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Abstract

The integration of deep generative networks into generat-
ing Computer-Aided Design (CAD) models has garnered
increasing attention over recent years. Traditional methods
often rely on discrete sequences of parametric line/curve
segments to represent sketches. Differently, we introduce
RECAD, a novel framework that generates Raster sketches
and 3D Extrusions for CAD models. Representing sketches
as raster images offers several advantages over discrete se-
quences: 1) it breaks the limitations on the types and numbers
of lines/curves, providing enhanced geometric representation
capabilities; 2) it enables interpolation within a continuous
latent space; and 3) it allows for more intuitive user con-
trol over the output. Technically, RECAD employs two dif-
fusion networks: the first network generates extrusion boxes
conditioned on the number and types of extrusions, while the
second network produces sketch images conditioned on these
extrusion boxes. By combining these two networks, RECAD
effectively generates sketch-and-extrude CAD models, offer-
ing a more robust and intuitive approach to CAD model gen-
eration. Experimental results indicate that RECAD achieves
strong performance in unconditional generation, while also
demonstrating effectiveness in conditional generation and
output editing.

Introduction

The digital genesis of modern artifacts, from everyday con-
sumer products to complex industrial machinery, is now
deeply intertwined with Computer-Aided Design (CAD)
systems. Central to many CAD workflows is sketch-based
modeling, where 2D sketches imbued with geometric con-
straints and design intent are transformed into intricate 3D
models through a series of feature-based modeling opera-
tions, ultimately giving rise to complex assemblies.

Among these feature-based modeling operations, extru-
sion is the most prevalent, allowing designers to generate
3D shapes by extending 2D sketches along a defined path.
However, the traditional parametric approach to sketch ex-
trusion, while powerful, presents significant challenges. Cre-
ating these parametric models, where 2D sketches are ex-
truded into 3D forms based on numerous parameters and
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Figure 1: Top: Previous approaches (Wu, Xiao, and Zheng
2021; Xu et al. 2022, 2023; Wang et al. 2024) represent
sketches using vector sequences, which often fail to pro-
duce smooth transitions in shape and topology during latent
space interpolation. Bottom: RECAD learns from raster-
ized sketches, ensuring more plausible interpolated shapes,
which results in more natural and continuous transforma-
tions between different sketches.

Our sketch

equations, is tedious and expert-intensive. Furthermore, the
rigid nature of these parametric dependencies makes major
design modifications difficult, often causing models to fail.
This lack of flexibility hinders iterative design and highlights
the need for more intelligent CAD systems.

With the advance of deep neural networks, learning-based
methods have emerged as a promising avenue for generating
diverse CAD models. A prevalent approach involves train-
ing generative models by leveraging construction sequences
as supervision (Wu, Xiao, and Zheng 2021; Xu et al. 2022,
2023; Wang et al. 2024). These methods typically repre-
sent sketch-and-extrude sequences as parameterized discrete
sequences, enabling the application of powerful sequence
learning techniques to the task of CAD model generation.

Despite the demonstrated success of sequence-based



Figure 2: Sample data from DeepCAD dataset. Previous
methods, constrained by sequence length limitations, were
restricted to learning a subset of simpler shapes within the
dataset (gray). Our raster-based sketch representation en-
ables the learning of more complex shapes (green).

learning methods for CAD model generation, several limita-
tions remain: 1) The reliance on sequences introduces a bot-
tleneck, limiting the complexity of representable sketches
and the number of commands that can be effectively uti-
lized. This constraint restricts the generation of intricate
models. 2) Current methods often generate semantically in-
valid command sequences for CAD modeling, resulting in
non-viable models and hindering the reliability and usability
of the output. 3) Representing sketches as discrete parameter
sequences makes generating smooth and continuous shape
transformations difficult, leading to unnatural results for la-
tent space interpolation, as illustrated in Fig.1. This poses a
challenge for generating plausible sketches, for which plau-
sible interpolation is essential (Radford, Metz, and Chintala
2015; Goodfellow et al. 2014; Higgins et al. 2017).

