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CAD-Coder: An Open-Source
Vision-Language Model for
Computer-Aided Design Code
Generation
Efficient creation of accurate and editable 3D CAD models is critical in engineering de-
sign, significantly impacting cost and time-to-market in product innovation. Current man-
ual workflows remain highly time-consuming and demand extensive user expertise. While
recent developments in AI-driven CAD generation show promise, existing approaches are
often constrained by limited CAD representations, inability to generalize to real-world im-
ages, or low output accuracy due to a lack of domain-specific knowledge. To address these
challenges, this paper introduces CAD-Coder, an open-source Vision-Language Model
(VLM) explicitly fine-tuned to generate editable CAD code (CadQuery Python) directly
from visual input. Leveraging a large-scale dataset that we constructed – GenCAD-Code,
consisting of over 163k CAD-model image and code pairs – CAD-Coder outperforms VLM
baselines such as GPT-4.5 and Qwen2.5-VL-72B on image-conditioned CAD code gener-
ation, achieving a 100% valid syntax rate and the highest accuracy in 3D solid similarity.
Notably, our VLM exhibits initial signs of generalizability, generating CAD code from
real-world images and utilizing a CAD operation not explicitly seen during fine-tuning.
The performance and adaptability of CAD-Coder highlight the potential of VLMs fine-
tuned on code to streamline CAD workflows for engineers and designers. CAD-Coder is
publicly available at: https://github.com/anniedoris/CAD-Coder.
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1 Introduction
Generative AI has recently shown great promise in engineering

design, with large language models (LLMs) and vision-language
models (VLMs) beginning to automate parts of the engineering
design process [1]. An indispensable step in the design of any
engineering system, consumer product, or structure is the creation
of a 3D Computer-Aided Design (CAD) model. With the excep-
tion of specific functionalities, like generative design and topology
optimization, the process of CAD modeling – drawing sketches,
defining constraints, extruding bodies – remains largely manual,
performed by designers with years of engineering experience and
familiarity with CAD modeling software. As a result, CAD model-
ing represents a significant cost in both time and human expertise.
A study by Roy et al. quantified the time engineers spent on design
planning (qualitative time) and CAD modeling (quantitative time)
when designing 15 aluminum parts for aerospace applications [2].
On average, each part required 116 hours of qualitative time and 80
hours of quantitative time, amounting to nearly five 40-hour work-
weeks per part. Notably, the engineers in this study already had
2-4 years of experience using the CATIA CAD software; for less
experienced designers, the total time would likely be even greater.

This substantial time and experience barrier has motivated re-
searchers to seek ways to partially automate CAD model creation
using learning-based approaches [3–6]. An AI-for-CAD assistant
would be particularly useful for engineering designers if it supports
both image and text-based input. Image-based input, in addition to
text, is critical because engineering design is inherently visual and
often grounded in physical artifacts. Images of legacy components
or third-party supplier parts could enable the reconstruction of lost
or unavailable CAD models [7,8]. Photos of physical prototypes
could be used to generate initial CAD models that are subsequently
refined by designers. Reference photos of existing objects that in-
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spire design thinking could serve as visual prompts for CAD gen-
eration. An AI-for-CAD assistant should also output CAD models
in an editable format. Existing CAD software provides engineers
with a parametric, editable feature tree that encodes design intent
and enables modification of the design. Preserving this editability
is critical, as product development is inherently iterative [9]. CAD
representations that support efficient revision and reuse therefore
play a role in reducing the cost of design iterations.

Early approaches to AI-driven CAD generation have made
progress but face notable limitations. A number of works in re-
cent years have trained ML models from scratch to generate 3D
representations, with many focusing on non-editable 3D solid ge-
ometry such as meshes or voxels [10–14] and fewer focusing on the
generation of editable CAD feature trees [15–17]. However, these
trained-from-scratch CAD-specific models [15–17] often struggle
to generalize. Without the broad visual and contextual knowledge
of modern foundation models, they may fail when inputs deviate
from their training distribution (e.g., photographs of real-world ob-
jects instead of in-distribution synthetic CAD renderings). More-
over, these models typically output CAD programs defined over
narrow domain-specific languages (DSLs), which support only a
limited set of operations (sketch and extrude). This representa-
tion choice constrains downstream CAD editability, while training
from scratch on limited DSLs prevents model generalization to
CAD operations not observed during training.

Meanwhile, vision-language foundation models (VLMs) have
achieved remarkable generalization across tasks in computer vi-
sion and natural language processing (NLP). VLMs, large lan-
guage models (LLMs) integrated with vision encoders—such as
GPT-4o 1 (closed-source) or LLaVA [18] (open-source)—have the
potential to mitigate these two issues. Pre-trained on billions of
tokens, LLMs are already capable of generating code and therefore

1https://openai.com/index/gpt-4o-system-card/
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Fig. 1 Overview of CAD-Coder. The VLM accepts an image as input and outputs CadQuery code, which can be run as a
Python script to produce an editable, 3D solid CAD model. CAD-Coder has a LLaVA 1.5-type architecture and is fine-tuned
on the GenCAD-Code dataset.

have the capacity to output a complete, editable, and operation-rich
CAD representation: code for CAD, using an existing CAD script-
ing library. Pre-trained on millions of images, VLMs have learned
meaningful latent representations of real-world images, position-
ing them well for CAD generation conditioned on images of real
objects.

Prior studies have used prompt engineering or few-shot strate-
gies to coax general VLMs into image-conditioned CAD gener-
ation tasks; however, without domain-specific training, their per-
formance and reliability remains limited (e.g., they may halluci-
nate incorrect geometry or produce code with syntax errors [19]).
Fine-tuning has been used to improve LLMs for text-conditioned
CAD code generation [6,20] and for image-conditioned generation
of DSL-based CAD programs [21,22]. These approaches, how-
ever, are limited by the absence of visual inputs in the former case
and by the use of a DSL-based CAD representation in the latter.
DSL-based CAD representations can restrict model generalizabil-
ity, limit downstream CAD editability, and reduce the extent to
which pretrained knowledge from large language models can be
effectively leveraged. Few works, if any, have fine-tuned a VLM
specifically for the direct synthesis of CAD code using a widely-
adopted scripting library. This raises the question: to what extent
can domain-specific fine-tuning enable an open-source VLM to
generate accurate, parametric CAD code from images and to gen-
eralize beyond its fine-tuning distribution?

In this paper, we propose CAD-Coder, an open-source vision-
language model tailored for computer-aided design code genera-
tion. We utilize a powerful, general VLM and fine-tune it end-
to-end for the task of producing CAD code conditioned on image
inputs. Concretely, CAD-Coder takes in an image and generates
readily-executable code using CadQuery, a Python-based paramet-
ric CAD scripting library. We validate CAD-Coder through ex-
tensive experiments, demonstrating significant performance gains
over the state-of-the-art, image-conditioned, CAD code-generating
baselines. Notably, CAD-Coder attains an 100% valid syntax rate,
meaning every generated CAD script compiles successfully — a
substantial improvement over the compile rates of existing solu-
tions. In terms of generated 3D solid accuracy, CAD-Coder’s
generated shapes closely match the ground-truth solids, improving
upon the precision achieved by state-of-the-art baselines. We also
conduct tests to probe generalization: for example, we feed CAD-

Coder photographs of real objects (outside the fine-tuning dataset
distribution) and prompt it to produce CAD code, or, we ask it to
use CAD operations not seen during fine-tuning. In these chal-
lenging scenarios, CAD-Coder shows encouraging performance,
often producing reasonable CAD where trained-from-scratch or
DSL-based solutions would struggle.

In summary, our key contributions are as follows:

(1) An Open-Source VLM Fine-Tuned for CAD Code Gener-
ation: We introduce CAD-Coder, a fine-tuned, open-source
vision-language foundation model designed for the gener-
ation of CAD code. A LLaVA-derived VLM, our model,
given image inputs, generates readily-executable Python
CadQuery code. Our approach is different from existing
methods in that it is a fine-tuned, image-conditioned model
that outputs CAD in a code representation (i.e. CadQuery),
enabling improved accuracy with respect to existing image-
to-CAD-code baselines and demonstrating generalization
potential in settings where prior approaches are known to
struggle.

(2) CAD-Coder Generalization Experiments: We provide ev-
idence that CAD-Coder has generalization ability to tasks
not explicitly included in the model’s fine-tuning dataset,
owing to its inherited, broad knowledge. On a small test
dataset of images of real, 3D-printed objects, we illustrate
that CAD-Coder generates reasonable CadQuery code, an
advantage over trained-from-scratch CAD generation ap-
proaches which struggle with images out-of-distribution
with respect to their training data. We also illustrate that
with careful prompting and selection of the pre-trained LLM
that is fine-tuned, CAD-Coder variants can utilize CAD op-
erations not explicitly included in the fine-tuning dataset,
a benefit over existing trained-from-scratch approaches and
methods reliant on DSL-based CAD programs.

(3) A Publicly Available Dataset of CAD Code Paired with
Images: We generate CadQuery Python code for 163,671
CAD models. These Python files accompany the rendered
CAD images from the GenCAD [17] dataset, comprising the
largest publicly available dataset, named GenCAD-Code, of
CAD code paired with CAD images.

Through these contributions, our work positions foundation
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Table 1 Overview of some existing approaches for conditional, editable-CAD generation.

