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Figure 1. We propose a new framework for generative CAD with large language models that enables generation of more complex designs
compared to prior frameworks. Left: designs generated with a VLM based on our framework. The core of our framework is a new CAD
design history representation that enables a broader range of modeling operations. Right: examples using advanced operations.

Abstract

We introduce CADFS, a data-centric framework that en-
ables large vision-language models to generate complex
CAD design histories. Existing generative CAD systems
are restricted to sketch-extrude operations due to simplified
representations and limited datasets. We address this by
introducing a FeatureScript-based representation and con-
structing a dataset of 450k real-world CAD models spanning
15 modeling operations. We obtain the dataset via a new
pipeline that reconstructs clean, executable FeatureScript
programs and provides multimodal annotations. Fine-tuning
a VLM on this representation yields state-of-the-art results
in text-conditioned CAD generation and image-based recon-
struction, producing more accurate, diverse, and feature-
rich designs than prior frameworks. Ablations show that
each individual component of our framework, i.e., the Fea-
tureScript representation, the extended operation set, and
representation-aligned textual descriptions, significantly im-
proves performance. Our framework substantially broadens
the complexity and realism achievable in generative CAD.
The CADFS framework and the new dataset are available at
voyleg.github.io/cadfs.

1. Introduction

Designing 3D components is a core task across engineering
domains such as industrial manufacturing or architecture.
While computer-aided design (CAD) tools have become
the standard for assisting this process, creating high-quality
3D models still requires substantial time and expert effort.
Recent advances in AI promise to significantly reduce this
effort by enabling the automated creation and reconstruction
of CAD models from diverse inputs such as images [3, 23],
drawings [7], natural language descriptions [4, 14, 16, 20,
33, 39], or point clouds [13, 19, 25, 31, 35, 40].

A growing body of work focuses on generating CAD
models in boundary representation (B-rep) format, pro-
ducing output that is directly suitable for manufacturing
pipelines [23, 35, 43]. However, practicing engineers typi-
cally design geometry not by editing surfaces directly, but by
constructing a design history, i.e., a sequence of parametric
modeling operations (e.g., sketching curves and extruding
them into solids). This feature-based representation provides
greater flexibility and editability, allowing engineers to re-
vise, extend, or refine models throughout the design process.
Consequently, generating CAD models as design histories
rather than B-reps is increasingly seen as the more impactful
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goal for practical computer-aided design automation.
Early approaches to design history generation trained

generative models from scratch [7, 16, 36, 41]. Motivated
by the rapid advances and strong generalization capabili-
ties of large language and vision-language models (LLMs
and VLMs), recent methods adopt these models to gener-
ate CAD construction sequences, achieving promising few-
shot [4, 5] and fine-tuned results [14, 19, 27, 40]. Yet, de-
spite these advances, the complexity of designs generated
by existing methods remains limited. A primary bottleneck
is the training data: all existing large-scale design history
datasets [11, 14, 16, 31, 36, 39, 40] contain only designs
composed of two basic operations (sketch and extrude). As
a result, the models trained on these datasets struggle to
generate parts requiring richer design operations, such as
chamfers, fillets, revolves, or lofts.

This limitation stems from the representation of the de-
sign history adopted in prior datasets. In this simplified
token-based sequence representation [16, 36, 40], a new
operation in the design history can only refer to the previ-
ously issued operations directly. However, many standard
CAD operations (e.g., fillet, chamfer, or loft) act on or ref-
erence specific elements of the evolving geometry, such as
newly extruded edges. As a result, this representation in-
herently limits the available operation set, constraining the
expressiveness and complexity of models. Moreover, its
compactness was intended for efficient autoregressive mod-
eling and may not be the best fit for LLMs, required to learn
an artificial token syntax from scratch. Further works adopt
more expressive and natural Python-based CAD scripting
interfaces [11, 14, 31, 39] but still restrict the underlying
geometry to the same limited operation set.

