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Abstract

Creating CAD digital twins from the physical world is
crucial for manufacturing, design, and simulation. How-
ever, current methods typically rely on costly 3D scanning
with labor-intensive post-processing. To provide a user-
friendly design process, we explore the problem of reverse
engineering from unconstrained real-world CAD images
that can be easily captured by users of all experiences.
However, the scarcity of real-world CAD data poses chal-
lenges in directly training such models. To tackle these chal-
lenges, we propose CADCrafter, an image-to-parametric
CAD model generation framework that trains solely on syn-
thetic textureless CAD data while testing on real-world im-
ages. To bridge the significant representation disparity be-
tween images and parametric CAD models, we introduce
a geometry encoder to accurately capture diverse geomet-
ric features. Moreover, the texture-invariant properties of
the geometric features can also facilitate the generalization
to real-world scenarios. Since compiling CAD parameter
sequences into explicit CAD models is a non-differentiable
process, the network training inherently lacks explicit ge-
ometric supervision. To impose geometric validity con-
straints, we employ direct preference optimization (DPO) to
fine-tune our model with the automatic code checker feed-
back on CAD sequence quality. Furthermore, we collected
a real-world dataset, comprised of multi-view images and
corresponding CAD command sequence pairs, to evaluate
our method. Experimental results demonstrate that our ap-
proach can robustly handle real unconstrained CAD im-
ages, and even generalize to unseen general objects.

∗ The first two authors contributed equally to this work.
† Corresponding authors.

1. Introduction
Computer-aided design (CAD) provides fundamental me-

chanical components that are essential to create shapes and

mechanisms in all manufacturing and design applications.

Parametric CAD command sequences enable precise con-

trol over shapes and facilitate effortless future modifica-

tions on size and scales. However, manual creation of CAD

command sequences is tedious and time-consuming, lead-

ing to reverse engineering studies to recover CAD design

procedures from existing CAD models. Current research

focuses predominantly on reconstructing CAD command

sequences from 3D representations such as B-Reps [36, 39],

point clouds [22, 38], and voxels [15, 16]. These forms are

typically derived from synthetic digital data or from high-

quality 3D reconstructions obtained using costly 3D sen-

sors. This dependency on sophisticated data and expensive

technology limits the feasibility of these methods in practi-

cal everyday applications.

Recent advances in generative models have facilitated

the generation and reconstruction of images to 3D [11, 17,

18, 20] with ease. However, these methods often yield 3D

shapes with rough surfaces and indistinct, blurred edges,

failing to accurately replicate geometric standards such as

rectangles or circles. Moreover, the 3D shapes produced

by these methods are difficult to edit and lack the precision

required for direct use in manufacturing.

This prompts us to investigate the feasibility of directly

generating editable CAD command sequences from images,

as illustrated in Figure 1. However, the task is particularly

difficult due to the significant representational and domain

gap between the two modalities, where CAD commands

consist of a mix of discrete geometric operations and con-

tinuous parameters while images capture raw appearance

with limited spatial information. The challenge is ampli-

fied with in-the-wild, unconstrained images. These images

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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Figure 1. Our proposed CADCrafter can generate CAD com-

mand sequences from unconstrained multi-domain images, includ-

ing (from left to right) synthetic data renderings, 3D-printed CAD

models, and unseen general objects. These generated CAD com-

mands can then be compiled into 3D CAD models. Notably, our

model is trained solely on synthetic data renderings.

frequently exhibit variability in camera poses, lighting con-

ditions, and noise, as well as various materials and textures

of the objects depicted. Another challenge in developing

this system lies in the difficulty of collecting paired CAD

commands and image data from real-world scenarios, mak-

ing it necessary to rely on synthetic datasets for training.

However, models trained solely on synthetic data often un-

derperform with real-world data. Therefore, there is a crit-

ical need for a method to bridge this gap, ensuring that ap-

proaches trained on synthetic data can perform effectively

on both synthetic and real-world unconstrained images.

To tackle these challenges, we propose CADCrafter,

a method engineered to directly generate CAD command

sequences from both multi-view and single-view uncon-

strained images. Specifically, as shown in Figure 2, we

first train a transformer-based autoencoder to map the CAD

tokens to a latent space and then reconstruct them. Then,

we apply a latent diffusion transformer to denoise the latent

CAD codes conditioned on the input images. Unlike tradi-

tional latent diffusion architectures [44] that rely directly on

image features as conditions, our approach utilizes geomet-

ric features of images, specifically depth and normal maps.