In this paper, we revisit the CAD generation task and
propose a novel representation that follows the sketch-and-
extrude paradigm without using command sequences. In-
stead of representing sketches as curve sequences, we lever-
age raster images. Extrusion parameters, such as origin, di-
rection, and Boolean operation type, are implicitly deter-
mined by the dimensions and type of the extrusion box. This
new representation addresses the limitations of sequence-
based methods in several key ways. Using raster images
to represent sketches allows for depicting highly complex
shapes, overcoming the bottleneck imposed by discrete pa-
rameter sequences (e.g., fixed maximum length of curves per
loop), as shown in Fig.2. Additionally, the intuitive nature of
image-based sketches reduces the likelihood of generating
semantically or geometrically invalid commands, leading to
more reliable and usable outputs. Moreover, representing
sketches as images facilitates the generation of smooth and
continuous shape transformations, unlike the discrete nature
of previous methods. Finally, by employing extrusion boxes,
our method provides a concise and intuitive way to control
the topological relationships between extruded shapes, fur-
ther enhancing the modeling process.

Building upon this novel sketch-extrusion representation,
we present RECAD, a novel generative framework that
generates sketch-extrusion pairs using Denoising Diffusion
Probabilistic Models (DDPM) (Ho, Jain, and Abbeel 2020).
Concretely, RECAD comprises a sketch image VAE and
two diffusion networks. A Variational Autoencoder (VAE)
(Kingma and Welling 2013) is utilized to learn the latent
features of raster sketches. Two diffusion networks are em-
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ployed in a sequential generation process. The first diffu-
sion network generates the coordinates defining the extru-
sion boxes. Conditioned on these boxes, the second network
generates latent features representing the raster sketches. By
extruding sketches into 3D solids and integrating the topol-
ogy defined by the extrusion boxes, we achieve the final
CAD model.

Leveraging the adaptable architecture of RECAD, our
work explores advancements in controllable generation. Be-
yond the typical autocompletion capabilities, we introduce a
novel feature: extrusion box conditional generation. This al-
lows for automatically generating sketches based on a user-
defined structure of extrusion boxes, resulting in a detailed
3D model. Additionally, RECAD allows users to easily edit
generated sketches using simple image editing tools, such as
monochrome brushes, to modify local geometry in a natural
and intuitive manner. In summary, our contributions include:

* A novel sketch-extrusion representation leverages raster
sketch and extrusion box pairs for CAD model construc-
tion.

* A latent diffusion generative framework that enables
random generation of complicated CAD models, auto-
completion from partial input, extrusion box conditional
generation, and flexible user editing.

» Extensive experiments demonstrate the superiority of
RECAD in CAD generation through comprehensive
comparisons with existing state-of-the-art approaches.

Related Work

Constructive solid geometry. Constructive Solid Geom-
etry (CSG) represents complex 3D shapes through Boolean
operations on simple geometric primitives. This compact
representation has been employed for CAD reconstruction
tasks with program synthesis (Du et al. 2018; Nandi et al.
2017, 2018). For instance, CSGNet (Sharma et al. 2018)
uses reinforcement learning to minimize reconstruction er-
rors. UCSGNet (Kania, Zieba, and Kajdanowicz 2020) takes
this a step further by eliminating the need for ground truth
CSG trees during inference. Other works also explored un-
supervised learning with specialized parametric primitives
(Chen, Tagliasacchi, and Zhang 2020; Ren et al. 2021;
Yu et al. 2022, 2023). While deep learning methods hold
promise for advancing CSG-based 3D model generation,
they are still in the exploration phase, with limited datasets
posing a significant challenge.

B-rep CAD generation. Recent research endeavors have
sought to directly generate Boundary Representation (B-rep)
CAD models. Direct B-rep generation involves constructing
the necessary geometric and topological elements, trimming
surface patches, and joining them into a unified solid model.
Leveraging learning-based methods, previous works have
made advances in generating parametric curves (Wang et al.
2020) and surfaces (Sharma et al. 2020; Li et al. 2023Db).
To replace fixed topological templates (Smirnov, Bessmelt-
sev, and Solomon 2019), creating generalized topology for
sketches (Willis et al. 2021) and solid models (Wang, Zheng,
and Zhou 2022; Guo et al. 2022; Jayaraman et al. 2022; Xu
et al. 2024) is then explored.