Method Conditional
Input

Output: Editable-
CAD Representation 2D or 3D CAD Model

Architecture
Training
Method

GenCAD [17] Image CAD program 3D
Transformer encoder/decoder +
Contrastive image encoder +

Diffusion prior
From scratch

CSGNet [23] Image CAD program 2D/3D Encoder (CNN)
Decoder (RNN) From scratch

Text2CAD [24] Text CAD program 3D Transformer From scratch

CADCodeVerify [25] Text CAD Code:
CadQuery 3D

GPT-4
Gemini 1.5 Pro

CodeLlama

None:
Multi-Model

IdeaToCAD [26] Image + Text CAD Code:
CadQuery 3D GPT-4o None:

Multi-Agent

CAD-Assistant [27] Image + Text CAD Code:
FreeCAD 3D GPT-4o None:

Tool Augmented

LLM4CAD [19] Image + Text CAD Code:
CadQuery 3D GPT-4/GPT-4V + Debugger None:

Debugger

BlenderLLM [20] Text CAD Code:
Blender 3D Qwen2.5-Coder-7B-Instruct Fine-tuning +

Self-improvement

Text2CAD [6] Text CAD Code:
CadQuery 3D GPT-3.5 based Fine-tuning

Cad-VLM [21] Image + Text CAD program 2D
Asymmetric
transformer

encoder-decoder
Fine-tuning

OpenECAD [22] Image + Text CAD program 3D TinyLLaVA Fine-tuning

CAD-Coder
(Ours) Image + Text CAD Code:

CadQuery 3D LLaVA 1.5 Fine-tuning

models as a promising avenue for next-generation CAD tools.
CAD-Coder not only bridges the gap between high-level visual
understanding and low-level CAD programming, but also under-
scores the value of marrying general VLMs with domain-specific
fine-tuning to meet the requirements of engineering design. The
following sections detail the methodology of CAD-Coder, its exper-
imental evaluation against existing baselines, and a discussion of
CAD-Coder’s generalizability to tasks not seen during fine-tuning.

2 RELATED WORK
Since a number of works – particularly in recent years – have

developed AI-based solutions for CAD generation, we narrow our
focus to those existing methods that support a conditional input
and generate editable CAD representations as output (Table 1).

2.1 Editable CAD Generation: Models & Training. The
majority of the image and/or text conditioned editable-CAD gener-
ation models presented in Table 1 make use of transformers [28],
which enable prediction of the next CAD operation based on the
previously predicted operations. Model architectures differ in ac-
cordance with whether the model was trained from scratch or
makes use of pre-trained LLMs and/or VLMs.

2.1.1 Training from Scratch. Several works [17,23,24] have
trained conditioned, editable CAD generating models from scratch.
For example, [17] trained an image-to-CAD-program model – con-
sisting of three components – from scratch. They first trained a
transformer-based encoder-decoder to learn the latent representa-
tion of the CAD commands and to autoregressively generate CAD

commands. Using the frozen CAD command encoder, they con-
trastively trained an image encoder to learn a joint image-CAD
command latent space. Finally, they train a diffusion prior model
to generate CAD command latent vectors conditioned on image
latent vectors. Sequentially combining the contrastively trained
image encoder with the diffusion prior model with the autoregres-
sively trained transformer decoder yields their model, GenCAD,
which can generate a CAD command sequence given an input
image. GenCAD achieved SOTA – outperforming DeepCAD [16]
and SkexGen [15] – on chamfer-distance-based solid accuracy met-
rics.

2.1.2 Leveraging Foundation Models. Instead of training a
model from scratch, researchers have begun utilizing LLMs and
VLMs as a foundation for CAD generation and design automa-
tion. A key advantage of LLMs is their ability to handle free-form
user inputs and generalize across tasks, making them attractive for
engineering design applications.

Without Additional Training:. A number of works have explored
methods for using off-the-shelf pre-trained foundation models, in-
cluding leveraging multiple models [25,26] or integrating the mod-
els with external tools [20,27]. Alrashedy et al. [25] argue that a
single-pass LLM often fails to meet all design requirements, so
they incorporate a VLM in the loop to iteratively verify and cor-
rect the output. In their CADCodeVerify framework, GPT-4 first
writes CAD code given a prompt, then a VLM analyzes the ren-
dered 3D solid and asks itself targeted questions (e.g., “Are the
holes the correct diameter?”). The VLM’s answers help identify
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deviations, which are fed back to GPT-4 to refine the code. This
self-critique loop improved the shape accuracy and success rates of
generated models. Another work [26] models the design process as
a team of specialized AI agents and realize a human-AI co-design
loop with multiple LLM-based agents taking on different roles
(e.g., requirement engineer, CAD engineer, quality checker). This
multi-agent approach mirrors how human design teams iterate on
CAD, and was shown to produce more complete and error-checked
CAD outputs than a zero-shot VLM.

CAD-Assistant by Li et al. [27] integrate a VLM “planner” with
a Python-API-driven CAD engine (FreeCAD) to enable zero-shot
solving of generic CAD tasks. [20] combined GPT-4 and GPT-4V
with a debugger so that model-generated programs with syntax er-
rors could be iteratively improved. Despite the power and extensive
pre-training of OpenAI’s GPT models, GPT-4 and GPT-4V were
in many cases incapable of generating accurate CAD code. CAD
model accuracy (IOU) dropped to near zero for mechanical spring
CAD models, even when GPT-4 was integrated with the debugger.

Many of the existing works discussed in this section rely on
closed-source models (e.g., GPT-4) and/or do not release imple-
mentation code. In contrast to open-source models, closed-source
models limit reproducibility, restrict engineers’ abilities to mod-
ify them, and raise practical concerns related to data privacy and
long-term accessibility. As a result, the development of AI-for-
CAD tools that are built on open-source models and released pub-
licly plays an important role in supporting real-world adoption and
reproducible research.

With Fine-Tuning:. The previously highlighted studies under-
score the growing role of foundation models in CAD and engi-
neering design. However, without additional training, there is a
limit to how much a model’s performance can improve on the
CAD generation task. Fine-tuning, where all or some portion of
a model’s weights are further trained on the desired task, offers a
middle-ground between training from scratch and leveraging off-
the-shelf pre-trained models. Relatively few studies—[20], [6],
[21], and [22]—have investigated foundation models’ capacity to
be fine-tuned for the CAD generation task. [20] perform end-to-
end supervised fine-tuning on an LLM to improve its ability to
generate Blender Python code. Finetuning results in 2X improve-
ment in the accuracy of generated 3D solids and in a substantial
reduction (∼30%) in the number of generated scripts with syntax
errors. Their fine-tuned model also substantially outperforms GPT-
4o and other closed-source LLMs in its ability to generate Blender
CAD code. Similarly, [6] fine-tunes GPT-3.5 on a specialized text-
to-CadQuery dataset, significantly improving success rates of code
generation. Extending to the visual domain, [21] fine-tune a pre-
trained vision transformer on a dataset of sketches to improve its
ability to generate 2D CAD. Yuan et al. [22] use LoRA to train
OpenECAD, a fine-tuned TinyLLaVA model that outputs CAD pro-
grams given an image input, showing that their method outperforms
gpt-4o-mini on an accuracy-based scoring function. The authors
also illustrate the generalization potential of fine-tuned VLMs, by
demonstrating that OpenECAD can generate a CAD program when
conditioned on a hand-drawn sketch (despite the fine-tuning dataset
only including images of CAD.)

A fine-tuned foundation model could offer several advantages
over training a CAD generation model from scratch. Pre-trained
models have already learned skills that are translatable to the CAD
generation task. When an existing, code-based CAD representa-
tion is used (e.g. CadQuery), fine-tuning a pre-trained LLM that
has pre-existing knowledge of that code could enable the model to
leverage pre-training knowledge and utilize CAD operations that
may have not been present in a limited fine-tuning dataset. Like-
wise, if image-conditioned CAD generation is desired, utilizing a
pre-trained image encoder (e.g. CLIP [29]) that has been trained
on millions of image-text pairs could improve the model’s ability
to generate a meaningful image latent vector. Even more critically,
pre-trained image encoders – which have been trained on images

of real-world objects – can promote CAD generation conditioned
on images of real-world objects, when most existing image-CAD
datasets [17] available for training are limited to images of ren-
dered CAD. Our work continues along this line by fine-tuning a
vision-language foundation model specifically for CAD code syn-
thesis.

2.2 Conditional CAD Generation. Conditional methods are
those that base their CAD generation on an input – typically text, an
image, or both – so that the generated CAD is derived from a user
input. For mechanical engineering tasks (e.g., creating CAD from
a physical prototype), conditional CAD generation is much more
useful than unconditional generation, where CAD is generated by
sampling from a learned distribution. Until recently, much existing
work on AI for CAD has focused on unconditional generation [15,
16,30].

All of the works presented in Table 1 explore methods for
input-conditional CAD generation. [6,20,24,25] focus on text-
conditioned CAD generation. For example, Khan et al. [24] present
a direct text-to-parametric CAD framework that accepts text in-
structions and outputs the corresponding CAD program. While
text-conditioned CAD generation allows for user control over the
generated CAD, geometries of real-world objects can be difficult to
express using natural language. [17,23] develop models explicitly
trained to generate a CAD program given an input image. Com-
bining modalities, [19,21,22,26,27] all develop methods for image
+ text conditioned CAD generation. [19] go as far as to study
the differences between conditioning VLMs on text versus image
+ text for CAD generation. While text-only conditioning was sur-
prisingly effective, they found that providing both image and text
inputs increasingly paid off for more complex solids. Building on
these works and findings, CAD-Coder is conditioned on both in-
put images and text, although, for now, we employ uniform text
prompts.