There are two main benefits of geometric features: they en-

hance geometry representations to boost accurate command

prediction and are invariant to the textural gap between syn-

thetic data and real-world images. Additionally, different

modalities of geometry features capture various perspec-

tives of an object, with each modal providing unique geo-

metric information. To capitalize on this, we designed a ge-

ometry encoder that adaptively consolidates geometric data

from each modality.

When generating CAD commands, the non-

differentiable nature of the CAD compiler makes it

inherently challenging to directly incorporate geometric

constraints. Due to the geometry precision required in

CAD models, inaccurate commands may fail to compile

into a valid CAD model, as shown in Figure 3.

To implicitly learn the correct shape pattern of CAD

models, we enhance the latent diffusion model with addi-

tional constraints and regularization, c.f. [9]. Drawing in-

spiration from reinforcement learning with human feedback

(RLHF) [4], we implement a code checker to improve the

validity of denoised latent codes. Specifically, we deploy

the CAD compiler as an automatic checker to categorize

codes as valid or invalid. Subsequently, we fine-tune the

diffusion model using these categorized sets through direct

preference optimization [25, 33] to improve the generation

quality and accuracy.

Since single-view images inherently lack complete in-

formation about the unseen part of a 3D object, instead of

training separate models for multi-view and single-view in-

puts, we distill the comprehensive knowledge from our pre-

trained multi-view geometry encoder into a single-view ge-

ometric encoder by aligning their feature representations.

This enables the model to learn the mapping from single-

view to multi-view input, thereby enhancing both the accu-

racy and robustness when processing single-image inputs.

To validate our method, we collected RealCAD, a real-

world dataset pairing CAD commands with multi-view im-

ages, captured freely on CAD models fabricated using 3D

printing technology with various materials and textures.

Our contributions are: (a) We introduce CADCrafter,

a latent diffusion-based framework to generate parametric

CAD models from unconstrained images, leveraging geo-

metric features to mitigate the domain gap between syn-

thetic training data and in-the-wild testing data. (b) We

introduce an automatic code checker to learn CAD geom-

etry validity by fine-tuning our diffusion model with direct

preference optimization (DPO) thereby improving accuracy

and reducing invalid outputs. (c) Our proposed CADCrafter

framework accommodates both single-view and multi-view

inputs. In addition, we introduce a dataset of uncon-

strained 3D printed CAD images paired with CAD com-

mands, demonstrating the robustness and generalizability of

the model.

2. Related work
Generative models for CAD. Most existing CAD gener-

ation research focuses on unconditional generation [42] or

conditional generation based on complete 3D information,

such as point clouds [22, 38], sketches [14, 34], B-reps [36,

39] and voxel grids [15, 16]. For instance, DeepCAD [38]

utilizes an autoencoder to encode CAD models and em-
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ploys GANs for unconditional generation. SkexGen [40]

introduces an autoregressive generative model that encodes

CAD construction sequences into disentangled codebooks.

HNC-CAD [41] represents CAD models as a hierarchical

tree of three levels of neural codes. Draw Step by Step [22]

incorporates a tokenizer to compress CAD point clouds

and trains a multi-modal diffusion model for point cloud-

conditioned generation. CAD-SIGNet [12] proposes a

layer-wise cross-attention mechanism between point clouds

and CAD sequence embeddings. MultiCAD [21] develops

a multimodal contrastive learning strategy to align CAD se-

quences with point clouds. More recently, Text2CAD [13]

has been introduced to generate parametric CAD models

from text instructions. Img2CAD [7] is able to generate

CAD command sequences with image inputs, however, it

adopts a discriminative framework which results in limited

performance [5], especially on real-world objects.

Current CAD construction sequence data sets like Deep-

CAD [38] and Fusion360 [37] are standard synthetic data

sets. These models are typically trained and tested on noise-

free synthetic data. In this paper, we present a dataset that

pairs multi-view images with CAD sequences and explores

a more user-friendly approach by training only on synthetic

data and evaluating our model on both synthetic and real-

world captured data.

3D Generative Models. With the rise of large-scale model

training, recent advances in 3D generative models have

been significant. Most existing methods generate 3D shapes

in discrete forms, such as implicit neural fields [6, 8, 11, 24],

point clouds [43], and meshes [18, 28, 29, 35]. However,

these generated shapes often suffer from a lack of sharp ge-

ometric features and are not directly editable by users.