To address these limitations, we propose CADFS, a new
data-centric framework for generative CAD with vision-
language models. At the core of CADFS is a new repre-
sentation of the design history. To train a generative model,
we collect real-world CAD designs created by engineers on
the Onshape platform [2]. In contrast to prior work, we rep-
resent the designs in their native form rather than translating
them into a custom simplified representation. This enables
us to incorporate a significantly broader range of modeling
operations while retaining the full geometric and parametric
fidelity of the original designs. As a result, we use more
complex, diverse, and detailed CAD models for training.

We represent each model as an executable program in
FeatureScript, Onshape’s native language for parametric
CAD [1]. This code representation is well-suited for LLMs:
it is syntactically structured, semantically interpretable, and
expresses modeling logic directly rather than through lossy
abstractions. Prior code representations for generative CAD,
based on Python wrappers around geometric kernels (e.g.,
CadQuery), primarily target procedural modeling workflows.
In contrast, FeatureScript is the native language of a CAD

system used by practicing engineers. This makes it directly
aligned with real engineering modeling practices. To the best
of our knowledge, we are the first to explore FeatureScript
code as a training representation for generative CAD.

To train VLMs to generate designs in this new represen-
tation, we introduce a new large-scale dataset for generative
CAD. Since Onshape does not directly expose clean, exe-
cutable FeatureScript programs for existing models, we de-
velop a data acquisition pipeline to reconstruct high-quality
FeatureScript code from Onshape’s internal representation.
Our pipeline unifies parameters, removes redundant expres-
sions, resolves implicit references, and produces consistent,
human-readable, executable modeling scripts. To enable
multimodal generative design research, we annotate each
CAD model with natural language descriptions and provide
rendered images and point clouds. Our dataset includes over
450k real-world CAD designs constructed using 15 common
modeling operations, substantially expanding the diversity
of feature-based CAD training data.

The VLM trained with this representation achieves state-
of-the-art results in text-conditioned CAD generation and
image-conditioned CAD reconstruction. It produces CAD
models with greater geometric variety, higher detail, and
more accurate structure, while enabling the generation of
previously unattainable feature types (see Fig. 1).

In summary, we make the following contributions:
• We enable learning CAD design history generation with a

much broader set of modeling operations (extending from
2 to 15) by introducing a FeatureScript-based represen-
tation and collecting a large-scale dataset of real-world
CAD designs in this form.

• We present the first vision-language model for this repre-
sentation capable of modeling complex designs beyond
sketch and extrude.

• Our framework expands the diversity and complexity of
generative CAD and advances the state of the art across
multiple CAD generation and reconstruction tasks.

2. Related work

Methods of generative CAD. Prior work approaches CAD
generation via either neural sequence modeling of con-
struction steps and parameters or program synthesis that
produces executable code. Sequence models trained from
scratch optimize next-step likelihood over tokenized histo-
ries, sometimes with multimodal conditioning [7, 13, 16, 25,
36, 41, 42, 45]. More recent program-synthesis methods
leverage pre-trained LLM backbones to produce executable
scripts, improving robustness and geometric fidelity with
execution-in-the-loop verification, or fine-tuning with mul-
timodal representation learning, chain-of-thought planning,
and reinforcement-learning [4, 5, 14, 19, 20, 27, 33]. While
these works demonstrate the promise of achieving strong
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results with LLM backbones, they still use a narrow vocabu-
lary of operations limited to sketch and extrude commands.
This affects the complexity and practicality of generated de-
signs and limits generalization to real engineering workflows.
An orthogonal research direction focuses on direct gener-
ation of B-reps with diffusion-based methods [23, 35, 43],
which demonstrate greater diversity and complexity in the
generated models. Yet, these methods do not recover design
history and thus lack an important aspect of practical use.

Representations of CAD design history and datasets.
Early 3D model collections provide either polygonal
meshes [6, 17, 28, 37, 47] or B-rep geometry [8, 18], but no
design histories, limiting their use for modeling construction
processes. Fusion 360 Gallery [34] and CC3D-Ops [12]
were the first datasets to tie CAD models to design steps
by annotating 3D data with operation labels or sequences.
Yet these datasets are modest in scale and complexity and
therefore do not support training large generative models.