2.3 Editable CAD Representations and Datasets. We also
focus on methods and datasets that make use of “editable” CAD
representations, parametric CAD programs that encode the de-
sign history or feature tree of the geometric model. These ed-
itable representations are more useful to mechanical designers than
other representations of 3D solids – such as voxels [10], point
clouds [11], or meshes [12] – since parametric values can easily
be modified after generation.

Refs. [16,17,21–23] train models that output editable CAD in
the form of DSL-based CAD programs. These CAD programs
treat CAD commands as a language or as a grammar. For exam-
ple, [24] and [17] use the CAD program representation defined
by [16], where a CAD program is represented as a sequence of
CAD command-parameter vectors, with individual commands and
parameters comprising a vocabulary. Limited to 2D, [21] use a dif-
ferent, but similarly structured, CAD program representation. Ref.
[22] also define their own DSL for CAD commands (OpenECAD
operations).

An alternative to defining a DSL-based CAD program repre-
sentation is to utilize CAD code, which makes use of an existing
scripting library. Refs. [6,19,20,25–27] leverage pre-trained mod-
els to output code that can generate CAD using the Blender API, 2

the CadQuery Python library, 3, or the FreeCAD Python API. 4

Note that in this paper, all references to “CAD code” refer to an
editable CAD representation that makes use of a well-established
CAD scripting library (e.g. CadQuery), while “CAD program”
refers to a commands-as-vocabulary or author-defined DSL rep-
resentation, such as those used by [16,17,21,22], discussed previ-
ously.

When comparing CAD program representations with CAD code
representations, it becomes clear that CAD code offers greater

2https://docs.blender.org/api/current/
3https://CadQuery.readthedocs.io/en/latest/
4https://wiki.freecad.org/FreeCAD_API
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downstream editability. CAD program representations typically
support only a narrow set of CAD operations. For example, the rep-
resentation used by Ref. [21] is limited to sketches (lines, arcs, and
circles) and constraints, while the representation used by Ref. [16]
is limited to the same sketch commands (defined differently) plus
extrusion commands. Extending such DSL-based CAD program
representations to include richer CAD operations–such as splines,
revolves, sweeps, lofts, fillets, and chamfers–would be challeng-
ing due to the non-linear dependencies and referential structure
inherent to many CAD features. In contrast, CAD code represen-
tations naturally support a broad range of CAD operations, making
it easier for engineers to iteratively modify and refine generated
designs. In practice, CAD program outputs must ultimately be
translated into executable CAD code for visualization and inspec-
tion, whereas CAD code can be executed directly, enabling efficient
visualization and rapid iteration. Moreover, CAD code is grounded
in widely used programming languages and scripting libraries fa-
miliar to engineers and well represented in the pre-training corpora
of modern vision–language models, whereas DSL-based CAD pro-
gram representations lack standardized or widely adopted syntax.

Given the enhanced editability of the CAD code representation,
we train CAD-Coder to output CadQuery Python code, a wrapper
around OpenCascade, 5 a powerful, B-rep-based geometric model-
ing kernel. We chose the CadQuery library over other CAD code
options because of its popularity [6,19,25,26], extensive documen-
tation, and because it can be run as a stand-alone, GUI-less Python
script.

2.4 CAD Code Datasets. The availability of large scale, ed-
itable CAD datasets is somewhat limited due to the difficulty of
obtaining human-created designs from commercial 3D programs.
One of the largest available CAD datasets, ABC dataset [31], con-
tains 1M 3D models in different data formats such as STEP, STL,
domain specific language (FeatureScript), and image. However,
the ABC dataset includes duplicates and designs that do not pro-
duce valid 3D shapes [32,33]. Many of the available editable CAD
datasets in literature are variants of the ABC dataset. For exam-
ple, the DeepCAD dataset [16] contains approximately 172𝑘 CAD
programs which are derived from a selected subset – those con-
taining prismatic sketch and extrude operations – of 3D solids in
the ABC dataset. [24] build on the DeepCAD dataset by pair-
ing the 172𝑘 CAD models with 660K textual annotations. The
GenCAD dataset [17] also builds on the DeepCAD dataset by cou-
pling each of 168k CAD programs with five grayscale, isometric
view images (of varying scales) of the rendered CAD. Our dataset,
GenCAD-Code, builds on the GenCAD and DeepCAD datasets
by converting all of the human-derived CAD programs into Cad-
Query code. Some existing CAD code datasets exist. Du et al. [20]
generated a dataset of 8k Blender scripts, while Li et al. [19] cre-
ated a custom dataset of 5 classes of mechanical parts (e.g., gears,
springs) comprised of 5k examples, each consisting of a sketch,
image, text, and CadQuery script. Rukhovich et al. [34] gener-
ate a large-scale dataset of one million CadQuery scripts using
a procedural approach. Our dataset, GenCAD-Code—comprised
of 163k image-CadQuery pairs—significantly expands the scale of
human-derived image-CadQuery datasets.

3 METHODS
In this section, we describe the generation of our GenCAD-Code

dataset and the architecture and training of CAD-Coder. We also
characterize the evaluation metrics we use and the baselines we
select for comparison with CAD-Coder.

3.1 Dataset Generation. To generate our GenCAD-
Code dataset, we converted each CAD program in the
GenCAD dataset [17] to a CadQuery script. Each Gen-
CAD CAD program consists of a sequence of CAD

5https://dev.opencascade.org/

Fig. 2 Distribution of token counts for the CadQuery scripts
in our GenCAD-Code dataset.

commands, and each CAD command is represented by
c𝑖 = (𝑡𝑖 , p𝑖), where c𝑖 ∈ R17, 𝑡𝑖 is the command type
(𝑡𝑖 ∈ {Sketch Line, Sketch Arc, Sketch Circle, Extrude}), and
pi ∈ R16 are the parameters associated with each command. We
write a script that directly converts each of these CAD commands
into its corresponding CadQuery code; additional details can
be found in our repository. The GenCAD dataset provides
five CAD rendered images per CAD program: one isometric
view and four scaled isometric views. This process resulted in
our GenCAD-Code dataset of 163,671 CadQuery scripts, each
matched with five CAD rendered images. There are 147,289
samples in the training set, 7,355 in the test set, and 9,027 in the
validation set.

The distribution of token counts for all 163k generated Cad-
Query scripts can be seen in Figure 2. The average number of
tokens per CadQuery script is 611 tokens, and 99.9% of the Cad-
Query scripts contain less than 3000 tokens. In general, 3D solid
complexity corresponds with number of tokens in its CadQuery
script (see Figure 2). The right-skewed dataset distribution illus-
trates that the dataset is imbalanced when it comes to simple and
complex examples. Future work will focus on improving dataset
balance to include more “complex” examples.

It is important to note that the direct conversion process we
use from the GenCAD CAD programs to CadQuery scripts does
not necessarily result in the most concise CadQuery code. For
example, the GenCAD CAD programs support only three sketch
operations: line, arc, and circle. These CAD programs define
rectangle sketches using four sequential line commands, and as
such, our generated CadQuery scripts do as well. However, there
is a more concise way in CadQuery to generate rectangle sketches,
namely the .rect() method. Future work will explore methods for
post-processing CadQuery scripts to leverage CadQuery’s native
concise representations (e.g., replacing sequential line commands
with more efficient methods like rect()), thereby reducing script
complexity.

3.2 CAD-Coder Model Architecture and Training. To train
CAD-Coder, we use the same architecture as LLaVA 1.5 [35] and
follow a two-stage training process similar to the visual instruc-
tion tuning method used to train LLaVA [18,36]. This method
synthesizes a pre-trained LLM with a pre-trained vision encoder.
We use Vicuna-13B-v1.5, a 13 billion parameter LLM model, as
our pre-trained LLM and CLIP-ViT-L-336px as our vision encoder.
CLIP-ViT operates on higher resolution images (336x336 pixels)
than other CLIP variants, enabling it to capture finer image details.
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Stage 1: Pre-training for Feature Alignment. The function of
the pre-training phase is to learn a mapping from the image features
of the vision encoder to the word embeddings of the LLM. This is
done by training a two-layer multi-layer perceptron (MLP) while
keeping the vision encoder and LLM weights frozen. The dataset
used for this pre-training phase is identical to that used by [18] and
consists of 595k samples, each consisting of a question (text-only,
Xq) accompanied by an image (Xv) and an answer (text-only, Xa).
This dataset was generated by [18] by taking 595K image-caption
pairs from the CC3M dataset, where Xv is the image, Xa is the
original caption, and Xq is randomly selected from a finite set of
questions that asks, in some way, for a description of the image
(e.g. Xq = "Give a brief description of the image."). The two-layer
MLP is trained to maximize the autoregressive likelihood function:

𝑝(Xa | Xv,Xq) =
𝐿∏︂
𝑖=1

𝑝𝜃 (𝑥𝑖 | Xv,Xq,<𝑖 ,Xa,<𝑖) (1)

where 𝐿 is the tokenized length of Xa, 𝜃 are the trainable param-
eters (in this case the weights of the two-layer MLP), and Xq,<𝑖

and Xa,<𝑖 are the question and answer tokens before the current
prediction token, 𝑥𝑖 .