In contrast to these works, our model directly outputs

sequences of CAD operations that can be readily imported

into any CAD tool [1–3] for user editing.

3. Approach
In this chapter, we present CADCrafter, a latent diffusion-

based transformer tailored for generating CAD command

sequences from images. Trained on a synthetic dataset and

evaluated on both synthetic and real-world data, the model

incorporates a geometry conditioning encoder to enhance

geometric understanding and generalization. Additionally,

we have developed a multi-view to single-view distillation

technique to improve robustness for single-view inputs and

introduced an annotation-free direct preference optimiza-

tion method to improve accuracy in CAD representations.

3.1. CAD Command Sequence Encoding

The comprehensive CAD toolkit features an extensive ar-

ray of commands, yet only a limited subset is frequently

utilized in practice. Drawing on previous research [37,

38], we focus on two commonly used categories: sketch

and extrusion, which offer ample expressive capabilities.

We present an example of a simple CAD command se-

quence in Figure 1. For simplicity, in sketch, we adopt

commands{〈SOL〉, L, A, R}, namely start, line, arc, and

circle, to draw curves forming enclosed 2D regions

named profile. Then, each 2D profile can be lifted to a 3D

body using the extrusion command E. Each of these discrete

commands is defined by its unique continuous parameters,

which determine the size, location, scale, and type.

Following the approach in DeepCAD [38], we normal-

ize all CAD models and quantize the continuous parame-

ters into 256 levels represented as 8-bit integers to process

the discrete and continuous command sequences. The i-
th line of command Ci is represented by the one-hot en-

coding of command types si and a stacking of all param-

eters for all command types into a vector pi, setting the

unused parameters to −1. We then pad the sequence to

a fixed length, Nc, using the empty command 〈EOS〉. To

process CAD commands in a manner similar to natural lan-

guage processing [32], we tokenize the commands by map-

ping them to embedding spaces, the resulting embedding

e(Ci) = ecmd
i + eparam

i + epos
i ∈ R

dE , where epos
i is a read-

able positional embedding and dE = 256 is the embedding

dimension. More details on the CAD commands and the

tokenization process are provided in the supplementary.

To facilitate the generation of sequential CAD data con-

ditioned on images, as depicted in Figure 2, we initially

train a transformer-based autoencoder to encode CAD se-

quences into latent vectors z and subsequently reconstruct

them. Then we adopt the latent diffusion framework [27],

which allows efficient learning and sampling within the la-

tent CAD space with image conditioning. The design and

training details of the autoencoder are similar to DeepCAD

[38] and are included in the supplementary materials.

3.2. Geometry Conditioning Encoder

CAD commands are precise operations based on geometry

structures; thus, it is important to explore more geometric

information from the input image. Therefore, we extract

depth and surface normal maps with geometry estimation

models [45]. Additionally, depth and normal are invariant

to textures, which significantly reduces the domain gap be-

tween our texture-less synthetic renderings used for training

and the unconstrained images used for testing.

Specifically, we feed the extracted depth and normal

maps to the pre-trained DINO-V2[23] encoder to get DINO

features hdepth
i , hnormal

i ∈ R
ddino where i ∈ {0, 1, 2, 3} indi-

cates different views and ddino = 1536.

We designed a transformer-based geometry encoder that

adaptively consolidates geometric cues from each view and

modality, as each provides unique geometric information

about the object. To help the model more effectively learn to

integrate information from different modalities, the DINO
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Figure 2. The training pipeline comprises three stages. In the first, a transformer autoencoder reconstructs CAD command sequences into

a latent space. Second, we extract depth and normal using a pre-trained geometric extractor, the encoded features serve as conditions in the

latent diffusion model; the multi-view geometric encoders and the latent diffusion model are jointly trained. Later, a single-view geometry

encoder is trained by distilling knowledge from the multi-view encoder to enhance robustness. Third, we develop a geometry validity-based

code checker and fine-tune the diffusion model with direct preference optimization (DPO) to improve generation quality and accuracy.

Figure 3. The code checker checks if the generated CAD com-

mand sequence is compilable. The first row illustrates cases that

can be successfully compiled while the second row shows invalid

cases where no 2D profile is enclosed by the curves. The compiler

inherently performs as an automatic checker to help our DPO fine-

tuning process.

features are stacked as patches and add a learnable modality

embedding e to get:

H = cat3i=0(h
depth
i + edepth, hnormal

i + enormal), (1)

where H ∈ R
8×ddino and cat denotes the concatenation op-

eration across all views and modalities. We further apply a

rotary positional embedding [30] to each token to help the

multi-view geometry encoder effectively combine informa-

tion. The averaged output feature fm of the geometry en-

coder is used as the conditioning vector.

