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Abstract

Rapid generation of CAD models is essential for in-
dustrial product design. However, existing approaches
mainly focus on generating CAD construction sequences
from a single input modality, such as text or image,
which often contains ambiguous or limited informa-
tion. To address this, we propose UniCAD, a prototype-
enhanced unified CAD generation framework that sup-
ports free-form user inputs, including text descriptions
and/or images, allowing users to express versatile de-
sign intentions. Specifically, we construct two sets of
prototypes from the textual and visual modalities us-
ing online update and cumulative averaging strategies.
With these prototypes, we not only enhance unimodal
input prompts by incorporating information from the
complementary modality, but also facilitate consistent
representation learning across modalities in the latent
space. Additionally, a progressive learning strategy,
which first incorporates the full CAD construction se-
quences and then gradually masks out the CAD tokens
during the training, is proposed to enable the genera-
tion of CAD construction sequences based on prompts of
a single modality or their combinations. Furthermore,
we construct a new dataset comprising image-text-CAD
triplets to support multimodal learning. Extensive ex-
periments demonstrate the effectiveness of UniCAD in
CAD sequence generation and completion tasks.

Keywords: Computer-aided design, CAD generative
modeling, CAD construction sequence, multimodal learn-
ing
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1. Introduction

In industrial product design, designers express their un-
derstanding, imagination, and invention of a product in 3D
forms [36]. From gaskets to automobiles and aerospace
components, designers need to rapidly create preliminary
models, which are refined and revised iteratively until de-
tailed Computer-Aided Design (CAD) models are con-
structed for product manufacturing [25].

1. The object is a heart-shaped...
2. A three-dimensional model …
3. The object is a simple…

A heart-shaped object …

Query：

Query:

Support:
Support:

(a) Text Embedding Space (b) Image Embedding Space

Text Prototype Image Prototype

Construct Prototype Prototype Matching

Figure 1. An illustrative example for textual and visual prototypes.
These prototype representations serve as central reference points
for the support samples, capturing the key features of each class
calculate the cosine distance with all prototypes, where the small-
est distance is its corresponding class. With the prototypes, a sin-
gle modality can compensate for the missing or suboptimal infor-
mation from the other modality, enhancing the quality of the CAD
sequence generation.

Recent advances in deep learning have driven automa-
tion efforts in the CAD domain. The CAD construction
sequence, a data representation method consisting of a se-
quence of commands such as lines, arcs, and circles [36],
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has attracted significant attention due to its flexibility and
reusability, which help reduce designers’ workload in the
time-consuming design process and enable seamless inte-
gration with rapidly advancing deep learning techniques.
As an example, DeepCAD [36] learns a transformer-based
autoencoder to encode the CAD construction sequence
into a latent code and trains a latent-GAN for the gener-
ation of CAD construction sequences. A series of works
[16, 42] further introduce additional prompts as conditions
to generate CAD construction sequences. Generally, con-
trastive learning-based (CL) [1, 22, 26] and transformer-
based [5, 16] methods have become the mainstream meth-
ods. The former methods aim to establish a joint embedding
space to align representations across different modalities,
while the latter dynamically adjust the importance of each
modality through attention mechanisms, thereby facilitat-
ing effective cross-modal interaction. For example, CAD-
Translator [22] introduces a cascaded contrastive learning
strategy to align text descriptions with CAD construction
sequences in a shared semantic space. Another potential
solution is to leverage an image [5] or a point cloud [26] to
guide the generation of CAD construction sequences.

Despite recent advances, these methods are mainly de-
signed for single-modal inputs. However, in practical de-
sign scenarios, a single textual description may refer to mul-
tiple objects, as illustrated in Fig.2 (b). Therefore, users
often resort to multiple modalities, such as text and im-
ages, to generate CAD construction sequences, which mo-
tivates us to develop a unified generation framework. De-
veloping such a framework requires consideration of the
following inherent properties: (1) Diversity of representa-
tions. The same object can be expressed in multiple ways,
rather than being limited to a single prompt, as shown in
Fig.2 (a). However, CL-based methods [1, 22, 26] rely on
well-structured and descriptive textual input, making them
less robust when handling diverse and varied textual inputs.
(2) Modal complementarity. The text and image modalities
present information in distinctly different formats. Specif-
ically, the former provides abstract semantic information,
whereas the latter conveys concrete geometric structures
and spatial relationships. By integrating multimodal infor-
mation, a more comprehensive understanding of design in-
tent can be achieved, enhancing the quality of CAD model
generation. However, an important challenge remains: how
to effectively complete missing information with only a sin-
gle modality as input?

To address these issues, we propose UniCAD, a novel
prototype-enhanced unified framework for CAD construc-
tion sequence generation. Specifically, we introduce a pro-
gressive training strategy that learns the mapping from a
cross-modal joint embedding space to the structured CAD
operation space during model training. During inference, it
directly transforms raw single-modal or multimodal inputs

CAD Sequence: 
<SOL>, Line,  Line, Line,  
Line, Extrude, <SOL>, 
Line,  Line, Line, Line, 
Extrude, <EOS>

CAD Sequence: 
<SOL>, Line, Line, Line, 
Line, Line, Line, Line, 
Line, Extrude,  <EOS>

(a) 

(b) 

CAD Sequence: <SOL>, Circle, <SOL>, Circle , Extrude, <EOS>

CAD Sequence: <SOL>, Circle, Extrude, <SOL>, Circle, Extrude, <EOS>

The object is a cylindrical 
shape with a central hole. It 
appears to be a washer or a 
similar mechanical component.

The object is a cylindrical 
ring with a central hole. It has 
a smooth surface and a 
uniform thickness.

The object is an L-
shaped CAD model with a
rectangular base and a
vertical extension. The
base is wider than the
vertical extension.

Figure 2. CAD models and their text descriptions are not in a one-
to-one correspondence. The same CAD model may have multiple
text descriptions (top). The same text description may correspond
to different CAD models (bottom).

into CAD construction sequences. To enhance the model’s
generation capability, we construct two sets of class-specific
prototypes from textual and visual modalities (as shown
in Fig.1) using online updates and cumulative averaging.
These prototypes enhance the framework’s effectiveness in
three aspects: (1) The prototype encodes comprehensive
class-level information. By computing the cosine similar-
ity between the input prompt and the learned prototypes,
the model enables flexible and robust cross-modal align-
ment. (2) Given a unimodal input prompt, the prototype
from the complementary modality can be leveraged to sup-
ply additional information, thereby enriching the multi-
modal feature representations and improving the generation
of CAD construction sequences. (3) During generalization
to new domains, the prototypes are dynamically updated to
align with the target data distribution, thereby enhancing the
model’s generation capability in unseen domains.