3.2.1 Stage 2: End-to-End GenCAD-Code Fine-tuning. After
alignment of the vision encoder and word embeddings during pre-
training, we conducted supervised fine-tuning. To fine-tune, we use
the 147k GenCAD-Code training dataset described in Section 3.1.
For each GenCAD-Code pair, Xa is the CadQuery code, Xv is the
unscaled isometric CAD rendered image, and Xq is always constant
as: “Generate the CadQuery code needed to create the CAD for the
provided image. Just the code, no other words.” We leave variation
of the text prompt as future work. We filtered out training samples
(less than 0.1% of the original training dataset) that would cause
the total number of tokens (Xq + Xv + Xa) to be greater than
4096, the maximum number of tokens supported by many LLMs.
With the vision encoder weights frozen, we again maximize the
autoregressive likelihood function (Equation 1), except this time,
the trainable parameters, 𝜃, are both the two-layer MLP weights as
well as all of the LLM’s weights.

3.3 Evaluation. We compare CAD-Coder against state-of-
the-art image-conditioned, CAD-code-generating baselines using
two primary metrics. Due to the computational cost and infer-
ence time involved in generating and evaluating CAD programs,
we evaluate all baselines on a representative subset of 100 ran-
domly sampled test examples. These samples are from the test
set described in Section 3.1 and formatted in the same way as the
training data (see Section 3.2.1).

3.3.1 Baselines. We compare our models to both closed-
source and open-source VLMs capable of generating CadQuery
code. For closed-source VLMs, we evaluate the top-three, best-
performing6 models on the MMMU benchmark leaderboard [37]:
GPT-o1 (OpenAI’s multimodal reasoning model), GPT-4.5 (Ope-
nAI’s advanced multimodal language model), and Gemini-2.0-
Pro (Google’s latest multimodal model). For open-source VLMs,
we evaluate the top-three, best-performing7 models on the Hug-
gingface OpenVLM Leaderboard [38]: InternVL2_5-78B-MPO
(Shanghai AI Lab’s large-scale open-source VLM), Ovis2-34B
(OpenGVLab’s open-source multimodal model), and Qwen2.5-
VL-72B (Alibaba’s state-of-the-art VLM). To demonstrate the ef-
fectiveness of our training data and method for image-conditioned
CAD-code generation, we also evaluate LLaVA-v1.5-13B, which
is trained identically to our models except stage 2 uses a generic
VQA dataset rather than our domain-specialized GenCAD-Code

6As of March 17, 2025.
7As of March 17, 2025.

dataset. These off-the-shelf VLM baselines are evaluated not as
optimized task-specific competitors, but to quantify the capabili-
ties of general-purpose VLMs for CAD code generation and the
improvements enabled by domain-specific fine-tuning.

All of the baselines were tested using their default inference
parameters except for maximum output tokens, which was set to
3450. This number was used so that the total number of tokens (ac-
counting for the fixed-length prompt and image tokens) was 4096,
the maximum number possible for many LLMs. An exception was
made for GPT-o1 (max_completion_tokens was set to its default
value), since its maximum output token quota is used by both the
final output and the reasoning process, which happens under-the-
hood and a user has no control on it. Since these models were
not trained on our GenCAD-Code dataset – which ends each Cad-
Query script by returning the final solid assigned to the variable
“solid” – we appended to the prompt: “Assign the final solid to
the variable ‘solid’ in the last line of code. Do not export or visu-
alize the solid.” This addition facilitates automated evaluation of
the baselines’ generated code. For Qwen2.5-VL-72B, we noticed
that it often neglected to include package import statements in its
generated scripts, so we also appended to the prompt: “Be sure to
include necessary imports.” To encourage reproducibility of our
results, we evaluate CAD-Coder with a temperature of 0 so that
the VLM always selects the most probable next token. Baseline
models are evaluated using their default or recommended decoding
settings. For reproducibility, we provide all trained model weights
and the exact prompts used during evaluation.

3.3.2 Metrics. We evaluate all of the baselines and CAD-
Coder on two metrics: valid syntax rate (VSR) and the intersection-
over-union corresponding with the best alignment between the
model-generated solid and the ground-truth solid (IOUbest).

Valid Syntax Rate (VSR):. This metric is defined as the percent-
age of model-generated CadQuery scripts from the test subset that
are syntactically valid and return no errors when run as Python
files.

IOUbest:. To compare the shapes of solid geometries, denoted as
Ω here, we first normalize the translation and scale of the models
using a normalization operator:

𝑛(Ω) = { x − x̄√︂
tr(I)

2×Vol(Ω2 )

| x ∈ Ω}, (2)

where I is the matrix of inertia and x is the centroid for the solid
Ω. This normalization scales the object by the root mean squared
radius of gyration, a choice justified and proven to be optimal in
Appendix A and Lemma 2. Note that in this paper, the goal is to
generate correct geometry with respect to images. As such, scale
information is not inherently an input to the models, and therefore,
one must normalize scales for comparison. After this normaliza-
tion, we align the principal axes of the generated and ground truth
solids. The direction of principal axes is ambiguous, and as such,
we perform all possible valid alignments and use the one with
the best Intersection Over Union (IOU) value. The choice of these
normalization parameters and the alignment proposed is justified in
Appendix A. Unlike commonly used metrics such as Chamfer dis-
tance with bounding box or corner alignment (e.g., [16,17]), where
shapes are converted to point clouds and normalized by translat-
ing the minimum to the origin and scaling the maximum to 1, our
approach provides a higher fidelity and mathematically sound ap-
proach for comparing solid objects. While IOU-based measures
have been used before to compare solid geometry [19], they have
often been overlooked in prior work on datasets such as Deep-
CAD [39], which relied on the aforementioned Chamfer distance.
As demonstrated in Appendix A, we argue that our approach is a
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more robust and principled alternative. Note that IOUbest is com-
puted over the set of CAD code scripts that execute successfully,
excluding those with syntax errors. Regardless of the optimality
of alignment and the fact that an image does not inherently in-
clude any raw information with respect to the geometry’s rotation
and scale, thus making this metric mathematically sound, we also
report all results for naive IOU– aligning bounding boxes– and
chamfer distance in Appendix B and observe that our metric aligns
well with both chamfer distance and naive IOU and the overall
trends remain the same.

4 RESULTS
Below we evaluate the performance of our proposed vision-

language model (CAD-Coder) against baselines and additional
variants, assessing both code validity (VSR) and geometric ac-
curacy (IOUbest) on the GenCAD-Code test set.

Table 2 Evaluation of state-of-the-art, image-conditioned,
code-generating models on 100 samples from the GenCAD-
Code test set. All models are evaluated on their rate of gener-
ating syntactically-valid CadQuery scripts (VSR) and on the
accuracy of the resulting 3D solids (IOUbest).

Model VSR ↑ IOUbest ↑
Open Source Models

InternVL2_5-78B-MPO 88% 0.379
Ovis2-34B 83% 0.408
Qwen2.5-VL-72B 94% 0.352
LLaVA-v1.5-13B 0% 0.0

Closed Source Models

GPT-o1 88% 0.494
GPT-4.5 84% 0.524
Gemini-2.0-Pro 82% 0.445

Ours

CAD-Coder 100% 0.675

4.1 Training Details. CAD-Coder is trained on 4 H100
GPUs. We follow the training parameters used for LLaVA 1.5 [36]
with the exception of “max_model_length” which we set to 4096
for both stages (rather than 2048) to accommodate longer Cad-
Query scripts. Stage 1 training took 4.5 hours, and we trained for
1 epoch using a learning rate of 1e-3 and an effective batch size
of 256. Stage 2 training took 5.7 hours, and we again trained for 1
epoch using a learning rate of 2e-5 and an effective batch size of
128.

4.2 Comparison with Baselines. We present the results of
the evaluation of CAD-Coder against existing image-conditioned,
code-generating baselines in Table 2. CAD-Coder outperforms all
of the evaluated baselines in terms of both the valid syntax rate and
the IOU metric. For each of the 100 samples in the test subset,
CAD-Coder generates valid CadQuery code that throws no errors
when run as Python scripts. The next-best performer in terms of
VSR is Qwen2.5-VL-72B, which has a valid script generation rate
of 94%, although this is accompanied by an IOUbest approximately
half that of CAD-Coder.

In terms of IOUbest, CAD-Coder – with an average score of
0.675 – performs ∼60% better than the next-best open-source
model evaluated, Qwen2.5-VL-72B. CAD-Coder also outperforms
all of the closed-source models evaluated, and the next-best per-
forming model evaluated (GPT-4.5) has an IOUbest score 0.151

lower. To help contextualize these IOU scores, we present var-
ious model-generated 3D solids and their corresponding IOUbest
scores in Figure 3. All of the models are shown in the align-
ment that maximizes their IOUbest score. The disk models in the
top row are organized from left-to-right by descending IOUbest
score. CAD-Coder’s generated solid – with a near perfect score
of 0.963 – very closely matches the ground truth solid with the
exception that the central hole is slightly larger. Even this small
difference of 0.04 from a perfect IOUbest score (1.0) is visually
noticeable, indicating that CAD-Coder’s 0.151 improvement in
IOUbest score over the next-best-performing model is significant.
The second row of Figure 3 shows a more complex solid. While
CAD-Coder’s generated solid is missing the rectangular feature in
front, its double triangle shape better matches the ground truth
solid than any of the baseline generated solids. This more complex
example illustrates how many of the existing image-conditioned,
code-generating baselines struggle as CAD model complexity in-
creases. Median IoUbest values reported in Appendix B further
demonstrate that CAD-Coder achieves strong typical-case perfor-
mance across test instances. While CAD-Coder achieves a higher
IOUbest than the evaluated baselines, it still has significant room for
improvement, particularly in generating CAD with more complex
features.