3.3. Denoising CAD Latent Vectors

Since our sample space is the latent vectors z generated

by the transformer-based autoencoder, unlike conventional

DDPM architectures that employ UNet structures tailored

for image processing, we implement a diffusion transformer

architecture Ω to denoise the latent vector. The diffusion

transformer architecture is similar to that of DALL-E 2 [26],

which consists of layers with attention mechanisms [32],

fully connected layers, and layer normalization.

Given the sampled CAD latent z, at each iteration, we

add noise corresponding to a random timestep t to it to ob-

tain zt. The model then learns to restore the original latent

z0. The diffusion model takes zt, fm and γ(t) as inputs,

where γ(t) is a positional embedding of timestep t.

In our experiments, we found that directly predicting the

original z0 yields better performance than predicting the

added noise. Therefore, the loss function is defined as:

Ldiff = ‖Ω(zt, γ(t)|fm)− z0‖2. (2)

During testing, we begin with a randomly sampled noise

vector zT ∼ N (0, I) and iteratively apply our diffusion

model to denoise it, ultimately producing the final output

z0. The generated latents z0 are passed to the previously

trained decoder to obtain the reconstructed CAD sequence.
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3.4. Multi-View to Single-View Distillation

Creating a 3D object from a single-view input introduces

inherent ambiguities, as the model must infer details from

unseen areas. Instead of training a separate model for the

single-view setting, we adopt the model trained from multi-

view and distill the knowledge from the multi-view geome-

try encoder to the single-view geometry encoder by implic-

itly reducing the distance between the condition features.

Specifically, in single-view training, we freeze the

weights of the trained multi-view geometry encoder as the

reference model. We continue to feed multi-view inputs and

employ a distillation loss to distill knowledge from it:

Ldistill = 1− fs · fm
‖fs‖‖fm‖ , (3)

where fm is the averaged output feature of the multi-view

geometry encoder and fs is the averaged output feature of

the single-view geometry encoder. The single-view geome-

try encoder is updated with Ldistill and Ldiff.

3.5. Direct Preference Optimization based CAD
Code Checker

During training, diffusion loss concentrates on aligning dis-

tributions without explicit geometric supervision. However,

CAD compilers enforce strict command rules. As shown

in Figure 3, there are instances where curves do not form

closed surfaces, causing the generated CAD code to fail

compiler checks.

To improve geometric precision, we take inspiration

from reinforcement learning from human feedback (RLHF)

[4] in large language models (LLMs), where a reward func-

tion is trained from comparison data on model output to

represent human preferences, and reinforcement learning is

used to align the policy model. Our key idea is to introduce

a code checker to serve as an implicit reward model for the

denoised latent code, utilizing direct preference optimiza-

tion (DPO) [25, 33] to fine-tune our approach.

Specifically, we generate multiple latent z vectors and

use a CAD compiler to verify the compilability of the de-

coded commands. This automatic process enables us to pick

a set of valid latent vectors (positive set) and a set of invalid

latent vectors (negative set). We then fine-tune the diffusion

model using the DPO loss, which is defined as follows:

L(θ) = −E(zw
0 ,zl

0)∼D,t∼U(0,T ),zw
t ∼q(zw

t |zw
0 ),zl

t∼q(zl
t|zl

0)

log σ

(
−β

2
( ‖εw − εθ(z

w
t , t)‖22 − ‖εw − εref(z

w
t , t)‖22

− (‖εl − εθ(z
l
t, t)‖22 − ‖εl − εref(z

l
t, t)‖22

)))
. (4)

where ε is the noise in diffusion process, the loss term

lw = ‖εw − εθ(z
w
t , t)‖ represents the model preference to-

ward the positive sample zw, while ll = ‖εl − εref(z
l
t, t)‖

represents the model’s preference toward the negative sam-

ple zl. It can observed that when optimizing the DPO loss,

lw decreases while ll increases. This adjustment increases

the probability of generating positive samples and decreases

the probability of producing code that fails the checks.