To support the training of UniCAD, we construct a mul-
timodal dataset comprising 100 categories of common CAD
models. Specifically, it contains CAD construction se-
quences, text descriptions, and single-view images, with a
total of 49,586 triples. In summary, our main contributions
can be summarized as follows:

• We propose UniCAD, a unified framework capable
of generating CAD construction sequences from flexi-
ble inputs, including images, text descriptions, or their
combination, making it well-suited for deployment in
real-world scenarios.

• Our multimodal prototype is capable of compensat-
ing for the missing modality information in unimodal
inputs. Combined with a progressive training strat-
egy, the model effectively learns the mapping from
enriched multimodal features to CAD sequences, en-
abling robust sequence generation during inference.

• We introduce a new dataset comprising high-quality
image-text-CAD triplets to promote advances in CAD



construction sequence generation from multimodal
data and will make it publicly available in the future.

• Experiments demonstrate the effectiveness of our Uni-
CAD framework on CAD construction sequence gen-
eration and completion tasks.

2. Related Work

Data representation for CAD In the field of 3D gen-
erative modeling, a variety of representation formats have
been extensively studied, including point clouds [31, 40],
3D meshes [27, 41, 45], voxel grids [19, 29], and signed
distance functions (SDFs) [6]. Unlike these representa-
tions, CAD models offer parameterized, editable, and man-
ufacturable designs, making them essential in industrial 3D
modeling and digital product development. Currently, CAD
models are primarily represented in three forms: Construc-
tive Solid Geometry (CSG), Boundary Representation (B-
rep), and CAD construction sequences.

Specifically, CSG represents complex CAD models
through Boolean operations (e.g., union, difference) applied
to simple geometric primitives such as cubes and cylin-
ders [14, 44]. B-rep describes CAD models using inter-
connected networks of faces, edges, and vertices, thereby
capturing both geometric and topological relationships [8,
10, 13, 39, 46]. In contrast, CAD construction sequences
can be parsed and executed by industry-standard CAD ge-
ometric kernels, enabling the direct generation of editable
and parameterized CAD files that seamlessly integrate into
real-world industrial design workflows. Its flexibility and
reusability alleviate the workload for designers, thereby
attracting substantial attention from the CAD community
[15, 16, 21, 25, 34, 36, 37, 43]. These approaches can be
broadly categorized into two groups: traditional methods
and LLMs-based methods.

Traditional method for CAD generation The CAD
community initially focused on unconditional modeling,
employing transformer and Mamba-based architectures for
CAD generation and reconstruction [21, 36, 38]. Al-
though these methods have demonstrated promising results,
they are unable to perform conditional CAD generation,
which limits their applicability in practical design tasks.
Recently, several approaches have introduced additional
modalities—such as point clouds [9, 15, 25, 32], images [4,
11, 43], and text descriptions [2, 16, 22, 33]—as conditional
signals for CAD sequence generation. Among these, con-
trastive learning-based, transformer-based, and diffusion-
based models have emerged as dominant paradigms. How-
ever, most existing methods are designed for specific in-
put modalities or tasks, which constrains their generaliza-
tion capabilities across diverse representation formats and
design scenarios. In this work, we propose UniCAD, a uni-
fied framework capable of generating or completing CAD

construction sequences from diverse input modalities, in-
cluding images, text, or their combinations.

LLMs for CAD generation LLMs have achieved re-
markable success across various domains. Recently, the
CAD community [33, 34, 47] has made initial attempts
to leverage SOTA LLMs for the creation of CAD models.
Specifically, the innovation of these works primarily lies in
the development of domain-specific CAD representations
that are compatible with LLMs, as well as in the design of
effective fine-tuning strategies tailored to these representa-
tions. For instance, CADFusion [33] utilizes LLaMA3-8b
as the backbone and both the sequential signal and visual
signal for text-to-CAD tasks. CAD-GPT [34] fine-tunes the
pre-trained LLaVA model [23] to enable multimodal CAD
generation. Note that these methods introduce substantial
computational overhead, typically requiring high-end hard-
ware configurations such as GPU clusters with 16×H800
[37] or 4×A800 [34] GPUs. Although some works have ex-
plored challenges similar to ours, their reliance on specific
data representations and high computational requirements
consequently limits their practicality and scalability.

In contrast, we propose a lightweight framework based
on structural innovations and efficient training strategies,
offering novel and practical solutions to the aforementioned
challenges. Our approach offers two key advantages: (1)
UniCAD adopts a general command-and-parameter CAD
construction sequence used by many CAD generators (e.g.,
GenCAD [1], Text2CAD [16], and CAD Translator [22]),
and thus avoids model-specific serialized representations
(e.g., LLM-oriented prompt formats). (2) UniCAD achieves
comparable performance to LLMs, while significantly re-
ducing both model parameters and inference time, making
it more suitable for deployment in resource-constrained en-
vironments.

3. Method

As shown in Fig.3 (A), UniCAD consists of a multi-
modal encoder, a fusion layer, and a CAD construction
sequence decoder (Section 3.1). We propose a progres-
sive training strategy (Section 3.2), which initially incor-
porates the full CAD construction sequence and gradually
masks out CAD tokens during training. This strategy en-
ables the generation of CAD construction sequences from
either single-modality prompts or their combinations. Ad-
ditionally, two sets of class-level prototypes are constructed
based on textual and visual modalities, which are presented
in Section 3.3. When only a single modality is provided, the
prototype from the other modality can be leveraged to sup-
plement the input with complementary information (Fig.3
(B)). Furthermore, we present the domain adaptation pro-
cess for textual prototypes on cross-domain datasets in Sec-
tion 3.4. Finally, Section 3.5 introduces the loss function
used for model training.



(A) Overview

(B) Multimodal Feature Fusion

Multimodal 
Encoder

A two-tiered
cylinder with
a …

EncoderInput

Im
ag

e-
to

-t
ex

t 
Cr

os
s-

At
te

nt
io

n

Te
xt

-t
o-

im
ag

e 
Cr

os
s-

At
te

nt
io

n

Fusion Layer Decoder

[<SOL>, Circle, 176, 128, 48, Extrude,
128, 128,128, 66, 128, 128, 123, 162,
128, …, Join, Oneside, <EOS> ]
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Figure 3. Overview of UniCAD. Training: images and texts are processed by Swin-S [24] and DistilBERT [30] to extract corresponding
features, which are used to generate corresponding category predictions by utilizing multimodal prototypes. The fusion layer fuses cross-
modal features by using strategy (B). CAD tokens are gradually replaced with masked tokens, according to a progressive training strategy
(top row). Finally, multimodal features (image, text, CAD) are fed into the decoder to generate the CAD construction sequence. Inference:
we use the cross-modality data (text, image, or both) and all masked CAD tokens to generate the CAD construction sequence.

