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Abstract

Computer Aided Design (CAD) is indispensable
across various industries. Text-based CAD editing,
which automates the modification of CAD models
based on textual instructions, holds great poten-
tial but remains underexplored. Existing methods
primarily focus on design variation generation or
text-based CAD generation, either lacking support
for text-based control or neglecting existing CAD
models as constraints. We introduce CAD-Editor,
the first framework for text-based CAD editing.
To address the challenge of demanding triplet
data with accurate correspondence for training,
we propose an automated data synthesis pipeline.
This pipeline utilizes design variation models to
generate pairs of original and edited CAD mod-
els and employs Large Vision-Language Models
(LVLMs) to summarize their differences into edit-
ing instructions. To tackle the composite nature
of text-based CAD editing, we propose a locate-
then-infill framework that decomposes the task
into two focused sub-tasks: locating regions re-
quiring modification and infilling these regions
with appropriate edits. Large Language Models
(LLMs) serve as the backbone for both sub-tasks,
leveraging their capabilities in natural language
understanding and CAD knowledge. Experiments
show that CAD-Editor achieves superior perfor-
mance both quantitatively and qualitatively. The
code is available at https://github.com/
microsoft/CAD-Editor.
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1. Introduction

In the modern digital era, Computer-Aided Design (CAD)
has become indispensable across industries. Most modern
CAD tools follow the Sketch-and-Extrude (SE) Opera-
tions paradigm (Shahin, 2008; Camba et al., 2016), where
designers sketch 2D curves to define the outer and inner
boundaries of profiles, extrude them into 3D shapes, and
combine these shapes to create complex models.

CAD model creation is an iterative process, where an initial
draft undergoes multiple modifications until it aligns with
user requirements. Natural language plays a crucial role
throughout this process, serving as a key medium of com-
munication. For non-experts, it offers the most intuitive way
to express their needs, while for professionals, it enables
fast, detailed, and precise instructions. Consequently, a sys-
tem capable of automatically editing CAD models based
on textual instructions — known as text-based CAD edit-
ing (Figure 1) — has the potential to revolutionize the entire
CAD design workflow. Such a system could significantly
accelerate the development of CAD models and empower a
broader range of individuals, especially those with limited
design expertise, to create CAD models more effectively.

While important, text-based CAD editing receives limited
attention. Some studies explore design variation generation,
where new CAD models are generated by randomly alter-
ing components of an existing model (Wu et al., 2021; Xu
et al., 2022; 2023; Zhang et al., 2024b). However, these ap-
proaches lack support for text-based control over the appear-
ance of the generated CAD models, limiting their practical
usability. Another line of research makes initial attempts
at text-based CAD generation, focusing on generating new
CAD models directly from textual descriptions (Khan et al.,
2024b; Li et al., 2024). Nonetheless, these methods do not
incorporate an existing CAD model as input, which pre-
vents them from leveraging the original design’s context
and constraints.

Text-based CAD editing presents several distinct challenges.
First, training for this task requires triplet data with accu-
rate correspondence among an original CAD model, an
editing instruction, and an edited CAD model. However,
such data does not naturally exist, and manually collection
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Figure 1. Text-based CAD editing achieved by CAD-Editor. Each sub-figure shows the editing instruction at the top, the original CAD
model on the left, and the edited CAD model on the right. The rendered image is shown for better comprehension. The actual editing
occurs on sketch-and-extrusion (SE) operations of a CAD model to provide editability and reusability.

is both costly and difficult to scale. Second, text-based CAD
editing is inherently a composite problem. It demands a com-
prehensive understanding of diverse textual instructions and
geometric concepts, the ability to locate the corresponding
parts within the intricate structure of the CAD’s SE opera-
tions, and the capability to generate concrete modifications
to these SE operations.