It is also interesting to note that LLaVA-v1.5-13B – which has
the same architecture as CAD-Coder but is trained during stage
2 using a general-purpose VQA dataset rather than the GenCAD-
Code dataset – has a score of zero on both VSR and IOUbest met-
rics. While the model generates code-type text reminiscent of Cad-
Query, none of it is syntactically correct. This result stems from the
fact that LLaVA-v1.5-13B—and its underlying LLM, Vicuna-13B-
v1.5—seems to have no working knowledge of CadQuery. This
demonstrates the usefulness of the architecture (LLaVA v1.5) and
training strategy (domain-specific-only for stage 2) that we use for
CAD-Coder. Our method produces a domain-specific state-of-the-
art model, even when the pre-trained LLM used has no pre-existing
knowledge of the domain-specific task.

4.3 Generalization Experiments. We hypothesized that a
key benefit of training an image-conditioned, CAD generating
model using VLMs fine-tuned on CAD code would be in the gen-
eralizability of the model. In this section, we investigate the gener-
alizability of CAD-Coder to images of real-world objects and eval-
uate CAD-Coder’s extendability to CAD operations not explicitly
included in the GenCAD-Code dataset.

4.3.1 Performance on Images of Real-World Objects. While
CAD-Coder was not explicitly fine-tuned to generate CAD code
from images of real objects, we hypothesized that CAD-Coder’s
use of a pre-trained image encoder (CLIP-ViT-L-336px) would
help it generalize to this unseen task. To investigate its gener-
alizability to real images, we 3D printed five objects from the test
set of GenCAD-Code dataset. We photographed the objects on
a wooden table at approximately isometric angles (Figure 4), as
all of the GenCAD-Code dataset rendered CAD images capture
isometric views of the CAD solids. The 3D CAD models that
CAD-Coder generates given these real-image inputs can be seen in
the second row of Figure 4. While not perfect matches, these gen-
erated CAD models conditioned on the real images broadly agree
with the ground-truth 3D solids. These results indicate that CAD-
Coder has potential – where trained-from-scratch models struggle
– to generalize to CAD generation from real images, even when
not explicitly fine-tuned on this task.

The importance of this rendered-CAD image to real-world im-
age translation cannot be overstated. Developing a sufficiently
large dataset of real images coupled with CAD code would be
extremely expensive, necessitating the time-consuming and costly
fabrication of hundreds of thousands of physical objects. As such,
image-CAD code datasets will likely remain limited to images of
rendered CAD models rather than real photographs for the fore-
seeable future. However, the typical user of an image-conditioned,
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Fig. 3 Two examples comparing CAD-Coder’s generated solids with baseline generated solids. The IOUbest score quantifies
a solid’s similarity to a ground truth solid, where an IOUbest of 1 is a perfect score. The solids are depicted in their alignments
that yield the IOUbest score.

CAD generating model will rarely input an image of a CAD model,
as this implies that they already have the CAD. It is much more
likely that a user would want to generate a CAD model given a real
photograph. Quantifying the generalizability of CAD generating
models to real images is therefore critical.

While CAD-Coder exhibits generalizability to real images, the
model still performs noticeably better at generating CAD code
given images of rendered CAD models, as seen by the relative score
differences between the second and third rows of Figure 4. In some
of the real-image-conditioned generation examples (e.g. objects 2
and 4), CAD-Coder predicts the correct CAD operations, but a
poor aspect ratio, resulting in a lower IOUbest than the rendered-
CAD image-conditioned equivalent. We can see this for the second
object, where CAD-Coder underestimates the object’s side length.
CAD-Coder’s decreased dimensional accuracy given images of real
objects – colorful images from slightly varying perspectives – is
perhaps not surprising given that we train it on perfectly isometric
and gray views. To mitigate this perspective problem, future work
will train CAD-Coder on multiple material-rendered-CAD images
(from different camera perspectives) per CAD code sample. For
objects requiring multiple extrudes (e.g., object 3), CAD-Coder,
given the real images, struggles to capture correct CAD operations
for these more “complex” solids. Improved generation for these
more complicated CAD models might be obtained by incorporating
real images of geometric solids into Stage 1 training, so the MLP
layers learn a better “description” of these types of images for the
LLM.

4.3.2 Performance on Unseen CAD Operations. We suspected
that our approach of fine-tuning a foundation VLM on CAD
code would enable the model to extend to CAD operations
it did not explicitly see during fine-tuning. To test this the-
ory, we planned an experiment to ask CAD-Coder to add fil-
lets to generated solid models. Filleting is a good test of
CAD-Coder’s extensibility, as none of the examples in our fine-
tuning GenCAD-Code dataset included CadQuery code with fil-
let commands, but CadQuery supports filleting operations (using
the solid.edges().fillet(fillet_radius) command). When
prompted (in a second query) to add fillets to all edges of a simple
rectangular prism CAD model it had previously generated given
an input image, CAD-Coder could not do it. Even when the fil-
leting prompt was explicitly provided – reminding the model of
the correct syntax of the CadQuery filleting command (see Figure
5) – CAD-Coder would output an extended version of its original

code that made no use of the specified fillet command and was
syntactically incorrect.

We suspected that CAD-Coder’s inability to fillet may stem from
the pre-trained LLM’s (Vicuna-13B-v1.5) lack of knowledge about
CadQuery. To better characterize Vicuna-13B-v1.5’s knowledge of
CadQuery, we prompted the text-only model to generate CadQuery
code of a 4x5x6 unit box with fillets on all edges. The model was
not able to generate syntactically correct code. To remedy this
issue of CAD-Coder’s limited knowledge of CadQuery, we ex-
perimented with training CAD-Coder using a different pre-trained
LLM. Qwen2.5-Coder-32B-Instruct is the best performing model
on an LLM coding leaderboard (Huggingface’s bigcode-models-
leaderboard 8), and we tested a smaller variant (14B instead of
32B, due to compute constraints) for evaluation on its ability to
generate CadQuery code. When given the same filleted-box text-
only prompt that Vicuna-13B-v1.5 struggled with, Qwen2.5-Coder-
14B-Instruct output a CadQuery script that produced the desired
solid model.

We trained another model, CAD-Coder-Qwen2.5-14B, follow-
ing the same architecture and training procedure as CAD-Coder
except Qwen2.5-Coder-14B-Instruct was used as the pre-trained
LLM in favor of Vicuna-13B-v1.5. Stage 2 training for CAD-
Coder-Qwen2.5-14B took 3.31 hours on 8 H100 GPUs. We sus-
pected that this model – given its pre-existing knowledge of Cad-
Query – would perform significantly better than CAD-Coder at
adding fillets to a CAD model’s edges. However, when given
the same two-query filleting question as CAD-Coder, CAD-Coder-
Qwen2.5-14B produced syntactically invalid code, incorrectly us-
ing the .edges() CadQuery method (see Figure 5). This result
was surprising, since we knew that Qwen2.5-Coder-14B-Instruct
had accurate knowledge of these methods before its fine-tuning in
the CAD-Coder pipeline. This result indicates that CAD-Coder-
Qwen2.5-14B may have lost some of its pre-trained CadQuery
knowledge during fine-tuning.

In an attempt to help preserve Qwen2.5-Coder-14B-Instruct’s
pre-trained knowledge, we trained one more variant of CAD-
Coder, which we call CAD-Coder-Qwen2.5-14B-LowLR, identical
to CAD-Coder-Qwen2.5-14B except with a halved learning rate
during Stage 2 training (1e-5 instead of 2e-5). This model also
took 3.31 hours to train on 8 H100 GPUs. When given the same
two-query filleting questions as the other two CAD-Coder vari-

8https://huggingface.co/spaces/bigcode/bigcode-models-leaderboard, as of March
17, 2025
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Fig. 4 We test CAD-Coder’s generalizability to real-image-conditioned CAD generation, a task not included in the fine-tuning
dataset. 1st row: we 3D print several objects from GenCAD-Code’s test set and photograph them at approximately isomet-
ric views. 2nd row: CAD-Coder’s real-image-conditioned CAD generation. 3rd row: CAD-Coder’s rendered-CAD image-
conditioned CAD generation. 4th row: ground truth solids.

ants, CAD-Coder-Qwen2.5-14B-LowLR successfully adds fillets
to the generated solid (Figure 5). This result suggests that with
tuning of the Stage 2 training hyperparameters, CAD-Coder-type
models have the potential to generalize to CAD operations not ex-
plicitly included in the fine-tuning dataset. It is important to note
that CAD-Coder-Qwen2.5-14B-LowLR’s extendability to unseen
CAD operations is not robust. The filleting prompt used (Figure
5) is quite prescriptive; more abstract prompts (e.g. “add fillets
to all edges”) that do not remind the model about the .fillet()
method usage do not elicit the same correct behavior from CAD-
Coder-Qwen2.5-14B-LowLR. Future work will investigate training
strategies that more effectively preserve pre-trained LLM knowl-
edge in VLM fine-tuning.

