered into 
multi-view images. The CAD-GPT  dataset [57] is based on models 
from the DeepCAD dataset and includes ten distinct natural language 
instructions (e.g., ‘‘Please create a CAD model based on the provided 
image’’. [57]) that guide a LLM to generate a Cad model from a given 
image. To facilitate text-to-Cad finetuning, the authors additionally 
leverage InstructGPT [167] to generate approximately 18k natural 
language descriptions of Cad models. The KOCAD dataset [97] con-
sists of approximately 300 real-world images captured under varying 
lighting conditions and backgrounds. To construct this dataset, around 
100 Cad models were selected from the ABC-mono dataset [97] and 
subsequently 3D printed. For the RealCAD dataset [101] 150 Cad
models from the DeepCAD dataset were selected and 3D-printed. The 
3D-printed parts were used to collect real-world images, which can be 
used to evaluate the transferability of methods trained on synthetically 
created images to real-world images.

6.4. Synthetic datasets

Synthetics datasets are created by synthetically creating Cad mod-
els through the random, or rule-based execution of Cad commands. 
The CAD-Recode dataset [20] guides a random generation process 
using heuristics to create a dataset of 1M Cad models represented as 
CadQuery [27] code. The BRep2Seq dataset [154] builds on previous 
research on Cad model feature classification [168,169] and was cre-
ated by randomly generating Cad models, considering general spatial 
geometric constraints such as concentricity or tangency. Further, ma-
chining features, such as through holes, pockets, or chamfers, are added 
to the Cad models. The SynthBal-1M dataset [104] addresses the imbal-
ance in command sequence lengths present in the DeepCAD dataset. It is 
generated through data augmentation of existing command sequences, 
producing synthetic sequences and resulting in a dataset that combines 
real and synthetic samples with a more uniform sequence length dis-
tribution. This balanced distribution helps mitigate model bias toward 
simpler Cad models. The datasets introduced in CSG-Net  [112] are 
generated by randomly sampling from the grammar introduced in the 
paper to obtain between 130k and 520k pairs of Csg programs and 
corresponding voxel shape representations. The PVar dataset [59] was 
created by generating extrusion variations of 60 sketches selected from 
the Sketch-Graphs dataset [170], as well as corresponding class labels. 
The variations obtained from one specific sketch belong to the same 
class. The Free2CAD dataset [94] was generated by randomly sampling 
sequences of sketch and extrude commands. For these command se-
quences, images of sketches segmented by the operations they were 
created from, are obtained. To facilitate the training and evaluation 
of sweep-based Cad reconstruction approaches, the Tree dataset [117] 
is constructed using procedural modeling to generate a dataset of 
voxel representations of tree-like shapes. The LLM4CAD dataset [92] 
comprises mechanical components from five categories: flanges, nuts, 
shafts, gears, and springs. The models are automatically generated 
using CadQuery [27]. For each component, a rendered image and a 
corresponding 3D sketch are provided. In addition, the authors leverage 
the online crowdsourcing platform Amazon Mechanical Turk [171] to 
collect natural language descriptions, resulting in approximately 3k 
high-quality textual annotations. DAFU-CAD [106] introduces a syn-
thetic dataset of hand-drawn sketches exhibiting diverse drawing styles, 
generated using a range of basic Cad operations such as extrusion and 
sweeping.
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Table 9
Architecture comparison between the DeepCAD [10] and WHUCAD [157] 
datasets.
 Operation # Params DeepCAD WHUCAD  
 Primitive operations
 Line 2 3 3  
 Arc 4 3 3  
 Circle 3 3 3  
 Spline – – 3  
 SCPa 2 – 3  
 Extrude 12 3 3  
 Selection operations to support advanced operations
 Selection 4 – 3  
 Advanced operations
 Revolve 10 – 3  
 Pocket 11 – 3  
 Groove 9 – 3  
 Topo – – 3  
 Shell 2 – 3  
 Chamfer 2 – 3  
 Fillet 1 – 3  
 Hole 6 – 3  
 Mirror – – 3  
 Mirror topo – – 3  
 Draft 1 – 3  
a Spline Control Point.