In this work, we introduce CAD-Editor, the first frame-
work for text-based CAD editing. We frame the task as a
sequence-to-sequence (seq2seq) generation problem, where
the input combines an editing instruction and the sequence
representation of the original CAD model, and the output
is the sequence of the edited CAD model (Figure 2). To
address the need for triplet data with accurate correspon-
dence, we propose an automated data synthesis pipeline
that leverages existing design variation models and Large
Vision-Language Models (LVLMs) (Figure 3). Starting
from an existing CAD model, design variation models gen-
erate edited CAD models by randomly altering parts while
keeping others unchanged, producing pairs of original and
edited CAD models. LVLMs then summarize the differ-
ences between these CAD models into editing instructions,
resulting in triplets with strong correspondence. To tackle
the composite nature of text-based CAD editing, we de-
compose the task into specialized sub-tasks: locating and
infilling, each addressing a specific aspect of the editing
process (Figure 4). For both sub-tasks, Large Language
Models (LLMs) serve as the backbone, leveraging their
strong natural language understanding capabilities and ba-
sic CAD-related knowledge, including SE operations and
geometric concepts (Makatura et al., 2023). In the locat-
ing stage, LLMs identify regions requiring modification by
generating a masked CAD sequence, where special tokens
<mask> indicate the regions to be modified. In the infilling
stage, LLMs generate appropriate edits for these masked
regions, using the masked CAD sequence from the locating
stage as context.

The contributions of this work are summarized as follows:

* We introduce a new task, text-based CAD editing, en-
abling precise edits through textual instructions to bet-

ter align with real-world user needs.

* We propose an automated data synthesis pipeline that
combines design variation models and LVLMs to gen-
erate triplet data with accurate correspondence, ad-
dressing a critical challenge in training.

* We develop a locate-then-infill framework that decom-
poses the task into focused sub-tasks, and leverage
LLMs as the backbone, effectively handling the com-
posite nature of text-based CAD editing.

* We conduct extensive experiments, demonstrating that
our approach outperforms baselines in generation va-
lidity, text-CAD alignment, and overall quality.

2. Related Works

CAD Generation. Parametric CAD (Shahin, 2008; Camba
et al., 2016), defined by its sketch-and-extrude operations,
is central to mechanical design due to its ability to retain
modeling history, which facilitates both editing and manu-
facturing. Recent large-scale CAD datasets (Wu et al., 2021)
have fueled the development of generative models. Wu et al.
(2021) explored unconditional generation, where a random
latent vector is used as input to generate CAD models. Xu
et al. (2022; 2023); Zhang et al. (2024b) focused on design
variation generation, which randomly modifies specific part
of an existing CAD model. Recently, Khan et al. (2024a);
Li et al. (2024) studied text-based CAD generation, which
transforms textual descriptions into CAD models. Our work
differs in two key aspects. First, we target a distinct task,
unlike prior work, which either lacks text-based control (Wu
et al., 2021; Xu et al., 2022; 2023; Zhang et al., 2024b)
or disregards existing CAD models as constraints (Khan
et al., 2024a; Li et al., 2024). Second, we introduce a novel
locate-then-infill framework based on LLMs to handle the
composite nature of text-based CAD editing. Previous ap-
proaches either rely on VAE-based (Wu et al., 2021; Xu
et al., 2022; 2023) or transformer-based (Khan et al., 2024a;
Li et al., 2024) architectures, or apply LLMs without ac-
counting for task-specific needs (Zhang et al., 2024b).

Large Language Models (LLMs). Recently, LLMs like
GPT (Achiam et al., 2023; OpenAl, 2023) and LLaMA (Tou-
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Figure 2. Left: Example input and output for CAD-Editor. The input combines the original CAD sequence with the editing instruction,
and the output is the edited CAD sequence. The speci ¢ CAD sequence is shortened to "[Original (or Edited) CAD Sequence]' to save
spaceRight: An illustration for a speci ¢ CAD sequence and its rendered CAD model.