Table 3 Comparison of variants of CAD-Coder with different
pre-trained LLMs and learning rates, evaluated by Valid Syn-
tax Rate (VSR) and Intersection-Over-Union (IOUbest) scores
on the 100-sample test subset.

Model Pre-trained LLM Learning
Rate VSR ↑ IOUbest ↑

CAD-Coder Vicuna-13B-v1.5 2e-5 100% 0.675

CAD-Coder-
Qwen2.5-14B

Qwen2.5-Coder-
14B-Instruct 2e-5 95% 0.641

CAD-Coder-
Qwen2.5-14B-LowLR

Qwen2.5-Coder-
14B-Instruct 1e-5 94% 0.592

In Table 3, we also quantify CAD-Coder-Qwen2.5-14B and
CAD-Coder-Qwen2.5-14B-LowLR according to the VSR and
IOUbest metrics used in Section 4.2. Even though it leverages
a code-specific pre-trained LLM, CAD-Coder-Qwen2.5-14B un-
expectedly performs marginally worse than CAD-Coder on both
the VSR and IOUbest metrics. The 5/100 syntactically incorrect
CadQuery scripts that CAD-Coder-Qwen2.5-14B generates all cor-
respond with relatively complex CAD models, but whose ground-
truth scripts fall within the 4096 token limit. In generating these
scripts, CAD-Coder-Qwen2.5-14B exceeds the maximum token
limit during generation, so the scripts are truncated mid-command.
Despite Stage 2 training on the GenCAD-Code dataset (limited to
4096 token examples), CAD-Coder-Qwen2.5-14B’s long genera-

tion behavior may be a result of the fact that its LLM, Qwen2.5-
Coder-14B-Instruct, was pre-trained to handle much longer context
lengths (up to 131k tokens). In contrast, CAD-Coder’s pre-trained
LLM, Vicuna-13B-v1.5, was pre-trained to handle context lengths
up to 4096 tokens. While further work is needed to better adapt
longer context pre-trained LLMs (>4096 tokens) to our shorter con-
text length dataset, Qwen2.5-Coder-14B-Instruct’s longer context
limit will be useful in adapting this work to more complex, longer
token-length CAD scripts.

In comparison to CAD-Coder-Qwen2.5-14B, CAD-Coder-
Qwen2.5-14B-LowLR performs worse in terms of IOUbest. This
result illustrates that lowering the learning rate – to preserve pre-
training knowledge of CadQuery and improve generalization on
unseen CAD operations – comes at the cost of reduced perfor-
mance on the fine-tuning task. The trade-off between improvement
on the fine-tuning task and the retention of pre-trained knowl-
edge is a known problem for foundation models [40]. This phe-
nomenon is known as ‘catastrophic forgetting’, a central problem
in Continual Learning (CL). Beyond the learning-rate adjustment
explored in this work, CL literature offers several strategies to
mitigate forgetting and preserve the generalist capabilities of foun-
dation models after fine-tuning. These approaches broadly fall
into five categories: regularization, which constrains parameter
updates to retain past knowledge; replay, which reuses prior data
during training; optimization, which modifies the loss function or
optimizer; representation, which exploits data representations to
improve retention; and architecture, where models are expanded
or augmented as new data arrives [41].

In the context of CAD-Coder, replay is not a viable option, as
the original pretraining data is not open-source and its scale is far
beyond what is practical. This leaves four promising directions for
future work. First, regularization via low-rank fine-tuning [42] or
selectively freezing model components, which can help preserve
general-purpose capabilities while adapting the model for image-
to-CAD generation. Second, representation-based approaches
could leverage the proposed dataset to rephrase the task in a form
closer to the model’s original training distribution (e.g., by asking
an untrained model to rephrase the question and answer), yielding
more stable gradients and reduced forgetting. Third, optimiza-
tion strategies include learning-rate control, gradient clipping to
limit large parameter updates, or gradient-projection methods using

Journal of Mechanical Design PREPRINT FOR REVIEW / 9



Fig. 5 Examples of CAD-Coder variants attempting to add fillets to CAD solids. The figure compares the performance
of CAD-Coder, CAD-Coder-Qwen2.5-14B, and CAD-Coder-Qwen2.5-14B-LowLR given identical filleting prompts. Only the
LowLR variant correctly applies the fillet operations.

small calibration sets [43]. Finally, architectural approaches could
retain the pretrained backbone while injecting lightweight, task-
specific modules trained solely for CAD code generation. These
directions represent only a subset of possible extensions. Related
efforts have already explored forgetting mitigation in foundation
models [44], while recent work has proposed model-merging strate-
gies inspired by CL [45], where full fine-tuning is followed by
weight merging to retain salient pretrained knowledge. We view
these approaches as promising future avenues and intend to inves-
tigate them further.

5 Conclusion
This paper introduced CAD-Coder, a Vision-Language Model

explicitly fine-tuned for generating accurate and editable CadQuery
code directly from visual inputs. Leveraging the new GenCAD-
Code dataset, we demonstrated substantial improvements over
existing image-conditioned, code-generating baselines, achieving
state-of-the-art syntactic validity and geometric accuracy. Our
findings illustrate the significant potential of fine-tuned VLMs to
streamline and enhance engineering design workflows with ed-
itable CAD code generation, setting a strong foundation for future
research into automated CAD modeling.

Limitations: While CAD-Coder demonstrates significant ad-
vancements in CAD code generation, it also exhibits some limi-
tations. Firstly, despite its improved generalization to real-world
images, the model occasionally struggles to accurately infer pre-
cise dimensions and proportions from images taken from varying
perspectives. This indicates that further work on perspective and
real-world image robustness, possibly through multi-view train-
ing or image augmentation strategies, is required. Additionally,
although our experiments showed some capability to generalize
to unseen CAD operations, such generalization remains heavily
prompt-dependent, highlighting the need for enhanced strategies
to preserve and leverage pre-existing LLM knowledge during fine-
tuning. Finally, as discussed in Section 3.1, the training data is
biased toward simple geometries; even the most complex examples
in the dataset consist of primarily single-part, sketch-and-extrude
models. These limitations reflect the current scarcity and difficulty
of obtaining or generating large-scale datasets of complex CAD
models in editable, code-based formats.

Future Work: Future research will focus on improving the
robustness and generalizability of CAD-Coder by expanding the
training dataset and exploring more model architectures. Dataset
efforts will be directed toward synthetic and conversion-based ap-
proaches for generating more complex CAD models, including
parts with richer feature trees and a broader range of CAD op-
erations. The dataset can also be enhanced by incorporating multi-
view and perspective-invariant image inputs into training to im-
prove model accuracy on real-world images. Developing an exten-
sive test-set of real-world images paired with CAD code would also
help to rigorously quantify the performance of CAD-Coder and
other models on the real-photo-to-CAD-code task. Other promis-
ing directions include exploring continual learning to better re-
tain and extend pre-trained VLM knowledge of CAD operations.
Utilizing reasoning-based LLM models or incorporating chain-of-
thought logic into the fine-tuning dataset could also improve the
accuracy of generated 3D solids. The utility of CAD-Coder to
engineering designers could be further enhanced by training the
model to explicitly support incremental edits and by integrating it
with existing CAD software.
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Appendix A: Optimal Solid Model Alignment
In this section, we detail the continuous solid shape (Rigid Body)

alignment problem formally and demonstrate how two shapes are
aligned to measure the intersection over union (IOU) for two
given shapes. Firstly, we treat solid objects as rigid bodies in
3-dimensional space, that is to say, an arbitrary solid in space is
represented as an indefinite set Ω ⊂ R3 with boundary Γ : 𝜕Ω.
Given such a solid body we seek to identify the optimal transfor-
mation to align any two arbitrary solid geometries.

First, we will analyze the case of two identical (in shape) rigid
bodies that have been transformed in space arbitrarily, that is to
say, that they have been rotated, scaled, and translated arbitrar-
ily. Under this assumption Lemma 1 implies there exists a relative
volume preserving bijection, 𝑓 : Ω1 → Ω2 between the two sets.
Note that given the indefinite (continuous) nature of the bodies,
hence making the cardinality of sets the same, there exist infinitely
many bijections between the two sets. Here we assume that we
know the ideal bijection between the identical shapes. Ultimately,
the assumption made is that we know the solution to our problem
exists, and we formulate the normalization that will allow us to
actually find this solution. More intuitively, 𝑓 maps the points in
Ω1 to the exact same part of the shape in Ω2 with respect to the
shape. This assumption comes with no loss of generality in our
shape analysis, and we will not assume anything about 𝑓 in general
other than it’s existence and relative volume preservation. The ex-
istence of 𝑓 , is implied by the fact that the shapes are assumed to be
identical, meaning they are identical manifolds transformed with an
invertible affine transformation (See Lemma 1). Ultimately 𝑓 rep-
resents the correspondence between the points in the two sets in 3D
Euclidean space, similar to the correspondence often seen in point-
based shape matching, made continuous in an abstract sense (no
assumptions other than existence are needed for our purposes).
Given this bijection, we define the distance/difference between two
solid bodies as:

𝑑 (Ω1,Ω2) :=
∫
Ω1

∥x − 𝑓 (x)∥2
2𝑑x (A1)