Sketch-and-extrude CAD generation. Sequential CAD
modeling operations combined with learning-based methods
have made significant progress on several tasks. Some works
progress in generating 2D engineering sketches (Willis et al.
2021; Para et al. 2021; Ganin et al. 2021; Seff et al. 2021) in
editable parametric CAD files obtained from the generated
sequences, and converting between command sequences and
hand drawings (Li et al. 2020, 2022; Héhnlein et al. 2022).
DeepCAD (Wu, Xiao, and Zheng 2021) produces a large-
scale dataset of CAD models in the form of sketch-and-
extrude sequences and first learns to generate editable CAD
models. Later works further improve the performance of
shape generation by employing auto-regressive generative
models (Xu et al. 2022), designing a hierarchical tree of neu-
ral codes mastering both high level concepts and local level
geometry (Xu et al. 2023), and integrating discrete diffusion
models (Wang et al. 2024). In the field of 3D model recon-
struction, approaches learning 2D sketches and predicting
the corresponding extrusions to reconstruct the CAD mod-
els in supervised (Uy et al. 2022), and unsupervised (Li et al.
2023a; Ren et al. 2022; Li et al. 2024) manners are proposed.

This work explores CAD model generation, focusing
specifically on the sketch-and-extrude modeling paradigm.
Departing from prior art that relies on discrete parametric
representations of sketches, we propose leveraging raster
images as a more flexible and expressive alternative. Fur-
thermore, we encapsulate all extrusion information within
an extrusion box.

Generative diffusion models. DDPM (Ho, Jain, and
Abbeel 2020) are good at generative tasks, especially in im-
age generation and restoration (Ho, Jain, and Abbeel 2020;
Saharia et al. 2022; Lugmayr et al. 2022). Latent diffusion
models (LDM) operate in a low-dimensional latent space
rather than original data space, resulting in more efficient
sampling and promising generative performance on numer-
ous tasks such as high-resolution image synthesis (Vahdat,
Kreis, and Kautz 2021; Rombach et al. 2022). Diffusion
models also show the ability to generate geometry with
(Shabani, Hosseini, and Furukawa 2023; Liu et al. 2024)
or without topology as input conditioning (Alliegro et al.
2023; Xu et al. 2024). Borrowing architecture from VQ-
Diffusion (Gu et al. 2022) which combines VQ-VAE (Van
Den Oord, Vinyals et al. 2017) and conditional DDPM, VQ-
CAD (Wang et al. 2024) integrates discrete diffusion models
for CAD model generation. Our work includes two diffu-
sion networks for generating 3D extrusion boxes and raster
sketches representing detailed 2D geometry.

Representation and Overview

In this section, we first introduce our novel representation
using raster sketches paired with extrusion boxes. We then
provide an overview of our proposed approach for generat-
ing CAD models based on this representation.

Novel Sketch-Extrusion Representation

Sequence-based representations, while commonly used in
CAD model generation, limit design complexity, semantic
validity, and smooth shape transformations. To address these
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challenges, we propose a novel sketch-extrusion paradigm
that leverages raster images for sketch representation, allow-
ing for greater complexity and smoother transformations.
Additionally, we introduce extrusion boxes, establishing a
direct mapping between the 2D sketch and the 3D extru-
sion. This representation simplifies the extrusion parameters
themselves into a few key controls within the extrusion box,
allowing for intuitive manipulation of the resultant topology.
Below, we detail our raster sketch representation and the ex-
trusion box concept.

Raster sketch. A raster sketch is a binary image depict-
ing the shape of the sketch. Pixel values of 1 correspond
to areas suitable for extrusion, while O represents empty
space. This image-based representation allows for the por-
trayal of complex geometries without concern for the count
of internal loops and curves. Moreover, compared to the
sequence-based representation, this pictorial format facili-
tates more straightforward and valid interpolation within the
latent space.