6.5. Industry-level datasets

Industry-level datasets capture the native parametric, feature-based 
modeling paradigm of modern industrial Cad systems, such as CA-
TIA, Siemens NX, and SolidWorks. These models comprise advanced 
primitives, parametric feature operations, and a persistent naming and 
selection mechanism. To the best of our knowledge, the WHUCAD
dataset [157] is currently the only publicly available dataset in this 
category.

WHUCAD captures the native parametric, feature-based compo-
nents characteristic of real-world Cad modeling, namely advanced prim-
itives, parametric feature operations, and a persistent naming and 
selection mechanism. These components are not represented in the 
command sequences of the DeepCAD dataset [10] or the Brep of the ABC
dataset [11]. As described in the original paper [157], WHUCAD draws 
its source geometry from the DeepCAD and ABC datasets. Its distin-
guishing contribution lies in reconstructing this geometry into a native 
parametric, feature-based representation that mirrors the modeling 
conventions of industrial Cad systems.

The architecture comparison between the DeepCAD and WHUCAD
datasets, covering primitive, selection, and advanced operations, is 
shown in Table  9.

At the primitive level, WHUCAD additionally supports spline prim-
itives, which are not represented in DeepCAD or its derivatives. Splines 
are a fundamental primitive in modern geometric modeling for para-
metric Cad, as they enable the representation of the complex, free-form 
geometries frequently required in industrial mechanical engineering 
applications.

Taken together, these properties make WHUCAD, to the best of our 
knowledge, the only publicly available dataset that combines advanced 
primitives, parametric feature-based operations, and a persistent-
naming and selection mechanism, more closely reflecting the modeling 
capabilities of industrial Cad systems than prior datasets.

7. Research gaps and future directions

Despite the recent progress in leveraging learning-based methods to 
automate the generation, reconstruction, or reverse engineering process 
of Cad models, significant challenges remain. In this section, we outline 
key research gaps and challenges and highlight promising directions for 
future work toward addressing these gaps.
22 
7.1. CAD generation control

Current methods for Cad generation offer limited forms of user 
control, mainly focusing on the generation from natural language de-
scriptions. Other studies provide mechanisms to specify the semantic 
class of the desired design, the intended commands and parameters 
of the command sequence, or high-level descriptions of its topology 
and geometry. However, these mechanisms remain fairly coarse and 
do not enable users to influence fine-grained details of the generated 
designs. Moreover, existing control approaches are largely restricted 
to the geometric aspects of the model. To date, no methods allow 
users to guide other crucial aspects of the generation process. In me-
chanical engineering, however, a part is not defined solely by its 
geometry or aesthetics but is also designed to fulfill specific functions 
and meet technical requirements. These requirements can be quite 
diverse and may include structurally connecting neighboring parts, 
enabling specific movements, withstanding predefined loads, meet-
ing weight constraints, or fitting within a predefined design space. A 
promising direction for future research is the generation of mechanical 
parts tailored to fulfill a defined functional purpose. Addressing this 
challenge first requires reliable methods for evaluating part function-
ality and performance characteristics beyond pure geometry. Certain 
aspects of functionality, such as the ability to withstand mechanical 
or thermal loads, could be assessed through simulation, enabling the 
creation of annotated datasets. Other forms of functionality, such as 
performing specific motions, cannot be easily captured analytically 
and may instead be evaluated within physics-based simulation envi-
ronments. Because such evaluations are difficult to integrate into the 
end-to-end training of neural networks, alternative approaches, such 
as RL, could be explored, where physics simulations provide a reward 
signal during training.

7.2. Unsupervised CAD reconstruction quality

Many methods address the challenge of reconstructing editable Cad
models from geometric representations such as point clouds, images, 
or voxels. Approaches that reconstruct command sequences typically 
rely on ground truth information. However, this information is difficult 
and costly to obtain. To overcome this limitation, several methods 
perform unsupervised training, generating Csg trees and using implicit 
geometry representations. These methods calculate a geometric recon-
struction loss between occupancy values of the reconstructed shape 
and the input shape. While unsupervised methods reduce the need 
for annotated datasets, focusing solely on geometric reconstruction 
can limit the quality of the reconstructed models. This is particularly 
important for mechanical parts, where certain fine-grained features 
such as holes, chamfers, or slots play a critical role in ensuring proper 
functionality. Pure geometric losses often underweight these small, 
but functionally essential, features, resulting in reconstructions that 
may fail to meet design requirements. Future work should address this 
limitation by developing methods that explicitly account for function-
ally important, geometrically small features. Possible directions include 
introducing additional metrics or loss functions that go beyond pure 
geometry to prioritize the accurate reconstruction of these features. 
Another promising approach is multi-scale reconstruction loss, which 
can weight fine-grained parts of the model as heavily as larger features, 
ensuring that all elements critical to part functionality are faithfully 
captured.