3.1. Network Architecture

CAD construction sequence encoder For a CAD con-
struction sequence S, which consist of commands Sc and
parameters Sp, we follow the method in [36] to formulate it
to an embedding es ∈ RNs×dE :

es (i) = e
(Sc)
i + e

(Sp)
i + eposi , (1)

where e
(Sc)
i = WSC

δci , e(Sp)
i = W 2

Sp
f(W 1

Sp
δpi ), e

pos
i =

Wposδi. e
(Sc)
i encodes the command type Sc, e(Sp)

i repre-
sents the embedding of the command parameters Sp, and
eposi serves as a positional encoding to capture the index
of the i-th command within the full CAD construction se-
quence. The learnable parameters include: WSC

∈ RdE×6,
W 1

Sp
∈ RdE×257, W 2

Sp
∈ RdE×16dE , and Wpos ∈

RNs×dE . The one-hot vectors δci ∈ R6, δpi ∈ R257×16,
and δi ∈ RNs correspond to the command type, parameter
encoding, and positional index, respectively. Specifically,
δci ∈ R6 indicates one of the six command types. Each
of the 16 command parameters is quantized into an 8-bit
integer, and each bit is encoded as a one-hot vector of di-
mension 28+1 = 257. These are then stacked into a matrix
δpi ∈ R257×16. The positional vector δi ∈ RNs has a 1 at
position i and 0 elsewhere. The function f(·) flattens its
input matrix into a vector. Here, we set the embedding di-
mension dE to 256.

Multimodal encoder We employ a dual-branch feature
extraction architecture to process text or image inputs. For
the textual modality, we utilize DistilBERT [30], a com-
pact model derived from the original BERT architecture [7]
via knowledge distillation techniques. Here, we denote the
text encoder as EncT . Given an input textual description

T = (t1, t2, . . . , tNT
), where ti represents the i-th token

in the sequence, we first tokenize T into a sequence of to-
ken IDs, which is then fed into EncT to generate contextual
embeddings:

ZT = EncT (T ) ∈ RNT×dT , (2)

where NT denotes the number of tokens, and dT is the em-
bedding dimension. For visual inputs, we utilize the Swin
Transformer-Small (Swin-S) [24] as the image encoder, de-
noted as EncI , to extract visual features from the input im-
age I , resulting in a visual embedding matrix:

ZI = EncI(I) ∈ RNI×dI (3)

In our implementation, we set NT = NI = 64 and
dT = dI = 768, ensuring consistent sequence lengths and
embedding dimensions across both modalities.

Fusion layer After extracting the text features ZT and
image features ZI , we feed them into a fusion layer to
perform cross-modal feature interaction. This process en-
ables the learned language features to become vision-aware
and the visual features to become language-aware. Inspired
by GLIP [20], we employ image-to-text and text-to-image
cross-attention modules to facilitate feature fusion, aligning
representations across modalities. As illustrated in Fig.3
(B), each attention head computes context vectors for one
modality by incorporating information from the other. The
fusion outputs AI2T and AT2I , which are concatenated and
linearly transformed, enabling bidirectional contextual inte-
gration between modalities.

CAD construction sequence decoder Drawing inspira-
tion from recent advances in Natural Language Processing
(NLP) [7, 18], we employ a natural language generation



model as the decoder. The decoder architecture is based
on BART [18], which takes as input both the sequence em-
beddings and the cross-modally fused features from the fu-
sion layer to generate CAD construction sequences. The
output features of the decoder are passed through a linear
projection layer to predict the CAD construction sequence
S∗ = [S∗

1 , · · · , S∗
Nc

], where each token includes a com-
mand S∗

c and its corresponding parameters S∗
p .

3.2. Progressive Training Strategy

Generating CAD construction sequences from fully
masked CAD tokens using multimodal features is a highly
challenging task. This difficulty primarily arises from the
absence of visible CAD tokens during the inference phase,
which may hinder the model’s ability to effectively retain
and apply the modeling patterns learned during previous
training stages, degrading overall generation performance.

To this end, we design a progressive training strategy in-
spired by curriculum learning [17, 35]. The strategy begins
with training the model using complete CAD construction
sequences, and gradually introduces masked CAD tokens as
training progresses. Specifically, we introduce a mask token
(i.e., [MASK]) into the CAD token sequence with probabil-
ity γ, where the masking rate γt at training timestep t is
defined as follows:

γt =

{
0 if 1 ≤ t ≤ tw
t−tw
T if tw < t ≤ T

(4)

where γt is set to 0 during the warm-up phase tw, indicat-
ing that all CAD construction tokens are preserved. This
initial stage enables the model to learn fundamental asso-
ciations and feature representations across modalities. As
training progresses, a portion of the CAD construction to-
kens is gradually masked, where the masked tokens are ran-
domly sampled from the entire dataset. The masking rate γt
increases progressively from 0 to 0.9 throughout the train-
ing process. The overall objective is to generate the corre-
sponding CAD construction sequence by relying solely on
multimodal prompts as input.

3.3. Multimodal Prototype Construction

Image prototypes construction To construct the image
prototype PI(k) for a class k, we first utilize the image en-
coder EncI to obtain the corresponding visual representa-
tions f I ∈ RN×NI×dI , where N is the number of samples
belonging to category k in the training set. Then PI(k) is
constructed by averaging these representations:

PI(k) =
1

N

N∑
i=1

f I
i (5)

Textual prototypes construction. Different from the
image modality, text descriptions of the same object typ-
ically exhibit a long-tail distribution. Specifically, some

Textual Prototype Source Sample Target Sample

Figure 4. Textual Prototype Evolution. The prototypes of the
source domain are adjusted and updated based on the features ex-
tracted from the target domain samples.

common expressions are frequently used and account for
the majority of the description samples, while a large num-
ber of other expressions are rarely adopted. This distribu-
tion may bias the prototype toward more frequent descrip-
tions, while ignoring those less frequently used but equally
important expressions, thereby failing to fully capture the
object’s comprehensive features. To address this, UniCAD
employs a memory bank (MB) for each category to store
evolving text prototypes over time. Specifically, the MB for
each class k is initialized as Mk = {PT (k) : ∅, Nk : 0}.
Since the prototype PT (k) is non-parametric, we consider
the following two scenarios to refine it iteratively: (1) If the
text T is a new sample that describes the category k, we
store it in a current list Bk. (2) If T has already been used
to calculate the prototype or already exists in the current
list Bk, we discard it and leave the current list unchanged.
At the end of each training step, we update MB using the
following equation:

PT (k)←
Nk · PT (k) +

∑
i∈Bk

fT
i

Nk + |Bk|
, (6)

where fT ∈ RNT×dT is the text feature of text T encoded
by text encoder EncT . UniCAD maximizes the utilization
of all descriptions to construct textual prototypes. This pro-
cess ensures that each prototype continuously evolves in a
balanced manner, mitigating the impact of the long-tail dis-
tribution.