Where 𝑑x is the volume differential in Euclidean space. This is
essentially the volume integral of the distance between the points
in Ω1 and Ω2 given bijection 𝑓 . Now we formulate our problem
of aligning said shapes, namely finding the transformation (inverse
of 𝑓 ) such that if applied to Ω1 maps it onto Ω2, as:

min
R,𝑠,t

𝑑 =

∫
Ω1

∥𝑠Rx + t − 𝑓 (x)∥2
2𝑑x

s.t. R ∈ SO(3)

RRT = I

t ∈ R3

𝑠 > 0

(A2)

Where R is a rotation matrix, 𝑠 is a real number representing
the scale, and t is a translation vector in this setting. In Lemma
2 we attempt to solve this alignment problem for identical shapes.
We show that under this assumption of 𝑓 ’s existence, we can solve
the problem given two solids. However, we do not necessarily
have identical shapes when comparing a target CAD model with
a candidate reconstruction. However, we can establish a shape
normalization scheme that guarantees identical shapes will be in
perfect coincidence. Noting Lemma 2, we propose the operator:

𝑛(Ω) = { x − x̄√︂
tr(𝐼 )

2×Vol(Ω2 )

| x ∈ Ω}, (A3)

where I is the matrix of inertia for solid Ω. Finally, we observed
in Lemma 2, that the ideal alignment will align the principle axes
of two solids, as such given two solids we first normalize scale and
translation using (A3) and then align the principle axes of inertial
from I for each solid. Note that the alignment of the principal axes
is ambiguous as the direction of the principal axes is not known.
As such there are 8 possible ways to align said angles of which 4
are valid rotations in 𝑆𝑂 (3), meaning that in practice we perform
all 4 alignments and pick the one with the best IOU.

Lemma 1. Let Ω1 ⊂ R3 be a bounded solid with nonzero volume
and let

Ω2 = { 𝑠Rx + t | x ∈ Ω1 }

be its image under an affine transformation where R ∈ 𝑆𝑂 (3) (so
that det(R) = 1), 𝑠 > 0, and t ∈ R3. Then the mapping

𝑓 : Ω1 → Ω2, 𝑓 (x) = 𝑠Rx + t,

is a bijection satisfying the following relative volume preservation
property: For any integrable function 𝑔 : Ω2 → R,∫

Ω2

𝑔(y) 𝑑y =
Vol(Ω2)
Vol(Ω1)

∫
Ω1

𝑔
(︁
𝑓 (x)

)︁
𝑑x.

Proof. 1. Bijectivity: The transformation

𝑓 (x) = 𝑠Rx + t

is an affine map. Since R is a rotation (and thus invertible) and
𝑠 > 0, the matrix 𝑠R is invertible. Consequently, 𝑓 is one-to-one
and onto, with the inverse given by

𝑓 −1 (y) = R𝑇

(︃
y − t
𝑠

)︃
.

2. Jacobian Determinant and Volume Scaling: Since 𝑓 is affine,
its differential 𝐷 𝑓 (x) is constant and equal to 𝑠R for all x ∈ Ω1.
Its Jacobian determinant is

det
(︁
𝑠R

)︁
= 𝑠3 det(R) = 𝑠3,

because det(R) = 1 given 𝑅 ∈ 𝑆𝑂 (3).
3. Change of Variables and Relative Volume Preservation:

By the change-of-variable, for any integrable function 𝑔 defined on
Ω2,∫

Ω2

𝑔(y) 𝑑y =

∫
Ω1

𝑔
(︁
𝑓 (x)

)︁ |︁|︁det
(︁
𝐷 𝑓 (x)

)︁ |︁|︁ 𝑑x = 𝑠3
∫
Ω1

𝑔
(︁
𝑓 (x)

)︁
𝑑x.

In particular, choosing 𝑔(y) ≡ 1 yields

Vol(Ω2) = 𝑠3 Vol(Ω1) ⇒ 𝑠3 =
Vol(Ω2)
Vol(Ω1)

,

where Vol(Ω1) =
∫
Ω1

𝑑x and Vol(Ω2) =
∫
Ω2

𝑑x This demon-
strates that the mapping 𝑓 not only provides a bijective corre-
spondence between points in Ω1 and Ω2, but it also preserves the
relative volume distribution. □

Lemma 2 (Optimal Rigid-Body Alignment). Let Ω1 and Ω2 be
two identical in shape rigid bodies in R3, assumed to be related by
a transformation:

𝑓 : Ω1 → Ω2, 𝑓 (x) = 𝑠∗ R∗x + t∗

Define

min
R∈𝑆𝑂 (3) , 𝑠>0, t∈R3

∫
Ω1

∥︁∥︁ 𝑠R x + t − 𝑓 (x)
∥︁∥︁2

2 𝑑x.
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Then there exists a unique solution:

R∗ = VUT,

𝑠∗ =

√︂
tr(I2 )

Vol(Ω2 )√︂
tr(I1 )

Vol(Ω1 )

,

𝑡∗ = 𝑥̄2 − 𝑠𝑅𝑥̄1,

where I1 and I2 are the matrices of inertia for solid Ω1 and Ω2
respectively and:

𝑥̄1 =

∫
Ω1

x dx∫
Ω1

dx
, 𝑥̄2 =

∫
Ω2

x dx∫
Ω2

dx
,

S =

∫
Ω1

( 𝑓 (x) − x̄2) (x − x1)T dx = U𝚺VT,

that achieves this minimum.

Proof. Before continuing to the proof, we must note that the goal
of the optimization formulation is to deduce decoupled equations
for each of the unknown components of the bijection. Under our as-
sumption that the two rigid bodies Ω1 and Ω2 are identical shapes,
with an assumed bijection of the form 𝑓 that relates the two shapes.
Under the assumption that 𝑓 exists, we note that the optimal value
for the distance objective minima must be exactly 0. In this proof,
we show that without knowledge of the optimal 𝑓 , given two sets
Ω1 and Ω2, one can determine the optimal scale, translation, and
rotation to align the two solids.

Now, we note that by Lemma 1, 𝑓 is a volume preserving bijec-
tion. We will use this fact in our derivation of the solution. Now,
for a given arbitrary 𝑠 and R, to find the ideal translation vector,
we differentiate the objective with respect to the translation and
find the root of the gradient:

𝜕𝑑

𝜕𝑡
=

𝜕

𝜕𝑡

∫
Ω1

∥𝑠R∗x+ t− 𝑓 (x)∥2
2𝑑x = 2

∫
Ω1

(𝑠R x + t − 𝑓 (x)) 𝑑x.

(A4)
Note that we can move the differentiation operation inside the

integral, given the Leibniz rule. From above, we can find the root
of the gradient to obtain the optimal translation:

∫
Ω1

(𝑠R 𝑥 + t∗ − 𝑓 (x)) 𝑑x =

𝑠R
∫
Ω1

x 𝑑x + t∗
∫
Ω1

𝑑x −
∫
Ω1

𝑓 (x) 𝑑x =

𝑠R

∫
Ω1

x 𝑑x∫
Ω1

𝑑x
+ t∗ −

∫
Ω1

𝑓 (x) 𝑑x∫
Ω1

𝑑x
= 0

⇒ t∗ =

∫
Ω1

𝑓 (x) 𝑑x∫
Ω1

𝑑x
− 𝑠R

∫
Ω1

x 𝑑x∫
Ω1

𝑑x
.

(A5)

Now let x̄1, and x̄2 be the centroids of Ω1 and Ω2 respectively:

x̄1 =

∫
Ω1

x dx∫
Ω1

𝑑x
, x̄2 =

∫
Ω2

x 𝑑x∫
Ω2

𝑑x
(A6)

by lemma 1 we have:

t∗ = x̄2 − 𝑠Rx̄1 (A7)

Note that, even without knowledge of 𝑠∗ and R∗, we can see that
the sets Ω1 and Ω2 can be normalized with respect to translation
by removing the centroids, defining Ω̃1 and Ω̃2 as:

Ω̃1 = {x − x̄1 | x ∈ Ω1} (A8)

Ω̃2 = {x − x̄2 | x ∈ Ω2} (A9)

If one were to do this, we can easily see that the optimal trans-
lation for alignment of Ω̃1 onto Ω̃2 will be t∗ = 0, thus decoupling
it from the rotation and scale. Still, the above formula stands in
general. If one were to find the optimal rotation and scale, this
equation can be used to determine the optimal translation. Now,
with the knowledge of the optimal translation, we continue on to
determine the other two components of the transformation.

With the knowledge of the optimal translation for arbitrary scale
and rotation, and considering the normalization variable change:

x̃ = x − x̄1 and 𝑓 (x) = 𝑓 (x) − x̄2, (A10)

allows us to rewrite our objective decoupled from translation as:

𝑑 =

∫
Ω1

∥𝑠Rx̃ − 𝑓 (x)∥2
2𝑑x. (A11)

Note that the optimal translation is essentially plugged into this
distance by the variable change. Now to differentiating with respect
to 𝑠 we can expand the objective (Note ⟨𝑎, 𝑏⟩ is equivalent to dot
product here since we are operating in Euclidean space):

𝑑 (𝑠,R) = 𝑠2
∫
Ω1

⟨x̃, x̃⟩ 𝑑𝑥

− 2𝑠
∫
Ω1

⟨Rx̃, 𝑓 (x)⟩ 𝑑𝑥

+
∫
Ω1

⟨ 𝑓 (x), 𝑓 (x)⟩ 𝑑𝑥.