Most recent large-scale design history datasets convert
models from the Onshape library [2] into either a simplified
token-based representation or Python code. DeepCAD [36]
standardizes token sequences with quantized parameters.
This enables autoregressive training, but reduces geometric
fidelity and forces models to learn an artificial syntax from
scratch. Crucially, this format can only reference prior op-
erations (e.g., sketch, extrude), not the geometric entities
that they produce (e.g., edges, faces). As a result, it can-
not express operations such as fillet, loft, or replication that
require structured geometric queries, i.e., selecting specific
entities that arise during construction. This restriction limits
the diversity and scale of trainable CAD histories. Deriva-
tive datasets [16, 40] expand annotations for conditional
generation yet inherit these constraints.

Code-centric datasets [11, 14, 31, 39] represent design
histories as modular, interpretable Python programs, typ-
ically based on the CadQuery library [9], leveraging pre-
trained LLMs’ understanding of Python code. Compared to
token sequences, this representation offers richer CAD func-
tionality and supports operations depending on the evolving
geometry. However, it uses indirect or topology-dependent
references to the geometric entities (e.g., “the third edge of
the final solid”). Such referencing is unstable under small
modeling edits and fails to preserve the construction history
of geometric entities. This limits the ability of learning-based
methods to reliably infer or reproduce complex feature con-
struction steps. Datasets based on this representation remain
limited to primitive operations.

Overall, both representations introduce structural limita-
tions that reduce expressiveness and restrict the available
modeling operations. The corresponding datasets support
only sketch and extrude, along with a small set of sketch
primitives: lines, circles, and arcs. Furthermore, conversion
from Onshape’s native representation requires lossy transla-

Table 1. Comparison of our dataset with existing design history
benchmarks. We provide designs in the new representation featur-
ing the largest set of modeling operations and the largest number
of real-world designs (CAD-Recode provides synthetic data).

Dataset Representation # Ops. # Designs Source

Fusion 360 Cmd. sequence 2 8,625 Real
DeepCAD Cmd. sequence 2 179,000 Real
Text2CAD Cmd. sequence 2 170,000 Real
Omni-CAD Cmd. sequence 2 275,000 Real
cadrille Python code 2 170,000 Real
CAD-Recode Python code 2 1,000,000 Synth.
CADFS (Ours) FeatureScript 15 451,000 Real

[34]
[36]
[16]
[40]

[19]

[31]

tion that discards geometric and parametric fidelity, yielding
approximations rather than exact reproductions of the origi-
nals. While recent works address different issues (e.g., short
sequence length [22], or alignment with software UI [26]),
the operation vocabulary and design history faithfulness re-
main the principal bottlenecks.

In contrast, we build our CADFS framework based on
Onshape’s native representation. This preserves full geo-
metric and parametric fidelity and supports a substantially
broader set of modeling operations, enabling training on
more complex, diverse, and detailed CAD histories. Table 1
compares our dataset with prior design history datasets.

3. Method
The foundation of our framework for generative CAD is a
new representation of the design history. Specifically, we
propose to train LLM-based models to write code in Fea-
tureScript language, used by the Onshape platform. We
develop a data acquisition pipeline that converts Onshape’s
internal CAD representation into clean, compact, and fully
executable code suitable for training. Using this pipeline,
we collect a large set of CAD designs in the new represen-
tation and annotate each design with a textual description
and multi-view images. Finally, we adopt an existing VLM
to generate CAD designs in the new representation and fine-
tune it on the new dataset for text-conditioned generation
and reconstruction from multi-view images. Figure 3 shows
an overview of our method.

3.1. FeatureScript code for generative CAD
FeatureScript is the native language used within Onshape
to define parametric modeling operations and 3D geome-
try. It directly exposes the full set of modeling operations
supported by the platform, including refinement and transfor-
mation operations missing in previous datasets. In contrast
to prior representations, FeatureScript enables robust and
precise specification of operations such as fillet or loft via
structured queries. Furthermore, using FeatureScript as the