3.4. Cross-Domain Generalization

As previously discussed, a single CAD model may cor-
respond to multiple textual descriptions. Notably, when
different individuals describe the same object, they often
exhibit significant variations in linguistic patterns, stylis-
tic choices, and emphasis on specific attributes. When the
styles of the source and target domains differ substantially,
directly applying a model trained on the source domain to
extract textual features in the target domain becomes highly
challenging. The main reason is that high-dimensional tex-
tual features in the target domain are not adequately covered
during training.

A straightforward approach is to utilize the object’s im-



age prototype as input to substitute for unseen textual de-
scriptions, as these representations have been effectively
learned during model training. The acquisition of image
prototypes depends on accurate class information, which is
derived by computing the cosine similarity between the in-
put text and the text prototypes. However, as the current text
prototypes are learned from the source domain, directly ap-
plying them to the target domain results in unreliable class
predictions. To address this issue, we propose to dynami-
cally update the text prototypes to align with the data distri-
bution of the target domain, as illustrated in Fig.4.

Algorithm 1 Inference in the Target Domain.
Input: textual prototype PT , image prototype PI , target
data xi with NT , the source-trained text encoder EncT ,
the source-trained decoder Dec.
Output: CAD construction sequences S∗.

1: Cosine similarity is denoted as Cos.
2: for i = 0 to NT − 1 do
3: fT

i = EncT (xi)
4: Category c = argmax(Cos(

{
fT
i , PT

}
))

5: Obtain the PI(c) corresponding to c
6: S∗ = Dec(PI(c))
7: end for
8: Return: S∗

Specifically, we propose a progressive adaptation strat-
egy (PAS) for textual prototype updating in cross-domain
generalization. As illustrated in Algorithm 1, different from
the inference stage on the source domain, we obtain the
sample class information by calculating the cosine similar-
ity between the text and the class prototype. The corre-
sponding image prototype is then searched as input to the
decoder to obtain the CAD sequence. The prototype PT for
class k is given by:

PT (k)← αPT (k) + (1− α)

∑
i∈Bk

fT
i

|Bk|
, (7)

where fT
i represents the feature representation of the target

domain. Let α denote the momentum coefficient, which
is set to 0.9 in this work. The results of the quantitative
experiments are presented in Section 4.7.

3.5. Loss Function

In this paper, we employ the Cross-Entropy loss LCE

to train the model. The loss is defined between the ground-
truth CAD construction sequence S = (Sc, Sp) and the pre-
dicted sequence S∗ = (S∗

c , S
∗
p) as:

LCE = α

Nsc∑
i=1

l ( Sc, S
∗
c) + β

Nsc∑
i=1

Nsp∑
j=1

l
(
Sp, S

∗
p

)
(8)

where l (·, ·) denotes the cross-entropy function, Nsc and
Nsp are the number of command and parameter tokens, re-
spectively, and α and β are weighting coefficients used to
balance the two terms (α = 1, β = 2). In cases where
certain commands are empty or specific parameters are un-
used in the ground-truth sequence, the corresponding terms
in the summation are omitted from the loss computation.

4. Experiments

4.1. Dataset

The multimodal dataset used in this paper consists of
three components: CAD construction sequences, text de-
scriptions, and single-view images.

4.1.1 Data Collection

CAD construction sequences We utilize the large-scale
DeepCAD dataset, which contains vectorized representa-
tions of CAD construction sequences. Specifically, the orig-
inal files are parsed to extract key structural information,
which is then converted into vectorized representations.

Single-view images To generate single-view images cor-
responding to the DeepCAD dataset, we utilize PythonOCC
(the Python implementation of OpenCASCADE technol-
ogy) running on an NVIDIA RTX 4090 GPU. The con-
struction sequences are visualized to enable the capture of
images with a clean white background.

Text description To generate high-quality textual de-
scriptions, we employ the Vision-Language Model (VLM)
Qwen-VL-Max to produce text descriptions from rendered
images of CAD models. To further evaluate the generaliza-
tion of our method in the text-to-CAD task, we leverage the
other VLM, GLM-4v-Flash, to generate alternative descrip-
tions for 1,000 CAD objects. These descriptions exhibit
distinct linguistic styles compared to those produced by
Qwen-VL-Max, simulating diverse real-world input varia-
tions. We conduct manual filtering to ensure the accuracy
and consistency of the generated descriptions.

4.1.2 Dataset Process

The JSON files released by DeepCAD contain 242,456
CAD objects, while the vectorized files include 178,238
objects. From the original files, we generate 198,719 im-
ages, with 43,737 failures in image retrieval. Among these,
166,610 CAD objects overlap with the vectorized files, in-
dicating that 11,628 objects from the vectorized files failed
to produce corresponding images. Additionally, 32,109 im-
ages derived from the original files are not utilized for vec-
torization in DeepCAD. Upon inspecting these 32,109 im-
ages, we find the standard CAD model. Specifically, these
defects include: (a) the presence of two or more parts in a



Figure 5. Representative samples from our dataset.

single object; and (b) irregularities or missing depth infor-
mation. To ensure data quality and consistency, we adopt a
manual approach for cleaning the dataset.

The cleaning criteria applied to the dataset are as fol-
lows: (a) CAD models consisting of two or more indepen-
dent parts; (b) models with irregular geometry or lacking
depth information; (c) text descriptions significantly differ
from the rendered image; (d) images exhibiting excessive
visual repetition. After applying these criteria, we obtain
a final dataset of 126,992 text-image-CAD construction se-
quence triples, collected over four days. The representation
format of the CAD construction sequence comprises a di-
verse set of commands and a large number of associated
parameters. Over an additional four days, we select 49,586
representative samples across 100 categories, ensuring class
diversity and sample quality. The representative samples are
shown Fig.5.