7.3. Command sequence ambiguity

Formulating Cad model generation as a sequence modeling problem 
is a widely used approach applied to Cad generation, Cad reconstruc-
tion, and Cad reverse engineering. However, a key challenge arises from 
the fact that many different parameterized command sequences can 
produce the same Cad model geometry. In the continuous parameter 
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space, there is an infinite number of command sequences that yield 
identical geometry, and even in a purely discrete space, numerous 
distinct sequences can lead to the same result. Moreover, even when 
the operations and their parameters are fixed, their execution order 
can often be rearranged without changing the resulting Cad model 
geometry. Although some approaches have attempted to address this 
issue by employing multimodal representation learning to jointly em-
bed command sequences and their resulting geometries, there is no 
guarantee that different command sequences producing the same Cad
model will map to the same embedding. This inconsistency increases 
the difficulty of model training. A promising direction for future re-
search is the development of a representation of command sequences 
that is invariant to the specific sequence used, such that all sequences 
producing the same Cad model share a common representation. As a 
first step, future work could focus on designing permutation-invariant 
representations of command sequences. Rather than training models 
directly on raw command sequences, they could instead be trained on 
this unified representation. A model could, for instance, be trained to 
generate this canonical representation, from which all valid command 
sequences can be derived. Such an approach could deepen the under-
standing of Cad modeling operations and improve performance across 
the three aforementioned tasks.

7.4. Dataset availability and complexity

Learning-based methods for 3D Cad model generation fundamen-
tally rely on the availability of large-scale, high-quality datasets. De-
pending on the specific approach and desired output, both Brep and 
command sequence data are often required. The most widely used 
dataset in this domain, the DeepCAD dataset [10], contains paired Brep
and command sequence representations. It is derived from the ABC
dataset [11] and includes a substantial number of duplicate models. 
Many datasets released after DeepCAD are themselves derived from 
it, frequently focusing on duplicate removal or the addition of fur-
ther annotations such as images, point clouds, or text descriptions. 
The Fusion 360 Gallery dataset [40] also provides Brep and command 
sequence data, but is considerably smaller in scale compared to the
DeepCAD dataset. Despite these advances, most Cad models in existing 
datasets remain relatively simple and generic, lacking the structural and 
functional complexity characteristic of real-world mechanical parts. 
Moreover, datasets that include command sequences typically support 
only a limited subset of modeling operations, primarily sketching and 
extrusion. The WHUCAD dataset constitutes a substantial advance to-
ward a more human-like, parametric, and feature-based design process, 
incorporating more advanced feature operations and interactions with 
geometric entities. To facilitate the generation of more realistic and 
application-oriented Cad models, future efforts should focus on collect-
ing datasets containing more complex designs with richer mechanical 
features, similar to those in the WHUCAD dataset.

8. Applications in mechanical engineering

In this section, we discuss how the methods presented in the sur-
veyed literature could be incorporated into real-world engineering ap-
plications and how they could enhance mechanical engineering work-
flows. Therefore, we present one application for each of the three 
previously introduced tasks, i.e., Cad generation, Cad reconstruction, 
and Cad reverse engineering.

8.1. CAD generation for design space exploration in prototyping

The traditional design process is inherently iterative and often 
constrained by the experience and creativity of the design engineer, as 
well as the time and cost required to model and evaluate each idea. By 
shifting the engineer’s role from low-level design to high-level specifica-
tion of design requirements, learning-based methods can automatically 
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generate multiple design variations simultaneously. These approaches 
populate the design space with a diverse set of candidates, enabling 
engineers to leverage their expertise to assess trade-offs and select the 
most promising options for further refinement. During prototyping, 
learning-based methods have the potential to uncover solutions that 
may not arise through conventional design workflows, accelerating 
ideation and expanding creative possibilities [172].