Extrusion box. The DeepCAD dataset defines extrusion
using nine continuous and two discrete parameters. We note
that the extrusion direction for most models aligns with the
principal axes. Furthermore, the symmetry of extrusion al-
lows us to consolidate bidirectional extrusion into a unidi-
rectional representation. Motivated by these observations,
we propose a simplified and more straightforward represen-
tation called the “extrusion box”. An extrusion box is fully
defined by eight parameters:

(D

The first three parameters represent the bottom-left corner
of the extrusion box, while the subsequent three indicate the
top-right corner. The term w specifies the extrusion direction
along one of the principal axes (i.e., X, y, or z). B denotes one
of the three Boolean operations (i.e., union, subtraction in-
tersection, or intersection). This representation directly cou-
ples the 2D sketch to the 3D extrusion: The dimensions of
the sketch are determined by the ranges of the two axes per-
pendicular to the extrusion direction, while the range along
the extrusion direction dictates the extrusion height.

Each pair of raster sketch and extrusion box can naturally
form a solid through the sketch-extrude process. Multiple
sketch-extrusion pairs can link the generated solids topolog-
ically to express complex CAD models.

E= (xminy Ymins “mins Tmazs Ymazyr Fmazs W, B)

Overview

We aim to generate sketch-extrusion pairs in the format of
our novel representation and convert them into parametric
CAD models. In RECAD, a sequential two-stage denoising
is utilized for shape generation, as illustrated in Fig.3. In
the first stage, a set of extrusion topology guidance E; com-
prising one-hot encoded direction and operation is randomly
sampled from its ground-truth distribution. We then use a
Transformer-based denoiser to denoise a random Gaussian
noise conditioned on E,;, and obtain the extrusion coordi-
nates .. A set of complete extrusion boxes E are formed
by combining E,; and E.. In the second stage, a UNet-
based denoiser is employed to generate latent sketches S,
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Figure 3: Framework of RECAD. A sketch image VAE, shown on the left, learns a latent feature base of rasterized input
sketches. This feature base is then utilized for efficient sketch retrieval. The right panel details the two-stage diffusion process.
First, extrusion boxes are progressively generated conditioned on user-specified operation and direction. Subsequently, sketch
features are generated conditioned on these bounding boxes and then decoded into raster sketches using the VAE decoder. E(*)
and S(*) represent visualizations of the extrusion boxes and the sketch-extrusion result at step ¢, respectively.

conditioned on the complete extrusion boxes F. The latent
sketches S, are then decoded to sketch images S through a
sketch image VAE. We finally combine the generated extru-
sion boxes and sketch images to construct CAD models.

Method

Here, we present RECAD, a novel generative framework
comprising a sketch image VAE and two diffusion networks.

Sketch Image VAE

We employ a sketch image VAE to compress sketch images
into latent embeddings as in Stable Diffusion (Rombach
et al. 2022). The backbone of the sketch image VAE is a 2D
convolution UNet (Ronneberger, Fischer, and Brox 2015).
The grayscale images to be used as VAE input are all resized
to a size of 32 x 32. Concretely, given a binary sketch image
S € R32x32x1 the VAE encoder £ encodes S into a latent
representation by a downsampling factor of 8 and a feature
depth of 3, yielding S, € R**4*3 The VAE decoder D then
reconstructs the sketch image S = D(S,) = D(E(S)). The
training process of the sketch image VAE involves optimiz-
ing two components: the mean squared error (MSE) for re-
construction loss between S and S, and the Kullback-Leibler
(KL) divergence as a regularization term.

Two-Stage Diffusion

Diffusion models are generative models that learn to grad-
ually denoise a sample from Gaussian noise towards a data
distribution, consisting of a forward diffusing process that
adds noise and a reverse denoising process that adds struc-
ture. Our two-stage diffusion contains a Transformer-based
extrusion denoiser and a UNet-based sketch denoiser. We
train the denoisers with topologically organized extrusion
boxes and latent sketches with inherent geometry details,
following the training strategy in DDPM (Ho, Jain, and
Abbeel 2020).
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Forward diffusing process. During training, the forward
process takes a data sample xg, which could be extrusion
coordinates or latent sketch features in our case, and grad-
ually adds Gaussian noise to the data in T time steps. Each
forward step is computed by:

q(x]zi—) =N (Jct; vVi1- 5t$t71,ﬂt1) ;

where [, is a noise variance schedule. At a specific time step
t, the noisy sample features x; are sampled as

Ty = awo + V1 — ey €))

using the notation ay = HE=1 «a;, oy = 1 — B; and Gaus-
sian noise €; ~ N (0, ). After T time steps, the data sample
will be completely corrupted into a random noise. The latent
sketches will lose their inherent shape information, and the
coordinate vectors of extrusions will be scrambled, resulting
in the forgetting of relative topology.