4.2. Implementation Details

Baseline To validate the effectiveness of our approach,
we evaluate its performance from two perspectives: text-to-
CAD generation and image-to-CAD generation. We com-
pare our method with several representative CAD genera-
tion techniques, including four traditional approaches and
two LLM-based methods. Specifically, DeepCAD is a pi-
oneering framework for generating CAD construction se-
quences and has been widely adopted in this field. Since it
is originally an unconditional generation method, we build
upon the baseline implementation proposed in Text2CAD
[16] to extend it into a conditional generation framework
that supports image or text inputs as conditions. In addition,
we include two recent text-to-CAD models (CAD Transla-
tor [22] and Text2CAD [16]) and one image-to-CAD model
(GenCAD [1]) in our evaluation. Since CAD Translator is
not open-source, we carefully reimplement it based on the
method described in [22]. For Text2CAD and GenCAD,
we re-trained both models on the same training set as ours

and evaluated them under the identical protocol to ensure
a fair comparison. These methods, like ours, do not rely
on large language models (LLMs), enabling a fair compar-
ison in terms of model computational efficiency and gener-
ation quality. Given that existing LLM-based methods are
closed-source in both data and code implementation, we are
unable to provide direct qualitative comparisons. Therefore,
we introduce two representative alternative models: Qwen
2.5-7B [28] and LLaMA3.1-8B, which are currently among
the most advanced open-source large language models. To
ensure a fair comparison, they adopt the same data represen-
tation and fine-tuning strategy. It is worth noting that, due
to limited computational resources, we report results only
for the text-to-CAD generation task.

Finally, we introduce a unimodal model based on Uni-
CAD, named SinCAD. We replace the original multimodal
input with a unimodal input, do not adopt the prototype-
based strategy, and keep all other settings unchanged. This
allows us to further investigate the effectiveness of the pro-
totype learning strategy.

Details for UniCAD The experiments are conducted on
an NVIDIA 4090 GPU, with a batch size of 256 and a total
of 200 training epochs. The Adam optimizer is used, with
a learning rate of 0.001. The dataset is split into training,
validation, and test sets in an 8:1:1 ratio.

Details for LLM-based method Due to the complex-
ity of the current data representation, it does not conform to
the prompt paradigm commonly used for fine-tuning LLMs.
To address this, we further convert the current data repre-
sentation into a textual sequence format. Specifically, we
first map numerical commands to semantically meaningful
terms according to the following rule: {0: Line, 1: Arc,
2: Circle, 3: EOS, 4: SOL, 5: Extrude}. For the parame-
ter part, we retain only the non-zero elements and compress
the two-dimensional matrix into a one-dimensional vector.
Based on this, we construct prompt data in the form of
instruction-response pairs, which is suitable for fine-tuning
LLMs. These models are configured with a maximum se-
quence length of 384. For efficient fine-tuning, we employ
low-rank adaptation (LoRA) [12], with hyperparameters set
to r = 8, α = 32, and dropout = 0.1. During training,
the batch size and gradient accumulation steps are both set
to 4, and the learning rate is set to 1 × 10−4. The model is
trained for a total of 3 epochs, with checkpoints saved every
100 training steps. Consistent with our main experiments,
all models are trained on the same GPU.

Metrics For quantitative evaluations, we adopt two types
of metrics: one based on generated CAD construction se-
quences and the other based on point-cloud data trans-
formed from CAD construction sequences. Command Ac-
curacy (Accc) and Parameter Accuracy (Accp) are used to
measure the accuracy of predicted CAD construction se-
quence S∗ =(S∗

c , S
∗
p), respectively. We also report the



Table 1. Comparison with conditioned CAD model generation methods. Accc and Accp are both multiplied by 100%. JSD, MMD, and
COV are multiplied by 102. IR is an Invalid Ratio multiplied by 100%. SinCAD is trained by single-modal data (i.e., text or image).

Model Venue Accc
↑

Accp
↑

IR
↓

COV
↑

MMD
↓

JSD
↓

Params⋆(M)
↓

Params+(M)
↓

Inference(s)
↓

Text Input
DeepCAD ICCV’21 84.84 52.25 21.35 4.60 9.99 52.98 43.37 1.30 0.05
CAD Translator MM’24 73.37 52.83 78.35 62.13 8.26 28.33 65.43 23.36 0.13
Text2CAD NeurIPS’24 - - 50.53 - - - 48.26 6.19 0.15
LLaMA3.1-8B arXiv’24 88.73 64.04 1.79 11.60 4.66 12.75 8051.23 20.97 3.06
Qwen2.5-7B arXiv’25 88.85 63.64 3.70 13.07 4.62 12.01 7635.80 20.19 4.42
SinCAD - 96.76 61.69 7.96 26.30 3.69 26.30 46.28 4.21 0.06
UniCAD - 98.64 64.03 3.53 30.70 2.69 16.59 46.28 4.21 0.09

Image Input
DeepCAD ICCV’21 90.18 57.01 28.41 6.70 7.76 42.97 52.24 2.23 0.06
GenCAD TMLR’25 90.19 55.17 11.68 33.60 4.17 9.94 34.92 23.14 1.02
SinCAD - 98.47 70.05 5.24 46.99 2.07 8.97 52.55 2.54 0.08
UniCAD - 98.70 70.08 4.77 45.60 2.31 8.95 52.55 2.54 0.11

Multimodal Input
UniCAD - 98.71 70.18 4.94 48.80 2.30 8.98 95.15 5.07 0.08

DeepCAD

A 90-degree elbow pipe
fitting with a cylindrical
shape and smooth surface.

CAD
Translator Text2CAD LLaMA

3.1-8B 
Qwen
2.5-7B SinCAD UniCAD

A cylindrical screw with
a hexagonal head.In

pu
t

A hexagonal nut with a
central circular hole. The
nut has six flat sides and
rounded edges.

Figure 6. Qualitative comparison for image input.

DeepCAD SinCAD UniCADGenCADimage UniCAD*

The object is an inverted 
U-shaped bent bracket, 
consisting of a horizontal 
elongated plate 
connecting two vertical 
plates of equal thickness.

The object consists of an 
approximately square, thin 
horizontal plate as the top 
surface, with four vertical 
support posts of uniform 
cross-section attached at 
the four corners, forming a 
four-legged structure.