10178



b
c

d

e

a

Figure 2. Example of FeatureScript code that describes the design history of the model shown on the right. (a) The profile of the rocket body
is drawn using spline primitives and revolved about an axis. (b) The profile of the tail wing is drawn using arcs and text primitives and then
extruded. (c) The wing tip is identified as the edge created by extruding the junction between the arcs of the wing profile. (d) The identified
wing tip is rounded with a fillet, and the wing is replicated using a circular pattern. (e) A rectangular face of the wing is smoothly connected
to a round base using a loft to form a stand for the rocket, and the corresponding wing is removed.

training representation allows us to leverage a continuously
growing corpus of real-world CAD designs authored by prac-
ticing engineers, without requiring lossy conversion steps.
As a result, our FeatureScript-based framework naturally re-
flects real industrial modeling practices, rather than synthetic
workflows designed around representational limitations.

FeatureScript queries enable modeling operations to tar-
get existing geometric entities (edges, faces, bodies) defined
by their origin, construction history, or relations to other
entities. Figure 2 shows an example CAD model and its
corresponding FeatureScript code. In this example, queries,
represented by the function makeQuery in lines 16, 19,
and 22, are used (1) to round the edge produced by a specific
extrusion originating from the connection point between spe-
cific sketch primitives, (2) to replicate the body produced
by that extrusion using a circular pattern, (3) to connect a
specific face of this body to another face using a smooth
transition, and (4) to delete this body created only as an
intermediate for subsequent operations.

The function makeQuery takes as input an operation
identifier, a query type, an entity type, and disambiguation
data. The operation identifier scopes the query to a spe-
cific modeling operation within the feature history, e.g., the
extrusion with id F5. The query type encodes the topolog-
ical role of the target entity within that operation, e.g., a
side edge is SWEPT EDGE. The entity type indicates the
class of geometric entities targeted by the query, i.e., ver-
tex, edge, face, or body. Finally, the disambiguation data
provides the additional information needed to resolve am-
biguities and uniquely identify the intended entities when
multiple candidates satisfy the query conditions. The most
common mechanisms are original set disambiguation and

topology disambiguation, which specify either the entity’s
ancestors or its neighbors, as in Fig. 2 line 17. Together,
these four parameters form a compact but expressive ad-
dressing scheme that enables robust references to individual
geometric entities within a parametric CAD history. Notably,
this representation mirrors the way a human would verbally
identify a geometric feature, i.e., by its origin, semantic
role, categorical type, and distinguishing attributes. This
correspondence makes the queries particularly amenable to
generation by large language models. Overall, our repre-
sentation preserves exact geometric and parametric fidelity
while remaining compact and interpretable, making it well-
suited for LLM-based generative modeling and downstream
editing workflows.

3.2. Data acquisition and the dataset
While FeatureScript is Onshape’s native representation, for
manually created models the platform provides only an in-
ternal representation that is neither directly executable nor
interpretable. This representation contains issues such as
implicit parameterization, redundant or unused expressions,
inconsistent unit usage, and randomly generated identifiers.
We develop a data acquisition pipeline that reconstructs high-
quality, executable FeatureScript programs from Onshape’s
internal representation.

Figure 3a illustrates the pipeline. First, the sequence
of modeling operations and their parameters are extracted.
Then, implicit and platform-dependent parameterization is
replaced with explicit arguments. For example, a line repre-
sented by a point and a direction vector is replaced with a
start-end point definition, as illustrated with purple brackets
in part (1) of Fig. 3a. The units of parameters are stan-

10179



Annotator 
Prompt

Few Shot 
Examples

FeatureScript 
documentation

Special 
Instructions Checklist

ReviewerAnnotator

Draft Annotation Final AnnotationFeatureScript

Reviewer 
Prompt

Qwen2-VL

Vision Encoder Tokenizer Tokenizeror

Compiled Geometry

DimensionsMulti-view Image

Executable FeatureScript Code

Generate a CAD model 
using FeatureScript 

framework. Mesh bounds 
from (-48.64, -27.23, 0) to 

(48.64, 27.23, 74.93), 
center = (0, 0, 37.47), 

scale = 48.64

Step 1 - Sketch  
Create a new sketch on 
the default Top plane.

…
Step 15 - Fillet  

Apply a fillet of radius 
5.08
...