The current state-of-the-art enables designers to generate Cad mod-
els from natural language descriptions, autocomplete or edit partial Cad
models, generate models belonging to a specified semantic class, or to 
exert control over geometry and topology during generation. Among 
these, natural language-based generation is particularly promising, as 
it allows designers to directly specify models that match their require-
ments. However, current methods largely limit control to geometric 
aspects of the part, without addressing broader considerations such as 
functionality, weight constraints, or load requirements.

8.2. CAD reconstruction for quality control

Mechanical components are manufactured under tight tolerances 
and require precise dimensional and form accuracy to ensure long 
service life. However, all production processes inherently exhibit some 
degree of deviation. For instance, additive manufacturing builds parts 
layer by layer through filament extrusion, whereas injection mold-
ing melts raw pellets and injects the material into a high-pressure 
mold. Both methods enable the creation of complex, composite, and 
hybrid structures with levels of precision and control unattainable 
in traditional manufacturing [173]. Nevertheless, deviations from the 
intended design can arise due to thermal distortions, tool wear, or sub-
optimal process parameters. Controlling these deviations is therefore 
essential, as detailed deviation data are required to fine-tune process 
settings, reduce scrap rates, and improve overall product quality [174]. 
Traditionally, deviations are measured manually using calipers or co-
ordinate measuring machines, a time-consuming and labor-intensive 
process. Reconstructing exact Cad models from scans or images of 
manufactured parts enables automated comparison with the nominal 
design. Such comparisons can automatically detect geometric devia-
tions, thereby providing comprehensive diagnostic information. Beyond 
deviation detection, the reconstruction of an explicit Cad model from 
measurement data enables analyses not feasible with raw point cloud 
representations. These include high-fidelity simulations of structural, 
thermal, or fluid-dynamic behavior to evaluate whether observed devi-
ations affect the functional performance or integrity of the component. 
Moreover, the reconstructed Cad model can be integrated into digital 
twin frameworks, supporting continuous monitoring, predictive main-
tenance, and performance assessment throughout the product lifecycle. 
Automating this reconstruction process would not only enhance the ef-
ficiency and robustness of quality assurance but also enable closed-loop 
manufacturing paradigms. In such systems, deviations identified dur-
ing inspection can inform adaptive process control, allowing dynamic 
adjustment of tool paths, feed rates, or environmental parameters 
to compensate for observed errors. This feedback capability reduces 
material waste, minimizes rework, and shortens production cycles, 
ultimately contributing to the realization of self-optimizing, data-driven 
manufacturing ecosystems.

Several of the surveyed methods can be applied for quality control 
as they enable Cad generation from point cloud scans, images, or 
voxel representations. While voxel-based approaches discretize geome-
try and therefore do not capture it exactly, they require modifications 
to handle point cloud or image inputs. Overall, reconstruction meth-
ods demonstrate promising results with high fidelity on benchmark 
datasets. However, most have been trained and evaluated on synthet-
ically generated point clouds or images. To be applied reliably in 
real-world scenarios, especially for manufactured parts, these meth-
ods must be further developed to improve robustness and capture 
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fine-grained geometric features, which are critical for mechanical engi-
neering applications and quality control, specifically. Well-established 
methods could then not only tackle the analysis of individual parts 
but also revolutionize part matching for tolerance compensation in 
assemblies.

8.3. CAD reverse engineering for data enhancement and collaborative de-
sign

A persistent challenge in collaborative engineering is the transmis-
sion of geometry information. Not to mention the still very prominent 
role of 2D technical drawings, just exchanging Cad data between dif-
ferent software systems or even between different versions of the same 
software system is error-prone. The industry standard for this exchange 
is the use of neutral file formats like STEP6 [175] or IGES7 [176]. 
However, these formats are fundamentally limited as they only store 
the final Brep of the model and discard the rich parametric history of 
how that model was created. When a user imports a STEP file, they 
receive a static object with no editable features, parameters, or design 
history [177]. Even within a company, design history can become lost, 
for example, through successive model revisions, data conversions, or 
the exchange of geometry between teams. This limitation prevents 
modifications after data exchange, as altering a Cad model without 
its parametric command sequence oftentimes requires difficult and 
unreliable direct geometric manipulation.