Figure 7. Qualitative comparison for image input. ∗ represents the
result of multimodal input (i.e., image and text)

Invalid Ratio (IR), defined as the percentage of generated
CAD models that fail to be converted into valid point
clouds. Using the reconstructed point clouds, we further
evaluate shape quality by sampling 2,000 points from each
generated and ground-truth shape and comparing the re-
sulting point sets [36, 38]. Specifically, Coverage (COV)
measures the percentage of ground-truth shapes that can be
closely approximated by at least one shape from the gen-
erated set. The Jensen–Shannon Divergence (JSD) quanti-
fies the distributional difference between the generated and
ground-truth point clouds. Finally, to assess the geometric
alignment between a real and predicted shape, we compute
the Minimum Matching Distance (MMD).

4.3. CAD Construction Sequence Generation

Quantitative comparison As shown in Table 1, Uni-
CAD achieves the best performance across multiple metrics
in the text-to-CAD task. Specifically, UniCAD achieves a
36.92% improvement in JSD and a 55.65% improvement
in IR compared to SinCAD, demonstrating that the text
modality can compensate for the missing structural infor-
mation by leveraging input from the image prototype. In
terms of model efficiency, UniCAD and SinCAD have the
same number of parameters, as the incorporation of proto-
types does not introduce any additional learnable parame-
ters. However, UniCAD incurs a slight increase in infer-
ence time due to the need to compute the distance to class
prototypes during inference for category prediction and cor-
responding text prototype retrieval. Since Text2CAD em-
ploys a different data representation method than our ap-
proach, we only evaluate its effectiveness. Notably, nearly
80% of the outputs generated by CAD Translator and 50%
of those generated by Text2CAD cannot be converted into
valid CAD models, whereas our method achieves an IR
of only 3.53%. Although CAD Translator achieves bet-
ter performance in reconstruction quality (e.g., COV), this
metric is computed only over a subset of valid CAD mod-
els, leading to potentially overestimated results. The pri-
mary reason is that CAD Translator excels at learning the
one-to-one mapping relationship in the latent space, while
the class-level prototypes in UniCAD contain comprehen-
sive information about the corresponding class. Moreover,
UniCAD achieves comparable Accp scores to LLM-based
methods, while offering significantly lower inference la-
tency and fewer model parameters. This enables UniCAD
to achieve a more favorable trade-off between generation
quality and computational efficiency, making it better suited
for deployment in resource-limited settings.
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Figure 8. More generated CAD models from our method.

For the image-to-CAD task, UniCAD drops by 8.97%
in IR compared to SinCAD, indicating that the missing se-
mantic information in the image modality is effectively sup-
plemented by the text prototype. Compared with GenCAD,
our approach achieves superior performance across multi-
ple metrics. Moreover, our method requires significantly
less inference time, achieving a 92.16% reduction in la-
tency. The primary reason lies in the diffusion-based archi-
tecture of GenCAD, which requires a sequential denoising
process from Gaussian noise across a predefined number of
time steps to reconstruct CAD objects. In contrast, our de-
coder employs a feed-forward strategy [3], which generates
the complete CAD operation sequence in a single forward
pass, thereby requiring significantly less inference latency.

In addition, image-based prompts can provide more de-
tailed geometric and structural information of objects com-
pared to text-based prompts, thereby facilitating the gen-
eration of more accurate CAD construction sequences.
Specifically, image-guided UniCAD achieves a 9.45% im-
provement in Accp over text-guided UniCAD. Further-
more, image-guided and multimodal-guided UniCAD ex-
hibit nearly identical accuracy and invalid generation rates,
indicating that the semantic information provided by text
prototypes is both accurate and well-preserved.

Qualitative comparison As shown in Fig.6 and 7, we
can draw the following two interesting conclusions. Specif-
ically, CAD models generated based on text descriptions
can usually only present the basic shape and structure of
an object, lacking details such as length, angle, and posi-
tion. However, compared with the other three methods, the
shape generated by UniCAD is closer to ground truth (GT),
indicating that the image prototype with structured knowl-
edge has been successfully integrated with the text features.
Meanwhile, several key features of the 3D shapes generated
by DeepCAD exhibit notable deviations from the GT, indi-
cating a significant gap between multimodal inputs and the

Table 2. Results of text-guided CAD completion task.

Model
Accc Accp IR COV MMD JSD
(↑) (↑) (↓) (↑) (↓) (↓)

UniCAD
20%CAD 99.06 70.06 3.39 63.80 1.63 7.27
40%CAD 99.59 77.26 2.92 69.70 1.33 5.79
60%CAD 99.79 82.88 3.13 74.29 1.15 5.69
80%CAD 99.84 85.09 2.66 73.90 1.13 5.47

CAD Translator
20%CAD 78.28 55.34 69.48 45.60 1.93 6.37
40%CAD 84.26 56.51 55.74 50.99 1.65 6.02
60%CAD 89.19 57.32 41.20 52.30 1.63 6.04
80%CAD 88.80 57.20 42.36 42.93 2.18 5.72

Table 3. Results of image-guided CAD completion task.

Model
Accc Accp IR COV MMD JSD
(↑) (↑) (↓) (↑) (↓) (↓)

UniCAD
20%CAD 99.48 73.48 2.40 60.50 1.53 6.98
40%CAD 99.70 78.93 2.28 68.90 1.29 5.71
60%CAD 99.79 82.62 2.38 74.40 1.10 5.37
80%CAD 99.84 85.10 2.36 74.69 1.10 5.38

SinCAD
20%CAD 98.30 72.12 2.94 31.00 2.65 11.23
40%CAD 99.48 78.72 3.55 38.70 1.37 8.09
60%CAD 99.74 81.03 3.63 40.40 2.41 7.19
80%CAD 99.91 84.69 3.79 39.67 2.18 6.31

corresponding CAD construction sequences. Furthermore,
we provide additional visualization results demonstrating
the generation of CAD construction sequences from mul-
timodal prompts. As shown in Fig.8, UniCAD achieves ac-
curate and robust generation not only for basic and simple
models but also for complex CAD structures.

4.4. CAD Construction Sequence Completion

Following [22], we input incomplete CAD construction
sequences (i.e., partially masked CAD tokens) along with
multimodal prompts (image, text, or both) to reconstruct
the complete sequence. For example, ”20% CAD” indi-
cates that 20% of the CAD tokens are retained while 80%
are masked. We define more challenging completion lev-
els (20% to 80% token retention) to simulate greater se-
quence incompleteness, compared to the range used in CAD
Translator (60% to 80%). We evaluate the performance of
CAD completion under various modality-conditioned set-
tings and report the results in Tables 2 to 4, respectively.