vron et al., 2023) have distinguished themselves frongenerate€.qi as output, i.e.Cegit = f (1 ; Gorig) -

smaller models, particularly through advanced prompt\-Ne formulate text-based CAD editing as a sequence-to-

ing (Brown et al., 2020; Wei et al., 2022b; Kojima et al., : . .
2022) or ne-tuning methods (Wei et al., 2022a) BeyondSequence (_squ_seq) generatlon problem. To achieve this,
y ) both the editing instruction and the CAD models are rep-

excelling in naturel language processing (Yue etal., 2024fesented as sequences of textual tokens. The editing in-
Zhan et al., 2025; Zhao et al., 2025), LLMs have trans- . .
structionl naturally consists of textual tokens. For the

form generative tasks in other domains, e.g. motion genejx A _
ation (Zhang et al., 2024a) and material generation (GruE;'AD ModelsCoig andCear, we adopt the sequence format

ver et al., 2024). These advancements inspire us to adohr}srgsmcg%%y Zhat’ﬁg et ?I' fzgz 4b), wh|c_h albst:jactst all pf'ml'
LLMs as the backbone for subtasks in our locate-then-in Il perations, Inciuding numerical and categorica
framework. Moreover, LLMs and LVLMs are increasingly parameters, into textual tokens (Figure 2).

utilized for data synthesis to enhance training (Xu et al.Jo address the need for training data with good corre-
2024; Yu et al., 2024). Speci cally, Khan et al. (2024b) spondence amony, Gyig, and Gygir, denoted aD =
leverage LLMs/LVLMs to synthesize data for text-basedf (I ; Corig; Ceai)@}) (WhereN is the data size), we introduce
CAD generation. However, our task of text-based CADan automated data synthesis pipeline (Section 4). First, we
editing presents distinct challenges. First, unlike Khan et abbtain Gt from Gyig by leveraging existing design varia-
(2024a), who generates two-tuple data (a text prompt and ion models (Xu et al., 2023) to randomly modify certain
CAD model), our task involves creating triplet data: an edit-parts of the original CAD model while keeping others un-
ing instruction, an original CAD model, and an edited CAD changed. Next, we generate the correspontliby utilizing
model. We address this by combining design variation modtVLMs to summarize the differences between the paired
els with LLMs/LVLMs. Second, while Khan et al. (2024a) CAD models. Finally, we assemble these components into
focus on captioning single CAD models, our task requiredriplets.

summarizing differences between two CAD models. We

handle this by introducing a stepwise captioning strategy. Based on seq2seq formulation and triplet-correspondence

dataset, we propose a locate-then-in Il framework to tackle
Text-based Editing in Other Domains. Text-based editing the composite nature of text-based CAD editing (Section 5).
has been widely explored across various domains, e.g., 3Bpeci cally, we decompose the problem into two focused
editing (Mikaeili et al., 2023), image editing (Meng et al., sub-tasks: locating and in lling, each handling a more
2021; Brooks et al., 2023), and video editing (Chai et al. manageable aspect of the overall problem. In the locat-
2023; Ceylan et al., 2023). It enables users to specify anthg stage, we predict a masked CAD sequeGggk by
modify particular objects or attributes with precision andinserting speciakmask> tokens intaCig, indicating the re-
exibility. Inspired by these advancements, we introducegions that require modi cation, i.€Gnask= fiocatd! ; Gorig) -
text-based editing in the CAD domain for the rst time. In the in lling stage, We generat€gi; by lling in pre-
cise modi cations within the masked regions, i.€4it =
3. Approach Overview Finn (1 Gorigs Cmask).. In bo.th stages, LLMs serves as the
backbone, leveraging their natural lauguage understanding
Let! denotes the editing instructioByig the original CAD  and CAD knowledge acquired during the pre-training.
model andGgit the edited CAD model. Here, the CAD
model is represented using Sketch-and-Extrude (_SE) operg- Automated Data Synthesis Pipeline
tions, as this representation preserves the modeling history,
making it easier to edit. The goal of text-based CAD editingFigure 3 illustrates our data synthesis pipeline, comprising
is to learn a functiorii that taked andGig as inputs and three key steps introduced below.
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Figure 3. lllustration of automated data synthesis pipeline.