Furthermore, εref() denotes the frozen pretrained diffu-

sion model trained in the second phase, and εθ() is the

updating network. By limiting the difference between the

finetuned model’s output and the pre-trained model, the ef-

fective knowledge acquired during pretraining can be pre-

served. The parameter β controls the regularization of the

fine-tuned model’s distance from the original model. A

larger β imposes more constraints when the model devi-

ates from the pre-trained model. In our experiments, we set

β = 20.

4. Experiments

4.1. Experimental Setups

Datasets. We train our method solely on DeepCAD [38]

training set, a dataset composed mainly of CAD mechan-

ical parts. We render 8 sets of 4-view images around the

CAD model with a random elevation and perturbations on

azimuth. For the single-view setting, we randomly pick one

image for each training step.

To better assess the generalizability of the model, we col-

lect our own real-world testing dataset RealCAD. We ran-

domly select 150 CAD models from the DeepCAD test set

and fabricate them with 3D printing using various textures

and materials. As shown in Figure 4, we casually take 4-

view images around the printed objects without specific re-

quirements.

Implementation Details. All experiments are per-

formed on a single RTX6000 Ada GPU. In the first stage,

we train the autoencoder for 1,000 epochs using a learning

rate of 2 × 10−4. In the second stage, we train the image-

conditioned diffusion model with a batch size of 2,048 for

3,000 epochs using a learning rate of 5× 10−5. In the DPO

finetuning stage, we collect 10000 pairs of positive and neg-

Figure 4. We showcase our RealCAD dataset: (a) casually cap-

tured multi-view images of a 3D printed CAD model, (b) more

examples of 3D printed CAD models freely captured with iPhones.
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ative pairs and use them to further train the diffusion model

for 500 epochs. We uniformly use the pre-trained Met-

ric3D [45] as depth and normal extractors.

Evaluation Metrics. Following previous work [22, 38],

we adopt Command Accuracy (Acccmd in %), which mea-

sures the correctness of the predicted CAD command types,

and Parameter Accuracy (Accpara in %), which mea-

sures the correctness of the command parameters once the

command type is correctly recovered. Both Acccmd and

Accpara assess how closely the reconstructed CAD se-

quences resemble the original human-designed sequences.

The final CAD models are also quantitatively evaluated

against the ground-truth CAD models using Median Cham-

fer Distance (Med CD), which measures the geometric sim-

ilarity between the reconstructed and ground-truth models.

Additionally, we use the Invalid Rate (IR) to evaluate the

percentage of CAD sequences output that fail to compile.

Baselines. DeepCAD [38] provides a point cloud-

conditioned generation scheme; therefore, we replace the

point cloud encoder with a DINO-V2 image encoder and

adaptive layers [38] to allow image-conditioned genera-

tion. HNC-CAD [41] supports the conditional generation

of partial command CAD sequences, we retrain the net-

works by feeding the DINO image features to its original

conditional encoder. However, since HNC-CAD directly

generates explicit loop, profile and solids instead of com-

mands, we do not include comparisons for command ac-

curacy (Acccmd) and parameter accuracy (Accpara) with

this model. Img2CAD [7] is capable of generating CAD

commands from images. Since their code is not publicly

available, we use the performance metrics reported directly

in their paper. Besides CAD generation methods, we also

compare our approach with recent image-to-3D methods,

such as One-2-3-45 [17], Wonder3D [20], and TripoSR

[31]. Wonder3D [20] also utilizes normal information for

3D reconstruction. To ensure a fair comparison, we fine-

tune One-2-3-45 [17] and Wonder3D [20] using our ren-

dered DeepCAD data, while TripoSR [31] is a commer-

cial model without publicly accessible training codes. Since

they directly generate 3D shapes, we only evaluate the Me-

dian Chamfer Distance (Med CD) against these methods.

In subsequent sections, † denotes models fine-tuned on our

CAD data, while ∗ indicates models for which we replaced

the original condition encoder with an image encoder and

then retrained.

4.2. Quantitative Results

We compare our model with existing approaches in Table 1.