Several of the surveyed approaches address this challenge by en-
abling the reverse engineering of parametric command sequences from
Brep. These methods demonstrate promising results on existing bench-
marks and can already be applied to relatively simple cases of command 
sequence reconstruction. However, most methods have been tested only 
on datasets with a limited set of Cad operations. Real-world mechanical 
engineering applications will require approaches that support a wider 
range of commands and can handle more complex parts.

9. Summary

This survey examined recent research on learning-based methods for 
3D Cad model generation, analyzing a total of 78 publications. We first 
present methods addressing representation learning on Cad data, which 
form the foundation for subsequent approaches focused on Cad model 
generation. The surveyed literature is subsequently organized into three 
distinct tasks identified in our analysis:

1. CAD Generation which involves unconditional generation of 
3D Cad models as well as the generation of 3D Cad models 
from inputs such as text, semantic class labels, or other forms 
of user guidance. The user may also provide Cad models for 
autocompletion, editing, or interpolation.

2. CAD Reconstruction which involves creating 3D Cad models 
from sensor-based inputs such as point clouds, voxels, or images 
that represent physical objects.

3. CAD Reverse Engineering which involves deriving command 
sequences from existing 3D Cad models given as Breps.

Depending on the specific method employed, the different ap-
proaches produce various types of outputs, including command se-
quences, Csg trees, Breps, and executable Cad code. The generation of 
these outputs can be broadly attributed to four methodological direc-
tions identified in this survey: transformer-based approaches, diffusion-
based approaches, foundation models, and neural–analytical methods. 
Both transformer-based and diffusion-based approaches have been 
applied to Cad generation and Cad reconstruction tasks, demonstrat-
ing their ability to generate command sequences as well as Breps 

6 Standard for the exchange of product model data.
7 Initial graphics exchange specification.
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directly. Transformer models have additionally been employed for 
the reverse engineering of command sequences, whereas diffusion-
based approaches have not yet been explored for this task. Foundation 
models represent the latest development, leveraging knowledge ob-
tained through pre-training on large-scale datasets. Within this context, 
research has primarily focused on generating executable Cad code 
and utilizing language modeling capabilities to produce command 
sequences. Neural–analytical methods, which integrate neural network 
predictions with analytical components, have been particularly effec-
tive for Csg tree reconstruction, as they enable differentiable Boolean 
operations that facilitate the computation of unsupervised reconstruc-
tion losses. Additionally, analytical techniques have been incorporated 
into Brep reconstruction, where geometric primitives are analytically 
fitted to segmented point clouds. Individual approaches have also 
explored the application of state space models [84], RNNs [112], 
neurally-guided search [40,158], and RL [159].

Subsequently, we discuss methodological and data-related research 
gaps which give rise to multiple possible future research directions: 
(i) providing increased user control over the generation process of 3D
Cad models and enabling generation under technical constraints and 
requirements, (ii) improving the quality of Cad reconstruction from 
point clouds, images, or voxels, with a focus on accurately recovering 
fine-grained mechanical features, (iii) resolving the inherent ambiguity 
of command sequences, and (iv) increasing both the availability and 
complexity of large-scale, high-quality datasets. Addressing these gaps 
could significantly advance the application of learning-based meth-
ods for 3D Cad model generation in practical mechanical engineering 
contexts.

The survey concludes by connecting current research directions 
with practical engineering tasks. It outlines potential applications of 
the surveyed methods in industrial settings, including design space 
exploration in prototyping, quality control, and data enhancement.

Even though a broad range of literature on learning-based 3D Cad
model generation has been reviewed, this study is subject to several 
limitations. The literature search was restricted to Scopus and major 
machine learning and computer vision conferences. Although we aimed 
to cover all relevant research, some studies may have been missed 
due to the rapid evolution of this field, and preprint papers were 
not included. Furthermore, real-world applications were discussed only 
on a theoretical level and should be further examined and validated 
through practical test studies to assess their feasibility. Finally, non-
academic approaches, including commercial tools that already enable 
automated 3D Cad model generation, potentially using learning-based 
methods, were not considered.
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