Paired CAD Models Generation. In this step, we create model pair, we follow these steps: 1) describing each CAD
paired CAD modelsCyig and G, by starting with an ex- model — this involves analyzing geometric properties such as
isting CAD model and applying design variation modelscomponent types, quantities, sizes, and spatial relationships;
to create its variations. We source CAD models from the?) identifying differences — using the detailed descriptions
DeepCAD dataset (Wu et al., 2021) and use Hnc-CAD (Xufrom the previous step alongside CAD models, this stage
et al., 2023) as our design variation mddebiven an ex-  extracts the necessary modi cations between CAD models;
isting CAD modelG, we use Hnc-CAD's auto-completion and 3) compressing instructions —the nal step re nes the

CAD models by: 1) treatings as the original and;
(k 2 [1;K]) as the edited CAD model; 2) reversing the
rCo'IAeDs ’;33:;9:23% uassintg?v\?:gg:égtfg va:rit:éée(;’t]?jd second step into triplets, constructing the training dataset
G, (ki;k2 2 [1;K]; ks 6 ko), as the original and edited D = f( ; Gorig; Cean) 0 - Note that the visual modality is

2 ’ 1 ’ 1

. .. only used in the second stage to generate diverse editing
CAD models. This approach captures common CAD edltmginstructions. In the nal dataset, all CAD models are rep-

operations, including addition, deletion, and replacement. resented as SE operations, aligning with the focus of this
Editing Instruction Generation. In this step, we generate work — text-based CAD editing in the SE domain.
editing instructionsl| , by summarizing the difference be-

tweenGyig andCegie using LVLMs. To ensure both diversity 5. Locate-then-In Il Eramework
and accuracy, we introduce two key techniques.

Assembling. Finally, we assemble CAD pair&{;ig and
Ceait) from the rst step and editing instructiom § from the

First we represent CAD models multiple modalities Figure 4 illustrates our framework. We decompose text-
’ P P Pased CAD editing by explicitly introducing a masked CAD

the visual and sequence modalities. The intuition is thaSe UeNC&Cinae to indicate potential modi cation regions:
high-level structural changes (e.g., changing a cylinder to a q asko P 9 '

cube) are more easily observed in the visual modality, while .

low-level numerical changes (e.g., doubling the height) are P (Cedit ] Corig; 1) 1)
better captured in the sequence modality. Additionally, the P (Gnask] Corigi 1) P (Cedit] Corigi | 3 Gnasi);
sequence modality provides a detailed representation of all

operations, ensuring that no information is lost. In ourimplewhereP ( ) denotes the probability. HerBy(Graski Corig: 1)

mentation, we use rendered images for the visual modalityepresents locating stage, whité it j Corig; | ; Gnasi) cOr-
and SE operations for the sequence modality. responds to the in lling stage.

Second, we proposestepwise captioning stratedgy break _
down the complex task of difference summarization into®-1. Locating Stage

three sub-tasks, enha.ncing.generation quality of LVLMSthis stage aims to generate a masked CAD sequ€hgs.
For each representation (visual or sequence) of a CAQ}here regions requiring modi cation are marked by special

'We choose Hnc-CAD for its well-developed open-source im-tokens<mask> while unchanged parts are copied from
plementation. Other design variation models (Xu et al., 2022the original CAD sequenc€,g. We adopt LLMs as the
Zhang et al., 2024b) are also applicable. backbone and autoregressively predict tokenGigy using
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Figure 4. (a)-(b): Overview of Locate-then-In Il framework(c): Examples of input and output, where the left column shows abstracted
representations using legends, the middle column displays concrete sequences and the right column presents rendered visual objects.

Gorig and the editing instructioh as context: we strive to ensure high-quality synthetic data, achieving
absolute accuracy is impossible. To further improve perfor-
mance, we introduce selective dataseturated with human

P (Grask] Corigi 1) = P(Cnask] Corigi | i Grasd: (@) annotations. Rather than having human annotators create
t=1 editing instructions or CAD models from scratch, we adopt
whereT is the sequence length. a more ef cient approach — inviting them to select the

best option from generated candidates. This signi cantly
Creating Ground-Truth Masked CAD Sequence viaLCS.  reduces human effort and accelerates dataset construction.
To netune LLMs for the locating task, we require ground- Speci cally, we rst ne-tune LLMs on synthetic data and
truth masked CAD sequences, denote@@saskas SUPer-  yse them to generate multiple edited CAD sequences. These
vision signals. We obtain them using thengest Common  sequences are then rendered into visual objects, and hu-