On DeepCAD [38] dataset, the results show that our CAD-

Crafter achieves high CAD sequence accuracy and signifi-

cantly reduces the failure rate in various scenarios on both

multi-view and single-view tasks. Our method outperforms

DeepCAD [38], HNC-CAD [41] and Img2CAD [7] in each

Methods ACCcmd ↑ ACCpara ↑ Med CD ↓ IR ↓
DeepCAD test set (synthetic)

DeepCAD∗
s 77.72 65.30 0.126 0.123

DeepCAD∗
m 79.62 66.75 0.113 0.106

HNC-CAD∗
s - - 0.214 0.114

HNC-CAD∗
m - - 0.208 0.101

Img2CAD 80.57 68.77 0.160 0.288
TripoSR - - 0.136 -

One-2-3-45† - - 0.151 -

Wonder3D† - - 0.133 -

CADCrafters 83.23 71.82 0.049 0.042
CADCrafterm 84.62 73.31 0.026 0.036

RealCAD Dataset (real-world)

DeepCAD∗
s 56.59 41.32 0.264 0.527

DeepCAD∗
m 54.11 37.27 0.295 0.567

HNC-CAD∗
s - - 0.276 0.147

HNC-CAD∗
m - - 0.305 0.167

TripoSR - - 0.128 -

One-2-3-45† - - 0.147 -

Wonder3D† - - 0.125 -

CADCrafters 81.23 64.16 0.082 0.087
CADCrafterm 83.18 66.89 0.062 0.067

Table 1. Performance comparisons on the synthetic DeepCAD

dataset and real-world RealCAD dataset where s denotes single-

view and m denotes multi-view settings.

criterion, especially the invalid rate, demonstrating the ro-

bustness of our method. On RealCAD dataset, the perfor-

mance of DeepCAD [38] and HNC-CAD [41] significantly

declined across all criteria, indicating their overfitting to

synthetic data and inability to generalize to real-world sce-

narios. This underscores the significant domain gap be-

tween rendered synthetic data and real-world captured data.

In contrast, our method, despite being trained solely on syn-

thetic data, generalizes effectively to real-world data with

only a slight performance drop, maintaining high accuracy

and low invalid rates.

We also benchmarked our method against advanced

large-scale image-to-3D generative models One-2-3-45

[17], Wonder3D [20], and TripoSR [31], which demon-

strated consistent performance across both synthetic and

real-world data due to their generalizability. However, our

method consistently outperformed these models in terms of

geometric accuracy in both scenarios.

4.3. Qualitative Results
We compare our method with existing methods qualitatively

in Figure 5. Our method successfully recovered the CAD

command sequences from the single image input on both

synthetic and real-world scenarios, while DeepCAD [38]

and HNC-CAD [41] failed to produce meaningful shapes in

both cases. Wonder3D [20] and TripoSR [31] generate bet-

ter results than One-2-3-45 [17]. However, the generated

shapes often exhibit unsmooth surfaces and lack precision.

Additionally, they consistently fail to accurately reproduce
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HNC-CAD* Ground TruthOursImage Input TripoSROne-2-3-45† DeepCAD*Wonder3D †

Figure 5. We compare the generated CAD models from single-view images with existing methods on two datasets: the upper part shows

results on the DeepCAD renderings, and the lower part shows results on the real-world RealCAD dataset.

standard geometric shapes such as rectangles and circles,

making these shape approximations unsuitable for manu-

facturing applications.

4.4. Ablation Studies of Different Modalities

To study the impact of different modalities, we sequentially

train and test our model on different combinations of modal-

Inputs ACCcmd ↑ ACCpara ↑ Med CD ↓ IR ↓
DeepCAD test set (synthetic)

RGB 83.26 72.09 0.029 0.037
Normal 83.14 72.63 0.032 0.039
Depth 83.06 72.28 0.036 0.041
RGB+Depth+Normal 85.18 74.86 0.023 0.031
Depth+Normal (Ours) 84.62 73.31 0.026 0.036

RealCAD Dataset (real-world)

RGB 77.92 49.73 0.219 0.26
Normal 82.57 65.77 0.106 0.073
Depth 82.17 64.78 0.102 0.087
RGB+Depth+Normal 78.67 52.78 0.192 0.227
Depth+Normal (Ours) 83.18 66.89 0.062 0.067

Table 2. Ablation studies on various geometric modalities with

multi-view inputs reveal that while RGB slightly enhances perfor-

mance on synthetic data, it significantly reduces the model’s gen-

eralizability.

ities or each modality alone. As shown in Table 2, the re-

sults show that since CAD models inherently lack textures,

using solely rendered images, normals, or depth maps yields

similar outcomes on the synthetic DeepCAD dataset. Each

modality captures unique information: normals emphasize

the relationships between surfaces, while depth maps focus

on object scale. Thus, combining all three modalities leads

to the best performance while tested on synthetic setting.