Two-stage denoising process. We then train DDPM to re-
verse the diffusing process. The reverse process denoises a
pure Gaussian noise step by step until recovering xy and
learns neural networks to directly predict the noise-removed
data distribution of extrusion boxes and latent sketches.

We apply a sequential two-stage denoising, which first
generates extrusion boxes conditioned on ground-truth ex-
trusion guidance and then generates latent sketches condi-
tioned on these extrusion boxes.

At the beginning of the first stage, we randomly sample a
set of extrusion guidance F,, € R® from its ground-truth dis-
tribution E;‘, which is derived from a histogram of extrusion
directions and Boolean operations in our training data:

Ey = (®(w,3),2(B,2)) ~ P(Ey),

2

“4)

where ® denotes one-hot encoding. Boolean operation B is
encoded as a 2D vector, encompassing only union and differ-
ence. The vector E acts as the conditioning input for the de-
noiser with a Transformer backbone (Vaswani 2017), which



processes the noisy extrusion box coordinates £, € RS. E,
and F. are embedded with the same feature dimension:

Eg = MLP(W,E,), Ec = MLP(W,E.), ®)

where W, € R"*5 and W, € R"*% are embedding ma-
trices of n-dimension. MLP is fully connected layers with
SiL.U activation. We employ direct condition injection in this
stage: E. <« E. + E;. The first stage produces a set of de-
noised extrusion coordinates, Ege € RS. These coordinates
are concatenated with the corresponding extrusion guidance,
E,, forming the complete extrusion boxes, E/ € R

E = E% | E,. (6)

E serves as the condition for the second denoiser.

In the second stage, inspired by the exceptional perfor-
mance of video diffusion models (Ho et al. 2022) in generat-
ing sequential images, we similarly employ a 3D conditional
UNet (Cicek et al. 2016) as the backbone of the denoiser for
sketch sequence generation. Each extrusion box E is em-
bedded as E = MLP(W E) where W € R%*!! likewise as
in the first stage. The input to the second denoiser is latent
sketch features S, € R**4*3 In this stage, we apply cross-
attention to control the denoising UNet with E as a condi-
tioning feature. A set of sketch-extrusion pairs are obtained
at the end of the two-stage denoising.

Note that time embedding is also passed to the denoiser in
each stage. Overall, the distribution of generated extrusion-
sketch pairs can be defined as the product of conditional dis-
tributions p(E.|Ey) and p(S;|E).

Loss function. Following DDPM (Ho, Jain, and Abbeel
2020), we train our Transformer-based denoiser and 3D
UNet-based denoiser respectively with the same simple L2-
norm regression loss,

L =Etaoe, |[le0 = €0 (Vamo + VI=a@met)|*], @

where €y (v/a@izo + /1 — ayer,t) can be simplified to
€g (x4, t) using Eq. 3. € is the ground-truth Gaussian noise
at time step t from the forward diffusing process and is com-
pared against €y (24, t). During sampling, the inferred noise
at each time step is utilized to progressively denoise a ran-
dom Gaussian noise, refining it towards a cleaner signal.

Extrusion with Raster Sketch

The conversion from raster sketches to contours is essential
for extruding them into 3D solids. We present two methods
for this conversion:

Contour extraction. We utilize the Teh-Chin chain ap-
proximation (Teh and Chin 1989) to convert binary raster
images into polygonal contours. To streamline the CAD
generation process, we simplify these contours using the
Douglas-Peucker algorithm (Douglas and Peucker 1973).
The simplified contours are then extruded to 3D prisms.

Sketch retrieval. Our sketch image VAE embeds each
training sketch into a feature space. During testing, we re-
trieve the closest matching sketch from the database based

on the Euclidean distance between the generated feature
vector of the sketch and the database entries. This retrieved
sketch provides predefined contour curves, which are then
scaled and extruded to form the 3D solid. Compared to di-
rectly extracting contours, this method may limit the diver-
sity of the sketch contours. However, it offers cleaner and
more coherent curves, bypassing the process of contour ex-
traction and simplification, thus improving efficiency. We
employ sketch retrieval for all experiments except those in-
volving user edits.