As shown in Table 2, even with only 20% of the CAD to-
kens available, our model achieves over 70% in Accp when
reconstructing CAD sequences, representing a substantial
improvement over CAD-Translator. This demonstrates that
UniCAD can effectively extract key features from mul-



Table 4. Results of multimodal-guided CAD completion task.

Model
Accc Accp IR COV MMD JSD
(↑) (↑) (↓) (↑) (↓) (↓)

20%CAD 99.48 76.62 3.39 66.00 1.50 6.11
40%CAD 99.70 80.38 2.98 73.20 1.19 5.63
60%CAD 99.76 83.06 2.90 73.80 1.16 5.64
80%CAD 99.83 84.82 2.58 72.80 1.06 5.77

Table 5. Quantitative comparison for the ablation study.

Model
Accc Accp IR JSD MMD COV
(↑) (↑) (↓) (↓) (↓) (↑)

w/o Pro (T) 96.32 61.07 9.62 21.74 3.79 24.10
w/o AD (T) 97.57 62.38 6.27 18.68 3.19 26.80
w/o Mask (T) 30.64 29.67 99.92 88.68 34.85 33.33
Ours (T) 98.64 64.03 3.53 16.59 2.69 30.70

w/o Pro (I) 98.32 68.42 5.85 10.17 2.33 41.89
w/o AD (I) 96.91 67.26 9.27 10.73 2.18 45.80
w/o Mask (I) 30.89 32.52 99.88 88.47 36.97 50.00
Ours (I) 98.70 70.08 4.77 9.57 2.27 47.99

timodal inputs and utilize them to reconstruct complete
CAD construction sequences. Moreover, as the number of
masked tokens decreases, UniCAD achieves higher recon-
struction accuracy. Specifically, with 80% of tokens visible,
the model improves Accp by 21.45% and IR by 21.53%
compared to the 20% visibility setting. These results vali-
date that our progressive training strategy effectively miti-
gates catastrophic forgetting of previously knowledge.

As shown in Table 3, SinCAD and UniCAD achieve
comparable generation results, indicating that prototype-
based features do not provide significant advantages when
explicit structural information is available. In contrast, dur-
ing the generation phase, where access to valid CAD se-
quences is limited or unavailable, prototype features be-
come more valuable due to the lack of structural guidance.

Under all level settings, the reconstruction accuracy of
utilizing text prompts and image prompts is almost identi-
cal, which differs from the results of the generation task.
A key reason is that CAD tokens can provide fine-grained
structural information, which is already included in the
image content. Consequently, the performance gain from
CAD tokens is more limited for the image-based approach
compared to the text-based method.

4.5. Ablation Study

As shown in Table 5, the performance of UniCAD em-
ploying the prototype strategy has improved, regardless of
whether the input is text or image. Notably, the IR has in-
creased by 63.31% and 18.46% for text and image inputs,
respectively. This indicates that the multimodal prototype
strategy not only complements missing information from
another modality but also promotes consistent representa-
tions in the latent space. In addition, UniCAD (T) intro-

duces the adaptive layer to fuse the cross-modality feature,
resulting in a significant performance improvement of 2.64
% in Accp and 43.70% in IR. UniCAD (w/oMask) is al-
most unable to generate some valid CAD models, indicating
that the model overfits the mapping relationship between
multimodal data and complete CAD tokens, rendering it in-
capable of generating valid results at the inference stage.

4.6. Evaluation of the Progressive Training Strategy

During training, the mask rate γt gradually increases
from 0 to 0.9. To further investigate the effectiveness of γt,
we incrementally increase γt from 0.9 to 1.0, referred to as
Criteria†, as presented in Eq.9. In addition, the model is fur-
ther trained for 20 epochs using Criteria‡, which comprises
multimodal features and all masked CAD tokens. The im-
plementation details of Criteria‡ are shown in Eq.10.

γ†
t =


0 if 1 ≤ t ≤ tw
t−tw
tδ

if tw < t ≤ tδ
0.9 + t−tδ

T−tδ
× 0.1 if tδ < t ≤ T1,

(9)

γ‡
t =


0 if 1 ≤ t ≤ tw
t−tw
tδ

if tw < t ≤ tδ
0.9 + t−tδ

tη−tδ
× 0.1 if tδ < t < tη

1 if tη ≤ t ≤ T2,

(10)

where tδ , T1, tη , and T2 are set to 200, 240, 240, and
260 respectively. The quantitative comparison of different
masking rate strategies is shown in Table 6 and the quali-
tative comparison is shown in Fig.9. Criteria‡ outperforms
both Criteria† and our strategy in terms of the accuracy of
Command and Parameter. However, it fails to produce any
meaningful result with an invalid ratio of 100. UniCAD
consistently achieves the best results among all completion
tasks. A key reason is that Criteria† and Criteria‡ overfit the
masked CAD tokens and catastrophically forget the feature
mappings between different modalities.

4.7. Cross-Domain Generalization

As previously described in Section 3.4, we construct a
cross-domain experiment to simulate personalized language
expressions in real-world scenarios. To this end, we adopt
the ChatGLM-V4 model to generate textual descriptions,
which differs from the source domain. Specifically, we
build a small-scale dataset containing 30 CAD objects and a
total of 1,000 textual descriptions. Among them, 500 sam-
ples from the target domain are used to incrementally up-
date the text prototypes, while the remaining samples are
held out as an independent test set to evaluate the model’s
final performance on the target domain.

We use the un-updated prototype as the baseline (i.e.,
NT = 0), which directly takes the target data as input to
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Figure 9. Quantitative experiment between our strategy and other criteria for the image to CAD sequence generation and completion. The
vertical axis represents the accuracy rates predicted by command and parameter, while the horizontal axis represents the value of γt. Here,
γt = 0 corresponds to a generation task, and values of γt ranging from 0.1 to 0.9 represent completion tasks.

𝑁𝑁𝑇𝑇 = 0 𝑁𝑁𝑇𝑇 = 100 𝑁𝑁𝑇𝑇 = 300 𝑁𝑁𝑇𝑇 = 500

Figure 10. T-SNE visualizations of text features in the target domain. NT represents the number of target domain samples used for updating
the prototypes. As the samples in the target domain continue to increase, the text prototype will be dynamically adjusted to gradually adapt
to the features of the target domain, thereby enhancing the model’s performance in new fields.

Table 6. Quantitative comparison on the image to CAD sequence
generation and completion. * indicates the generation task, while
the others represent completion tasks.