However, testing the trained models on real-world im-

ages reveals that normals and depth maps, which focus

solely on geometric characteristics, are not impacted by

the domain gap introduced by the textures of the CAD

model. While incorporating an RGB image as input can

slightly improve performance on synthetic data, the signifi-

cant difference between synthetic RGB data and real images

markedly reduces the model’s generalizability when trained

with RGB inputs. Therefore, to enhance the model’s gen-

eralizability, we exclude RGB images during both training

and testing.

4.5. Ablations of Different Components

We perform ablation studies of different components in the

single-view setting in Table 6.
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Methods ACCcmd ↑ ACCpara ↑ Med CD ↓ IR ↓
CADCrafterw/o−LGeo

81.89 69.98 0.056 0.059
CADCrafterscratch 80.61 68.62 0.079 0.078
CADCrafterw/o−Ldistill

81.12 69.83 0.068 0.072
CADCrafterw/o−Ldpo

81.64 69.32 0.072 0.081

CADCrafter 83.23 71.82 0.049 0.042

Table 3. Ablation studies of different components on the Deep-

CAD dataset with single-view inputs.

Geometric Encoder. In CADCrafterw/o−LGeo
, we replace

our geometric encoder with concatenated DINO features,

processed through a 3-layer MLP to produce the condi-

tional embedding. This change led to a noticeable decrease

in performance, demonstrating that our transformer-based

geometric encoder effectively consolidates geometric infor-

mation across different modalities.

From Scratch. In CADCrafterscratch, we train the single-

view geometry encoder and the diffusion model from

scratch. The decline in performance indicates that our

sequential training strategy, which leverages multi-view

knowledge, benefits the single-view configuration.

Multi-view distillation. In CADCrafterw/o−Ldistill
, we

train the single-view geometry encoder alongside a diffu-

sion model that was pre-trained in a multi-view setting but

without employing our distillation loss. The performance

decline confirms that the distillation loss effectively trans-

fers comprehensive knowledge from the multi-view encoder

to the single-view encoder.

Direct Preference Optimization.

In CADCrafterw/o−Ldpo
, we remove the DPO fine-tuning

alone. The results demonstrate that DPO effectively low-

ers the CAD code invalid rate (IR) and improves command

accuracy. This underscores the effectiveness of our code

checker in helping the model learn more accurate code pat-

terns with geometric constraints.

4.6. Applications of CADCrafter

Creating digital twins with CAD models largely benefits

the manufacturing industry and Embodied AI simulation.

Currently, we train exclusively on synthetic datasets of me-

chanical parts but have successfully demonstrated the con-

One-2-3-45† Wonder3D† TripoSR Ours

Figure 6. We compare our image-to-CAD results on unseen gen-

eral objects with image-to-3d methods.

Figure 7. In the single-view setting, CADCrafter can generate di-

verse shapes for the unseen parts. Given the multi-view input,

CADCrafter is able to reconstruct more accurate shapes.

version of casually captured real-world objects into editable

CAD models, as illustrated in Figure 6. To our knowledge,

we are the first to showcase this capability. While the cur-

rent generation complexity is limited by existing datasets,

advancements in the field should enable the conversion of

more complex objects into precise CAD models.

Since the single-view images cannot capture the com-

plete information of the objects, it is desirable to provide

various choices given the partial observations. In the first

row of Figure 7, we demonstrate that our model can of-

fer various CAD models with different unseen parts in the

single-view image. Users can further choose and edit these

generated results to suit their specific needs. Additionally,

as illustrated in the second row of Figure 7, multi-view im-

ages provide more sufficient information about the shape

geometry, and our model can generate more specific mod-

els when precise results are needed.

5. Conclusions and Future Work

We introduce CADCrafter, a latent diffusion model that

converts images into CAD command sequences using geo-

metric information. Trained solely on synthetic data, CAD-

Crafter generalizes effectively to real-world images and un-

seen object types. Our geometric encoder bridges synthetic-

real domain gaps by capturing diverse shape information

and distilling multi-view knowledge into a single-view en-

coder, enhancing single-view performance. Additionally,

we propose an automated code checker using direct prefer-

ence optimization to incorporate CAD compiler feedback,

improving geometric accuracy. We also contribute a new

dataset of unconstrained images of 3D-printed CAD mod-

els with corresponding commands for validation. Future

work includes incorporating physical properties essential

for manufacturing and extending the model with text-based

editing capabilities.
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