Subsequenc@ CS) algorithm. LetCyig = fc';:::;¢"g  man annotators select the best one. The chosen sequence,
andCegi = f€;:::; €' g denote the tokenized original and ajong with its corresponding original CAD model and tex-
edited CAD sequences respectively. The LCS algorithmyg| instruction, is added to the selective dataset. Finally, we
computes the longest subsequefitgs = fc*;:::;¢*g  further ne-tune LLMs using this selective dataset.
suchthaGcs C oigandGes C edity Where the indices

i1;i2;::17 ik represent the positions of matching tokens ing g Training and Inference

Gorig- Using G cs, we construcCyt-maskas follows: 1) for

each tokert 2 Corig, if ¢ 2 Ccs, retainc in Cyt-maskand if Training. In the locating stage, we ne-tune LLMs us-

¢ 2 C_cs, replacec with the placeholder tokeamask>;  ing Low-Rank Adapters (LoRA) (Hu et al., 2022) with the

2) for tokens inCuqit that do not appear i, cs (representing ~ ground-truth masked CAD sequence constructed via LCS.

insertions), insekmask> tokens at the corresponding posi- For the in lling stage, we rst ne-tune LLMs using LORA

tions in Cytmask 3) consecutivecmask> tokens are merged with the synthetic dataset introduced in Section 4. We then

into a single<mask> token for simplicity. further re ne the model by ne-tuning it with LORA on the
selective dataset introduced in Section 5.2.

5.2.In lling Stage Inference. During inference, the locating and the in lling

This stage focuses on generating the nal edited sequenciiag€ operates sequentially. The locating stage generates
Goait by precisely lling in the masked regions while preserv- CmaskUsingGorig and! as input. The in lling stage generates
ing the unmodi ed parts. We employ LLMs as the backbone Cedit PY USINgGrasfrom the locating stage along withyig
autoregressively predicting tokensQgi; usingGnascfrom ~ @nd!l as input.
the locating stage along with,ig andl as inputs:

6. Experiments

P (Cedit | Gnask Corigs | ) 3) .
6.1. Experimental Setup
= P(c'j Grask Gorig; | ;€™ ): Datasets.We use the DeepCAD dataset (Wu et al., 2021)
t=1 which contains 178k CAD models. We split it into 90%

_ _ _ training, 5% validation, and 5% testing segments. We fol-
Improving Performance with Selective Data.To ne-tune  |ow the same strategy in existing work (Xu et al., 2022;

LLMs for the in lling task, we use the datasé synthe-  2023) to remove duplication. For the synthetic dataset used
sized through the pipeline introduced in Section 4. While

5
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Figure 5.Qualitative results from CAD-Editor, GPT-40-Basic and GPT-40-IC .

for training, we generate 120k examples using the metho@8asic which provides only an explanation of CAD opera-
introduced in Section 4. For the test set, we randomly santion sequences; and BPT-40-IC: which includes three
ple 2k examples from the original test segment, generate thim-context (IC) examples retrieved based on cosine simi-
initial version following Section 4, and manually examine larity between editing instructions, in addition to the basic
them to ensure the correctness. To compare the performanegplanation. Notably, existing CAD design variation mod-
of different methods, we generate 5 outputs for each exanels and text-based CAD generation models do not support
ple in the test set, yielding 10k CAD models for evaluation.text-based CAD editing. We include them as baselines to
show that our model can generate CAD models with com-
parable or superior validity and quality while addressing a
ar_nore complex task.

Implementation Details. During data synthesis, GPT-40
is utilized for the visual modality, while LLaMA-3-70B han-
dles the sequence modality. For training, we adopt Llam
3-8B-Instruct as the backbone model, ne-tuning it over .