(A12)

Now differentiating with respect to 𝑠 gives us:

𝜕𝑑

𝜕𝑠
= 2𝑠

∫
Ω1

⟨x̃, x̃⟩ 𝑑x − 2
∫
Ω1

⟨Rx̃, 𝑓 (x)⟩ 𝑑x (A13)

Finding the root of the derivative gives us:

𝑠∗ =

∫
Ω1

⟨R(x − x̄1), 𝑓 (x) − x̄2⟩ 𝑑x∫
Ω1

⟨x − x̄1, x − x̄1⟩ 𝑑x
, (A14)

which, with some clever algebra, turns into:

(𝑠∗)2 =

∫
Ω1

⟨𝑠∗R(x − x̄1) − 𝑓 (x) + x̄2, 𝑓 (x) − x̄2⟩ 𝑑x+∫
Ω1

∥ 𝑓 (x) − x̄2∥2 𝑑x∫
Ω1

∥x − x̄1∥2 𝑑x
. (A15)

Now consider lemma 1, the term
∫
Ω1

∥ 𝑓 (x) − x̄2∥2 𝑑x can be
integrated in Ω2 as:
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(𝑠∗)2 =

∫
Ω1

⟨(𝑠∗R(x − x̄1) − 𝑓 (x) + x̄2, 𝑓 (x) − x̄2⟩ 𝑑x+
Vol(Ω1 )
Vol(Ω2 )

∫
Ω2

∥x − x̄2∥2 𝑑x∫
Ω1

∥x − x̄1∥2 𝑑x
.

(A16)
We see that the rotation and optimal scaling are intertwined in

this problem, and we cannot integrate in Ω1 for all terms involving
𝑓 , thus, we are not able to remove 𝑓 from the solution of 𝑠∗, like
we could in determining 𝑡∗. However, assuming R∗ in known,
given our assumption that 𝑓 exists, we know that the left hand
term in the inner product 𝑠∗R∗ (x − x̄1) − 𝑓 (x) + x̄2 will be zero,
since 𝑠∗R∗ (x − x̄1) + x̄2 = 𝑓 (x). Thus, even though we cannot
determine the optimal scale for arbitrary rotations, for the optimal
rotation solution to the optimal scale becomes:

(𝑠∗)2 =

∫
Ω2

∥x−x̄2 ∥2 𝑑x
Vol(Ω2 )∫

Ω1
∥x−x̄1 ∥2 𝑑x
Vol(Ω1 )

. (A17)

Let I1 and I2 be the tensors of inertia for Ω1 and Ω2, by defi-
nition

∫
Ω1

∥x − x̄1∥2 𝑑x = 1
2 tr(𝐼1) and

∫
Ω2

∥x − x̄2∥2 𝑑x = 1
2 tr(𝐼2),

therefore:

𝑠∗ =

√︂
tr(𝐼2 )

Vol(Ω2 )√︂
tr(𝐼1 )

Vol(Ω1 )

. (A18)

As can be seen, for the optimal rotation, yet to be determined, an
optimal scaling emerges, which gives rise to another normalization,
which is now with respect to the scale. We see that if each of the
sets can be normalized with respect to scale by removing dividing
by their root mean squared radius of gyration, defining Ω̂1 and Ω̂2
as:

Ω̂1 = { x − x̄1√︂
tr(𝐼1 )

Vol(Ω1 )

| x ∈ Ω1} (A19)

Ω̂2 = { x − x̄2√︂
tr(𝐼2 )

Vol(Ω2 )

| x ∈ Ω2}. (A20)

Under such normalization, the optimal scaling we measured
above for the transformation of Ω̂1 onto Ω̂2 will become unity,
thus removing the scaling from each solid. Moreover, with the
above normalization, the optimal translation is zero, which also
removes that component from our considerations.

Finally, we must determine the optimal rotation. We can intro-
duce the following symbols to simplify expressions:

A1 =

∫
Ω1

x̃x̃𝑇𝑑x, Note:
∫
Ω1

∥x̃∥2𝑑x = tr(A1) =
1
2

tr(I1) (A21)

S =

∫
Ω1

𝑓 (x) x̃𝑇 𝑑x, Note:
∫
Ω1

⟨R x̃, 𝑓 (x)⟩ 𝑑x = tr
(︂
R S

)︂
(A22)

Noting that
∫
Ω1

∥ 𝑓 (x)∥2𝑑x is a constant and we will refer to it
as 𝐶 below:

𝑑 (𝑠,R) = 𝑠2 tr(A1) − 2𝑠 tr(R S) + 𝐶 (A23)

We can see that rotation only affects the objective only in the
term −2𝑠 tr(R S) and since 𝑠 > 0 the optimal rotation R∗ is equiva-
lent to the solution to maxR∗∈𝑆𝑂 (3) tr(R S), which is an orthogonal
Procrustes problem which can be solved by singular value decom-
position [46]. Let S = U𝚺V𝑇 be the singular value decomposition
of S, then tr(R S) = tr(VTRU𝚺) which given all of U,V,R are
orthogonal will be maximized when VTRU = I, hence:

R∗ = VUT (A24)

Note that the matrix S is not known without knowing the opti-
mal transformation 𝑓 itself. However, we can see how the optimal
rotation can be found without knowing this covariance matrix di-
rectly.

Now let:

A1 =

∫
Ω1

x̃x̃𝑇𝑑x (A25)

A2 =

∫
Ω2

(x − x̄2) (x − x̄2)𝑇𝑑x =
Vol(Ω2)
Vol(Ω1)

∫
Ω1

𝑓 (x) 𝑓 (x)𝑇𝑑x,

(A26)

Note that by definition of the matrix of inertia (namely I =∫
Ω

(︁
∥x − x̄∥2I3 − (x − x̄) (x − x̄)𝑇

)︁
𝑑x.), we have:

A𝑖 =
1
2

tr(I𝑖) I − I𝑖 ∀𝑖 ∈ {1, 2} (A27)

Moreover, given the assumption of 𝑓 ’s existence, plugging in
the optimal transformation, we have:

A2 =𝑠∗3
∫
Ω1

𝑓 (x) 𝑓 (x)𝑇𝑑x

=𝑠∗3
∫
Ω1

𝑠∗R∗x̃x̃𝑇R∗𝑇 𝑠∗𝑑x

=𝑠∗5R∗𝐴1R∗𝑇

(A28)

Noting the fact that the eigenvectors of Ai are the same as Ii
from (A27), we can see that, interestingly, this rotation aligns the
principal axes of inertia for the two solids without ambiguity. How-
ever, in certain settings, one may choose to perform all possible 4
valid alignments of principal axes (8 possibilities with directional
ambiguity of eigenvectors of the matrix of inertia, 4 of which will
be valid rotations in 𝑆𝑂 (3)) instead of finding the continuous co-
variance matrix 𝑆 and performing a singular value decomposition
on it. Hence, the unique minimizing transformation parameters
R∗, 𝑠∗, t∗ are given by the formulas above, and in practice, the
rotation can be found by exhaustively aligning principal axes. This
completes the proof. □

Appendix B: Additional Experimental Validations
Here, we provide a more comprehensive comparison of results

using a variety of metrics commonly used in solid geometry com-
parison. Specifically, we follow the most common metrics used
in many related works, namely chamfer distance (CD) [16] and
Intersection Over Union (IOU) on geometries that are only aligned
to have the same bounding boxes [19]. Note that the IOUbest met-
ric that we introduce in this paper takes into account the optimal
alignment of geometries. This is a more principled approach for
comparing geometries, considering that an image of a part does
not include any information regarding scale and orientation, thus
aligning the geometries before measuring IOU, as we do in IOUbest,
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is more appropriate in such scenarios. Despite this, for consistency
with prior works, we also provide the commonly used metrics in
Table 4. As is evident, there is solid agreement between IOUbest
and IOU regardless of the alignment; however, alignment in gen-
eral leads to slightly better results in most cases, as indeed the
aligning geometries optimally is expected to do so. Overall, the
main findings in the paper remain unchanged, with CAD-Coder
exceeding all other models in both IOU and CD significantly.

We also report median IoUbest in Table 4 to characterize the
distribution of reconstruction quality across test instances. Median
IoUbest reflects typical-case performance and is less sensitive to a
small number of difficult or failure cases that can disproportion-
ately affect the mean. As shown in Table 4, CAD-Coder exhibits
a substantially higher median IoU than mean IoU, indicating con-
sistently high-quality reconstructions for the majority of inputs. In
contrast, the other tested models exhibit similar mean and median
values, suggesting more uniform—but lower—reconstruction qual-
ity across instances.

Table 4 Comparison of CAD-Coder against existing base-
lines on several metrics beyond IOUbest averages: chamfer
distance (CD), IOU without optimal alignment (aligned via
bounding box), and IOUbest medians.

Model CD ↓ IOU↑ IOUbest ↑
IOUbest
Med. ↑

Open Source Models

InternVL2_5-78B-MPO 0.0471 0.300 0.379 0.380
Ovis2-34B 0.0482 0.289 0.408 0.400
Qwen2.5-VL-72B 0.0436 0.357 0.352 0.325
LLaVA-v1.5-13B N/A 0.0 0.0 0.0

Closed Source Models

GPT-o1 0.0410 0.379 0.494 0.525
GPT-4.5 0.0429 0.431 0.524 0.534
Gemini-2.0-Pro 0.0315 0.411 0.445 0.447

Ours

CAD-Coder 0.0197 0.663 0.675 0.792
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