Textual Description

Explicit Sketch 
Parametrization

Query 
Replacement 

Parameter 
Rounding

Identifier
Simplification

CompilationArgument
Cleaning

Unit 
Scaling

Input

Success?

FeatureScript

Raw FeatureScript & 
Sketch Specification

Yes No

a

b

c…

1
2

Figure 3. Method overview. (a) We propose a FeatureScript reconstruction pipeline to create a large dataset of CAD models with advanced
modeling operations. (b) Each model is annotated with a textual description using our two-stage annotation pipeline. (c) We finetune
Qwen2-VL conditioned on text and image inputs to generate FeatureScript code that can be directly compiled into a B-rep model.

dardized to millimeters (Fig. 3a, 1, yellow). Numeric ex-
pressions are resolved, and precision is standardized to two
decimal places (Fig. 3a, 1, magenta). Dummy queries are
replaced with meaningful alternatives (Fig. 3a, 2, orange).
Random entity and variable names, which impede interpreta-
tion by LLMs, are replaced with compact, ordered identifiers
(Fig. 3a, 2, grey). Definitions of geometric operations are
simplified and normalized (Fig. 3a, 2, blue). Redundant
operations and sketch entities that have no influence on the
resulting geometry are removed. Finally, each program is
validated by checking that the code reproduces the original
model. Programs that fail validation are discarded (about
15%).

We focus on 15 commonly used modeling operations, in-
cluding sketch, extrude, revolve, sweep, loft, fillet, chamfer,
shell, hole, boolean operations, patterns, etc., discussed in
Sec. 10. Unlike prior datasets restricted to sketch and ex-
trude operations, this operation set covers the full modeling
workflow, from initial geometry definition to refinement and
reuse, mirroring real mechanical design practice.

Applying our pipeline to these 15 modeling operations,
we collect a dataset of 451k CAD designs with design histo-
ries represented as concise, executable FeatureScript code.
Executing each program in Onshape reproduces the original
real-world design, preserving full geometric and parametric
fidelity. This dataset forms the foundation for training LLM-
based generative models capable of producing complex and
editable CAD designs.

To maximize compatibility with prior work, we construct
our dataset from source CAD designs that form a subset
of the collection underlying the ABC dataset [18] and a
superset of the collection used by the DeepCAD [36] and
Text2CAD [33] datasets. This overlap enables direct compar-
ison of generative methods across representations on shared
geometry and supports gradual migration from earlier token-

based or Python-based datasets to FeatureScript.

3.3. Annotation with natural language descriptions
Generating CAD models from natural language descriptions
enables intuitive, high-level specification of design intent.
However, accurate text-to-CAD generation requires clear,
unambiguous descriptions of the construction steps. Pub-
lic CAD model repositories do not provide textual descrip-
tions, while manual annotation is infeasible at scale. Prior
works [16, 40] therefore generate descriptions automatically
from programmatic CAD representations using LLMs. We
adopt this strategy for our FeatureScript-based representa-
tion, which supports more accurate descriptions thanks to
the structured and semantically rich nature of the code.

Figure 3b illustrates our annotation pipeline. We build
it around two LLMs, an Annotator and a Reviewer, whose
roles are defined by system prompts (see in Sec. 11.1). Given
an input CAD model represented as FeatureScript code, the
Annotator produces an initial draft description. It receives
the source code and few-shot examples and produces a struc-
tured summary of the construction process. The Reviewer re-
fines this draft and ensures consistency with the original code.
It checks the correctness of the operation sequence, resolves
ambiguities, corrects terminology, and verifies numerical
parameters. Both models also receive FeatureScript docu-
mentation, along with interpretation guidelines and rules for
phrasing and structuring the final output.

Using our FeatureScript code representation as the basis
for annotation significantly simplifies the process. The code
expresses modeling operations, parameters, and dependen-
cies explicitly, making the construction sequence inherently
interpretable. This reduces the risk of missing or misrepre-
senting operations and helps maintain alignment between
the textual description and the actual design logic.