70 epochs using PyTorch's Distributed Data Parallel (DDP)6'2' Metrics
framework on 4 NVIDIA A800-80GB SMX GPUs. The As this work is the rst to address text-based CAD editing,
initial Iearning rate is set to 1e-4 with a maximum token we propose eva|uating the task from three key aspects.

length of 1024. We employ LoRA with a rank of 32. During

the inference, we set the temperature as 0.9 and top-p as 0§ Validity. The generated CAD sequence must be valid,
to generate varied results in each trial. that is, it can be successfully parsed and rendered into a 3D

visual object. We denote this &galid Ratio (VR).
Baselines. We compare our results with three types of

baselines: 1) design variation generation models, including: >
SkexGen(Xu et al., 2022)Hnc-CAD (Xu et al., 2023) UC and similar to ground-truth CAD models. To measure
andFlexCAD (Zhang et al., 2024b); 2) text-based CAD IS, we adopt théensen-Shannon Divergence (JSDjom
generation models such #xt2CAD (Khan et al., 2024a) Prior work (Wu et al., 2021; Xu et al., 2022; 2023). JSD
and 3) foundation models that are not speci cally designeoqua”t' es the 'S|m|Iar|ty between two probablllty.dlstrlbu—
for CAD generation but have acquired some CAD know-ions évaluating how often the ground-truth point clouds
edge during pre-training. For the third category, we selecPCCUPY similar positions as the generated point clouds.
one of the most powerful foundation models, GPT-40, ag3) Edit Consistency The generated edits should faith-
our baseline. We use two prompting strategiesGB)l-40-  fully re ect the provided textual instructions. We assess

§2) Realism The generated CAD models should be realis-



CAD-Editor

Figure 6. Additional results from CAD-Editor with various editing instructions . In each sub- gure, the left image shows the original
CAD model, the right image displays the edited CAD model and the text below provides the editing instruction.

Figure 7.CAD-Editor can deal with parametric instructions, including explicit numeric expressions and implicit parametric cues.

nsisten t both th int cl nd im levels: . .
consistency at bo € point cloud and image levels Table 1. Quantitative evaluations. SkexGen, Hnc-CAD, FlexCAD

Point Cloud LevelWe use theChamfer Distance (CD)  and Text2CAD do not support text-based editing, so only their
as a reconstruction metric as used in (Khan et al., 2024lgeneration quality is compared. JSD, CD, and D-CLIP values are
to evaluate geometric alignment between the edited angcaled byl0”. " the higher the bettet: the lower the better.
ground-truth CAD model pairs. While CD captures shape
similarity, it may not fully re ect semantic consistency, as  method VR" JSD# CD# D-CLIP" H-Eval"
the goal of editing is not exact replication but meaningful

transformation aligned with the instruction. SkexGen 743 194 - - .
o Hnc-CAD 77.4 177 - - -
Cll_rlr;)e)lg]? Le\;ﬁl.\(ve adapél;:llrecgonal_CIEéP ISctorcla (5(;22 FlexCAD 821 172 ) i )
rom the image editing domain (Gal et al., ;
Brooks et al., 2023) as the metric. Building upon CLIP Tex12CAD 818 239 19
score (Radford et al., 2021; Sohn et al., 2023), D-CLIP GPT-40-Basic 632 110 230 -1.08 7.22
evaluates how well the change between the image for the GpT-40-I1C 845 070 155 -0.11 15.6
edited CAD model and the image for the original CAD cap-Editor  95.6 065  1.18 0.11 432
model aligns with the editing instruction:
| T .
D-CLIP= —————; (4) 6.3. Main Results
T
Quantitative Evaluation. Table 1 reports the average
: . scores across 3 runs. Notably, CAD-Editor achieves a high
T =E7 (tea) Et (torig)s | = Ej (ieai) Ei (iorig) ; Y g

Valid Ratio of 95.6%, signi cantly surpassing other meth-
ods and indicating a greater proportion of valid and high-
whereE, andE+t are CLIP's image and text encoders, re-quality CAD generations. In terms of CD and D-CLIP,
spectively.torig iS a neutral text (e.g.,“This is a 3D shape.”), which measure alignment with editing instructions, CAD-
tedit IS the concatenation @f,ig and the textual instruction. Editor achieves scores of 1.18 and 0.11 respectively, repre-
iedit andiorig are the images for the edited and original CAD senting substantial improvements over both GPT-40-Basic
model, respectively. and GPT-40-IC. These results underscore CAD-Editor's ef-
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Figure 9.Given the same CAD model and instruction, CAD-Editor
Figure 8.Given one CAD model and various instructions, CAD- produces diverse outcomes.
Editor produces different outcomes.