Implementation Details

Models are implemented in PyTorch and trained on
four NVIDIA RTX A6000 GPUs. We use an AdamW
(Loshchilov and Hutter 2017) optimizer with the learning
rate Se-4 for optimization. The sketch Image VAE is trained
for 500 epochs at batch size 512 and two denoisers are
trained for 2000 epochs at batch size 256. During inference,
PNDM (Liu et al. 2022) is employed for fast sampling. More
details are provided in the supplementary material.

Experiments

In this section, we demonstrate the effectiveness of our
method on two kinds of generation tasks: 1) unconditional
generation and 2) controllable generation including auto-
completion from partial input, extrusion box conditional
generation, and image-based sketch editing.

Setup

Dataset preparation. We utilize the extensive DeepCAD
dataset (Wu, Xiao, and Zheng 2021) which contains CAD
models with detailed sequences of sketch-and-extrude mod-
eling operations. We follow the procedures of prior works
(Willis et al. 2021; Xu et al. 2022, 2023) to detect and elim-
inate duplicate models within the training set.

Evaluation metrics. Three metrics evaluate the discrep-
ancy between generated models and the reference test set
(Wu, Xiao, and Zheng 2021).:

* Coverage (COV) measures the diversity of generated
shapes by calculating the percentage of ground-truth
models that are matched by at least one generated shape
using Chamfer Distance (CD).

* Minimum Matching Distance (MMD) evaluates the fi-
delity of generated shapes by averaging the CD between
each ground-truth model and its closest generated match.

* Jensen-Shannon Divergence (JSD) reports the similarity
between the distributions of the reference test set and
generated set.

To measure the robustness and uniqueness of generated
results, the following metrics are computed (Xu et al. 2024):.

* Valid is the percentage of raw model outputs successfully
converted into valid Boundary Representations.

* Novel is the percentage of generated data that do not exist
in the training set.

* Unique is the percentage of generated data found only
once in the generated set.
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Figure 4: Visual comparison on the DeepCAD dataset. Each row, from top to bottom, shows shapes generated with 1 to 5
extrusion operations, respectively. Different colors are used for clear visual distinction.

Method COV MMD JSD Valid Novel Unique
%) \ L (%% M%) (%)

DeepCAD  81.12 0921 0995 8624 91.7 85.8
SkexGen 8339 0.808 0.632 86.73 99.1 99.8
HNC-CAD 8533 0.772 0.558 76.07 939 99.7
Ours (CE) 86.67 0.764 0.616 9588 945 98.6
Ours 86.67 0.768 0.593 99.65 944 98.3

Table 1: Quantitative comparison of unconditional CAD
generation. The second-to-last row reports the results of
RECAD with contour extraction. Both MMD and JSD are
multiplied by 102,

Unconditional CAD Generation

In this section, we evaluate our models on unconditional
CAD generation task. Sketch-extrusion pairs are generated
by our diffusion models from random Gaussian noise and
then converted to CAD models. We compare our generated
samples with state-of-the-art methods, including DeepCAD
(Wu, Xiao, and Zheng 2021), SkexGen (Xu et al. 2022),
and HNC-CAD (Xu et al. 2023). We generate 10,000 CAD
models using each method and evaluate them against 2,500
ground-truth models randomly sampled from the reference
test set in each run. We repeated this evaluation process three
times and averaged the metric values across these runs to ob-
tain the final results.

Quantitative evaluation. As reported in Tab. 1, RECAD
outperforms other methods in terms of COV and MMD.
This suggests that RECAD is capable of producing more di-
verse parametric CAD models. While our method achieves
a slightly worse JSD score compared to HNC-CAD, it still
exceeds SkexGen. RECAD also achieves competitive Novel
and Unique scores. Furthermore, our method significantly
surpasses all baseline models in terms of Valid, highlighting
the robustness of our image-based sketch representation and
the effectiveness of our generative framework.

TP SRSy
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Figure 5: Autocompleted CAD models (green) from partial
inputs (gray).