Adding documentation into the prompt helps the mod-

10180



Table 2. Comparison of different frameworks in text-conditioned generation (top) and reconstruction from multi-view images (bottom). The
models are trained with different representations of design history (Repr.), different text annotations (Annot.), and different CAD collections,
where D denotes DeepCAD, R denotes CAD-Recode, and the number of modeling operations is shown in parentheses. The DeepCAD test
set includes only sketch and extrude operations, while Our test set includes 15 different operations. Text2CAD annotations (T2C) are not
available for the new designs, so baselines trained on these annotations cannot be evaluated for text-conditioned generation on the new test
set. The best and second-best results for each task are shown in bold and underlined, respectively.

Model Repr. Annot. Train 
data Input

DeepCAD test set (sketch, extrude) Our test set (15 operations)
CD↓ ECD↓ NC↑ MMD↓ COV↑ JSD↓ IR↓ CD↓ ECD↓ NC↑ MMD↓ COV↑ JSD↓ IR↓

Text2CAD tkn T2C D (2) txt 6.97 60.3 82.6 11.20 76.0 0.78 8 — — — — — — —
Cadrille Py T2C R+D (2) txt 0.10 22.5 97.6 9.60 79.5 0.82 3 — — — — — — —
Ours FS Ours Ours (15) txt 0.06 8.2 98.9 8.10 84.8 0.58 9 0.07 8.5 98.7 9.20 81.0 0.92 19

Cadrille Py T2C R+D (2) img 0.20 14.3 96.9 8.82 81.8 0.82 6 3.26 38.5 85.0 11.58 76.9 1.02 14
Ours FS Ours Ours (15) img 0.11 11.5 98.4 8.60 83.9 0.63 12 0.35 15.8 96.1 10.40 77.8 0.98 29

els interpret operations that depend on geometric context.
Without it, LLMs easily misidentify reference entities (e.g.,
confusing interior and exterior contours or referencing incor-
rect edges or faces). Providing documentation reduces such
errors and leads to clearer and more precise descriptions.

The two-agent design improves accuracy and reliability.
The Annotator ensures global completeness and coherence,
while the Reviewer focuses on correctness and detail. This
division reduces failure modes common in single-agent gen-
eration, such as operation omissions, incorrect naming, or
inadvertent leakage of code into the text. Few-shot examples
improve consistency in style and structure across the dataset.

Together, these components yield accurate, interpretable,
and well-structured textual descriptions. Experiments show
that training LLMs on our descriptions improves text-to-
CAD generation performance, producing CAD models that
match the design intent more precisely. We additionally com-
pare our descriptions to those from prior work in Sec. 11.3.

3.4. Learning FeatureScript code generation
We aim to enhance existing vision-language models for CAD
generation. To this end, we adopt Qwen-VL [32] to generate
design histories in the new representation conditioned on
text descriptions or multi-view images (Fig. 3c). Previous
methods normalize CAD models to be zero-centered with
a fixed scale for ease of generation. In contrast, we train
the model to generate designs in the natural dimensions
specified by engineers. To do so, we provide the model
with the center of the design’s bounding box and its extent
through the text prompt for both text-conditioned and image-
conditioned generation. In Sec. 6.4, we show that providing
these parameters improves generation accuracy in the new
representation.

4. Experiments
We evaluate our generative CAD framework by comparing a
Qwen2-VL-2B model [32] trained with our new representa-

tion against state-of-the-art approaches for text-conditioned
generation and reconstruction from multi-view images. We
further perform ablations to assess the contributions of the
proposed design-history representation, the extended set of
modeling operations, and the improved textual annotations.

4.1. Experimental setup

Implementation details. We perform supervised fine-tuning
of Qwen2-VL-2B in two stages. First, we fine-tune the
model on ~170k designs containing only sketch and extrude
operations, corresponding to the DeepCAD dataset [36].
This stage establishes core geometric reasoning. We then
fine-tune the model on ~405k designs from our full dataset,
enabling generalization to all 15 modeling operations. In
both stages, the model is conditioned either on textual de-
scriptions or a 2 × 2 grid of multi-view images, following
Cadrille [19]. We provide more details in Sec. 9.