Input Strategy Accc(↑) Accp(↑) IR (↓)

0% CAD*
Criteria† 98.74 70.94 4.07
Criteria‡ 98.76 71.15 100

Ours 98.47 70.06 5.24

20% CAD
Criteria† 98.98 75.14 4.42
Criteria‡ 98.54 73.83 6.97

Ours 99.33 76.34 3.58

40% CAD
Criteria† 98.82 77.62 100
Criteria‡ 96.67 76.75 15.99

Ours 99.64 80.04 3.04

obtain the corresponding CAD sequence. In contrast, other
approaches (e.g., NT = 100) employ PAS to update the
text prototypes. In Fig.10, we utilize t-SNE to visualize
the continuous evolution of text prototypes within the target
domain and highlight the stored features from 25 random
classes using different colors. These visualizations illustrate
that the text prototypes are constantly adjusted based on the
features of the target domain samples, gradually adapting to
the characteristics of the target domain.

Table 7. Quantitative comparison results. NT equals 0 indicates
that the source domain prototype has not been updated.

NT
Accc Accp COV MMD JSD
(↑) (↑) (↑) (↓) (↓)

0 97.95 58.96 41.37 1.28 4.05
100 98.25 60.66 69.99 1.15 4.68
300 98.25 62.52 69.99 0.88 4.83
500 98.31 63.90 89.99 0.87 4.39

As shown in Table 7, all PAS-based methods outperform
baseline (i.e., NT = 0). The main reason is that there is a
significant domain gap between the source domain and the
target domain. By contrast, other PAS-based methods can
effectively reduce the impact of the domain gap. The model
(NT = 500) achieves the best results, proving the effective-
ness of PAS and Algorithm 1. Figure 11 shows that descrip-
tions of the same object in the source domain and the target
domain exhibit completely different styles and characteris-
tics. UniCAD consistently generates accurate CAD models
in most cases, which is mainly attributed to the fact that our
prototype can dynamically update its class-level center to
adapt to the data distribution of the target domain.
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A torus with a cylindrical 
base and a circular hole 
in the center. The 
surface is smooth and the 
edges are rounded.

This object is a cylindrical 
ring with a circular hollow 
in the middle. This object is 
a ring with both inner and 
outer edges being circular.

The object is composed of a 
cylindrical top and a 
hexagonal base. The top of 
the object is cylindrical, the 
bottom is hexagonal, and 
the edges are rounded.

A torus with a cylindrical 
base and a circular hole 
in the center. The 
surface is smooth and 
the edges are rounded.

A cube with one corner 
cut off, resulting in a 
pentagonal shape on one 
face.

The object is a cuboid with 
one corner cut off to form a 
pentagon.

A hexagonal column with 
a central hole.

The object is a hexagonal 
column with a circular hole 
at the top that is 
perpendicular to the axis of 
the column.

The object is an L-
shaped CAD model with a 
rectangular base and a 
vertical rectangular 
extension. 

The object has two main 
sections, a larger 
rectangular block and a 
smaller rectangular block, 
which are connected 
together vertically.

Figure 11. Qualitative results of UniCAD on cross-domain text-to-
CAD construction sequence generation.

A circular flange
with a central hole
and four mounting
holes.

A circular flange
with a central hole
and three holes on
the circumference.

A cube with three
circular holes on its
surface.

A rectangular block
with four circular
holes aligned in a
row.

Figure 12. The potential of the model in controllable CAD gener-
ation.

A five-pointed star with sharp edges
and a symmetrical shape.

The object is a star shaped CAD model
with five points. Each point is
connected by straight edges, forming a
symmetrical star. The object has a
uniform thickness along its edges.

A star-shaped object with five equal
sides and sharp points. The object
appears to be symmetrical and has a
flat surface on top.

The object is a star-shaped CAD model
with a symmetrical five-pointed star
structure. It has a flat top and bottom,
with sharp, straight edges and a
uniform thickness throughout.

Text Image CAD Translator UniCAD

Figure 13. The potential of the model in handling diverse data.

The object is an L-shaped bracket with a
horizontal arm and a vertical arm. The
horizontal arm has three holes, and the
vertical arm has one hole.

The object is a cylindrical CAD model with a
rectangular extension on one side. It has
two circular holes on the cylindrical part
and one circular hole on the rectangular
extension.

Figure 14. Some failure cases for our UniCAD. The complex ob-
jects often consist of multiple primitives and require longer se-
quences that exceed setting in this paper.

4.8. Applications of UniCAD

In this section, we discuss the practicality of UniCAD
from two perspectives. (1) Controllable CAD generation.
When we input the keywords ‘three’ and ‘four’ in the text,
the model will obtain the corresponding results, as illus-
trated in Fig.12. This indicates that UniCAD not only sup-
ports multimodal input but also effectively interprets tex-
tual content, enabling more natural and flexible human-
computer interaction. (2) The diversity of text descriptions.
When users describe the same object, there may be consid-
erable differences in their language expressions. As shown
in Fig.13, UniCAD accurately generates the same object un-
der multiple text descriptions, demonstrating that the model
can effectively learn the essential features and key informa-
tion of the object through our prototype strategy.

4.9. Limitations

Despite the promising results obtained by our UniCAD,
there are still some failure cases, as shown in Fig.14. Sev-
eral factors contribute to these failures. First, although we
set the length of CAD construction sequences to 64, com-
plex objects often consist of multiple primitives and require
longer sequences that exceed this limit. Meanwhile, text de-
scriptions cannot accurately reflect details such as lengths
and angles specified in CAD construction sequences, lead-
ing to discrepancies between the CAD models generated by
UniCAD (text only) and the labels. Furthermore, the Deep-
CAD dataset, which forms the basis of our training data,
is unbalanced, resulting in sparse samples for certain cate-
gories and potentially causing generation failures.

5. Conclusion

In this paper, we propose UniCAD, a novel prototype-
enhanced unified framework for generating CAD construc-
tion sequences from images or text descriptions. UniCAD
significantly improves design efficiency and lowers entry
barriers for CAD modeling. Specifically, our multimodal
prototypes can compensate for the missing information in



unimodal inputs, thereby improving the quality of CAD
model generation. Furthermore, the textual prototypes can
dynamically evolve to support the generation of CAD ob-
jects from diverse text descriptions. Extensive experiments
demonstrate the superiority of UniCAD and validate the ef-
fectiveness of each proposed strategy. In the future, it is
also worthwhile to develop a more complex CAD dataset,
which contains detailed multimodal annotations, to enable
finer-grained control over CAD model generation.
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