Qualitative evaluation. Fig. 4 presents qualitative com-
parisons among different methods across varying numbers
of extrusion operations. A key advantage of our image-based
representation lies in its ability to capture the complexity of
input sketches, which is particularly evident when dealing
with a limited number of extrusions. With one or two ex-
trusion operations, other methods produce relatively simple
models, while RECAD generates more intricate designs. As
the number of extrusions increases, RECAD excels in gener-
ating complex sketches while ensuring logical coherence be-
tween different extruded parts, maintaining the authenticity
of the CAD model. We include additional results and shape
novelty analysis that compares generated models with their
closest training samples in the supplementary material.

Controllable CAD Generation

We demonstrate controllable generation results of RECAD
in three application scenarios for CAD design.

Autocompletion from partial input. A set of sketch-
extrusion pairs with an amount below the extrusion box
limit is considered a partial input. Fig. 5 shows that our pre-
trained model can automatically generate the missing parts
based on existing extrusion boxes and sketches, resulting in
more complex CAD models. The autocompletion process
involves two stages: extrusion box completion and sketch
completion. Drawing inspiration from ReShape (Lugmayr
et al. 2022) and BrepGen (Xu et al. 2024), at each time step
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Figure 6: Extrusion box conditional generation. Different
colors are used for clear visual distinction.

of the denoising process, we simultaneously diffuse the par-
tial input to the corresponding time step and replace a ran-
domly selected portion of the tokens being denoised with the
diffused partial input. The completed extrusion boxes ob-
tained in the first stage are used as conditions to assist in
generating sketches in the second stage.

Extrusion box conditional generation. We observe that
the extrusion boxes significantly influence the overall struc-
ture of the CAD model, sometimes even suggesting its in-
tended function. Inspired by layout-conditioned image and
3D scene generation (Zheng et al. 2023; Bahmani et al.
2023), we explore CAD generation conditioned on the ex-
trusion boxes. As shown in Fig. 6, we manually create ex-
trusion boxes (see the first column) and then use RECAD to
generate sketches, resulting in various plausible outcomes.
Interestingly, although trained primarily on mechanical parts
from the DeepCAD dataset, our model generated reason-
able shapes even when presented with extrusion boxes rep-
resenting common objects like chairs and tables. This ap-
proach streamlines CAD creation and grants designers effi-
cient, high-level control over the generated model structure.

Image-based sketch editing. A key benefit of employing
binary raster sketches in RECAD is the intuitiveness of the
editing process. As demonstrated in Fig. 7, users can select
the extrusion target and modify the sketch directly with sim-
ple black or white brush strokes within any standard image
editor. This eliminates the need for specialized CAD soft-
ware, making 3D CAD model creation and modification re-
markably user-friendly.

Limitations and Future Work

While image-based sketches in RECAD provide a natu-
ral interface for design, their dependence on raster images
can impede the accurate representation of intricate contours,
particularly in low-resolution contexts. Moreover, current
CAD model generation methods, including RECAD, lack
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Figure 7: Examples of user edits to the generated results. Af-
ter selecting the target extrusion, users can directly modify
the appearance of the 3D model through simple doodling.

built-in mechanisms to ensure the plausibility and realism
of the generated designs. Introducing adversarial losses or
human-in-the-loop feedback mechanisms could be a promis-
ing direction for future research. Additionally, given the
widespread use of image-based representations over curve
sequences, exploring the integration of RECAD with com-
plementary modalities such as text descriptions or semantic
segmentation could further enhance the design process.

Conclusion

We have presented a novel generative diffusion framework
for CAD model generation. As the key to our approach,
we have introduced a novel sketch-extrusion representation
consisting of raster sketch and extrusion box pairs to substi-
tute the predominant sequence-based representation. A two-
stage denoising process is adopted to sequentially gener-
ate sketch-extrusion pairs which are then converted to CAD
models. Extensive quantitative and qualitative evaluations
show that RECAD surpasses previous approaches, gener-
ating CAD models with greater diversity and complexity.
Furthermore, RECAD offers users an intuitive and visual
interface for modifying both the global topology and local
geometry of CAD models, making the editing process more
accessible and aligned with user expectations.
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