Baselines. We compare against two leading frame-
works: generation of tokenized sequences and generation
of Python code, represented by Text2CAD and Cadrille.
Text2CAD [16] generates tokenized CAD sequences of
sketch and extrude operations conditioned on text. It trains
a 360M-parameter transformer using text annotations at
four abstraction levels over the 170k DeepCAD designs.
Cadrille [19] generates CADQuery-based Python design
histories from text, multi-view images, or point clouds. It
fine-tunes Qwen2-VL-2B via supervised fine-tuning (SFT)
followed by reinforcement learning. We compare our SFT
model against the SFT version of Cadrille, trained on a
mixture of DeepCAD designs and synthetic designs from
CAD-Recode [31], for a total of 1.17M training examples.
We additionally compare against a mesh generation method
TRELLIS [38] in Sec. 7.3.

Data. We compare the models on two test sets. To assess
performance on designs constructed from sketch and extrude
operations, we use the 7278 designs from the DeepCAD test
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GTCADFS (Ours)CadrilleText2CAD

Figure 4. Qualitative comparison in text-conditioned CAD model
generation on the DeepCAD test set.

set that have Text2CAD, CADQuery, and FeatureScript an-
notations available simultaneously. To evaluate performance
on the full set of modeling operations, we sample ~9k de-
signs from our new dataset, covering all 15 operations. The
new test set is sampled such that, when combined with the
DeepCAD test set, the distribution of operations matches
that of the subset of ABC [18] that contains designs express-
ible with our 15 operations. We additionally compare the
methods on the CADParser dataset [48] in Sec. 7.2.

For text-conditioned generation, both baselines rely on
Text2CAD textual annotations. We evaluate each method
with the annotations used in its training. For multi-view
reconstruction, we train and test all methods with a per-view
resolution of 256× 256. We render the input images from
the original Onshape geometry and also use this geometry
as the reference for metrics.

Metrics. Following prior work on CAD design-history gen-
eration [16, 19, 21, 31, 36], we evaluate geometric accuracy
and diversity. For geometric accuracy, we compute Chamfer
Distance (CD), Edge Chamfer Distance (ECD), and Normal
Consistency (NC) between generated and reference CAD
models. To assess the fidelity of the geometric distribution,
we use Minimal Matching Distance (MMD). We measure

GTCADFS (Ours)CadrilleInput images

Figure 5. Qualitative comparison in multi-view CAD reconstruc-
tion. Rows 1–2 show results on the DeepCAD test set, and rows
3–6 show results on our test set.

the diversity using Coverage (COV) and Jensen-Shannon
Divergence (JSD). We also report the Invalidity Ratio (IR),
which measures the fraction of generated designs that fail to
construct. We additionally report topology validity metrics
in Sec. 7.1. We provide full metric definitions in Sec. 12.

4.2. Comparison against other frameworks

Table 2 shows the quantitative comparison of the frame-
works, Figs. 4 and 5 show the qualitative comparisons in
text-conditioned generation and multi-view reconstruction
respectively.

Our model substantially outperforms the models based on
prior frameworks on both text-conditioned generation and
multi-view reconstruction. On the DeepCAD test set (sketch
and extrude only), it achieves markedly higher geometric
accuracy and diversity than Text2CAD and Cadrille. In
text-conditioned generation, it improves CD and ECD by
40% and 64% over Cadrille, while also achieving better
MMD, COV, and JSD. The Invalidity Ratio is comparable
to Text2CAD and slightly worse than Cadrille, likely due to
the lack of FeatureScript code in the VLM pretraining data
compared to Python.
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Table 3. Ablation study of our framework in text-conditioned generation (top) and reconstruction from multi-view images (bottom). We
evaluate the individual contributions of the new representation (Repr.), the new text annotations (Annot.), and training on the new modeling
operations (D denotes DeepCAD, R denotes CAD-Recode, and the number of modeling operations is shown in parentheses). The DeepCAD
test set includes only sketch and extrude operations, while Our test set includes 15 different operations. Text2CAD annotations (T2C) are not
available for the new designs, so models trained on these annotations cannot be evaluated for text-conditioned generation on the new test set.
The best and second-best results for each task are shown in bold and underlined, respectively.

Model Repr. Annot. Train 
data Input

DeepCAD test set (sketch, extrude) Our test set (15 operations)
CD↓ ECD↓ NC↑ MMD↓ COV↑ JSD↓ IR↓ CD↓ ECD↓ NC↑ MMD↓ COV↑ JSD↓ IR↓

Cadrille Py T2C R+D (2) txt 0.10 22.5 97.6 9.60 79.5 0.82 3 — — — — — — —
(a) FS T2C D (2) txt 0.40 24.4 95.3 9.80 79.7 0.73 15 — — — — — — —
(b) FS Ours D (2) txt 0.06 8.5 98.9 8.10 84.9 0.59 10 14.50 75.3 75.4 12.80 70.8 3.70 44
(c) Ours FS Ours Ours (15) txt 0.06 8.2 98.9 8.10 84.8 0.58 9 0.07 8.5 98.7 9.20 81.0 0.92 19

Cadrille Py R+D (2) img 0.20 14.3 96.9 8.82 81.8 0.82 6 3.26 38.5 85.0 11.58 76.9 1.02 14
(d) FS D (2) img 0.14 17.8 97.9 8.90 82.9 0.60 9 8.69 55.6 80.0 13.00 74.5 1.30 22
(e) Ours FS Ours (15) img 0.11 11.5 98.4 8.60 83.9 0.63 12 0.35 15.8 96.1 10.40 77.8 0.98 29

On the new test set with the extended set of modeling
operations, our model surpasses Cadrille in multi-view re-
construction in both accuracy and diversity. Both models
perform worse than in text-conditioned generation, high-
lighting the difficulty of design history reconstruction from
images alone. The baselines cannot be evaluated for text-
conditioned generation on the new test set, as Text2CAD
annotations are unavailable for the new designs. Comparing
our model across the two test sets shows that it generalizes
well: the geometric accuracy remains consistent, while the
diversity and validity exhibit a small drop attributable to the
higher complexity and variability of the designs with the
extended operation set. Overall, our framework enables the
generation of substantially more complex and dependency-
rich CAD designs than prior frameworks.

4.3. Ablation study
Table 3 shows the evaluation of contributions of individ-
ual components of our framework: the FeatureScript rep-
resentation, the extended modeling operation set, and the
representation-aligned textual annotations.

Comparing Python-based Cadrille with the FeatureScript-
based models (a) and (d) isolates the effect of the repre-
sentation (note that all three models are based on Qwen2-
VL-2B). Using FeatureScript with the DeepCAD training
set and Text2CAD annotations yields performance on par
with Cadrille despite its significantly larger training corpus.
This shows that FeatureScript is a viable alternative to the
Python-based representation. At the same time, using Fea-
tureScript allows us to scale training to complex real-world
designs with a broad range of modeling operations, which
yields a substantial performance improvement, as shown by
comparing models (a) and (c) or (d) and (e).

Comparing models (a) and (b) isolates the effect of the
new textual annotations. The new annotations provide
clear gains in geometric accuracy and diversity, highlighting

the importance of annotations aligned with the underlying
design-history representation. We provide additional abla-
tion results in Sec. 6.

5. Conclusions
We introduced CADFS, a data-centric framework that en-
ables large vision-language models to generate complex
CAD design histories spanning a broad range of model-
ing operations. By leveraging a new FeatureScript-based
representation, a large-scale dataset of 450k real-world de-
signs, and representation-aligned textual annotations, our
approach overcomes the limitations of prior tokenized and
Python-based CAD workflows.

A VLM trained within this framework achieves state-of-
the-art performance in both text-conditioned generation and
multi-view reconstruction, producing more accurate, diverse,
and feature-rich CAD models than prior methods. Our abla-
tions confirm that each component of the framework — the
representation, the extended operation set, and the textual
annotations — contributes substantially to these gains.

Our FeatureScript reconstruction pipeline can be used
directly to scale the dataset to newly added designs in the
Onshape library. Overall, CADFS significantly broadens
the complexity and fidelity achievable in generative CAD,
opening the door to models capable of producing realistic,
editable designs aligned with real engineering practice.
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