Table 2.Ablation studies. The CAD-Editor-mini is trained on a
fectiveness in adhering to user instructions. Additionallysmall set with 10k examples.
CAD-Editor outperforms all baselines on the point cloud
evaluation metric JSD, demonstrating good generation qual-

ity. Overall, the results indicate that CAD-Editor not only Method VR® JSb# cb# DctP
enable precise text-based CAD editing, which better align- CAD-Editor-miniw/ Basic 88.8  0.78  1.25 -0.12
ment with user instructions, but also achieve higher validity caDp-Editor-miniw/Step  90.1 070  1.22 -0.07
and better quality of the generated CAD designs. , _

CAD-Editor w/ Direct 86.1 077 1.26 -0.19
Quialitative Evaluation. In Figure 5, we qualitatively com-  cap-Editor w/ LI 965 067 113 0.03
pare our method with GPT-40-Basic and GPT-40-IC. We ~ap editorw/ L& HS 956 065  1.18 011

observe that GPT-40-Basic often generates irrelevant edits
(case 6), unrealistic shapes (case 3), or fails to make any
changes (cases 1 ,4 and 7). Additionally, it struggles with

distinguishing shape types (case 2) and locating Speci Gnogels from the full set of generated results. Each pair of
positions (case 5). It performs better with dynamic few-shoty jginal CAD model and edited CAD model was indepen-
prompting (i.e., GPT-40-IC), highlighting the high quality gently rated by ve crowd workers. For each pair, a score of
of our synthetic data. GPT-40-IC can detect speci ¢ shapeg js assigned if the generated data is deemed successful, and
reasonably well but still struggles with precise localization oiherwise. Success is de ned by two criteria: alignment
(case 2 and 4) and object count (case 8). In contrast, OWfih the text and suf ciently high visual quality. The results,
model successfully executes many challenging edits, ifgenoted ai-Eval, are presented in Table 1. CAD-Editor
cluding modifying sizes, shapes, and positions, as well a§iherforms baselines, indicating that crowd workers fre-
replacing, adding, and removing objects. quently found CAD models generated by baselines to be

Besides, we present more results from CAD-Editor. Figmisaligned with the instructions or of lower quality, whereas
ure 6 shows how CAD-Editor handles a variety of editingour method demonstrated superior performance.
instructions and different CAD models. Figure 7 shows

that CAD-Editor has the ability to interpret parameterized6.4. Ablation Studies

instructions, including explicit numeric expressions such asStepwise Captioning StrategyAs introduced in Section 4

“add a 44-unit diameter circular hole” and implicit paramet- X ol
: o . \ . L we propose a stepwise captioning strategy to decompose the
ric cues like “reduce the cylinder's height by half”. Figure 8 . Lo :
complex task of generating editing instructions. To evaluate

illustrates that, given the same original CAD model, CAD-. : .
; . . S . its effectiveness, we conduct an experiment where LVLMs
Editor applies different modi cations based on the provided . . NN .
are directly queried to generate editing instructions, denoted

gdm_ng mstrucu_ons. Figure 9 shqws that when the .letésCAD—Editorw/ Basic. Our approach, which incorporates
ing instruction is vague, CAD-Editor generates multiple

CAD models, all aligning with the user's intent. Figure 10 gsg\{[vcl)sreeggsilgen::nogr;sltsr;(iar]:(testr(\:;vcjetzfgDe;IrEedtIEZarsvt\e//rﬁttaTE(.) ds on
highlights the iterative editing capability of CAD-Editor, ' P

) " a subset of 10k examples. Table 2 shows results. CAD-
allowing users to re ne a CAD model through successive_ . : )
. - . ) . . Editor w/ Step outperforms CAD-Editor w/ Basic across all
instructions until a satisfactory result is achieved.

metrics, highlighting the importance of stepwise captioning
Human Evaluation. We randomly sampled 2,000 CAD strategy in ensuring accurate editing instruction generation.

8
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Figure 10.Apply CAD-Editor iteratively to edit a CAD model until it meets user requirements.

Locate-then-In Il Framework. Our approach consists of Editor outperforms other methods. In the future, we aim to
two stages: the locating and in lling stages, each focused&nhance our data synthesis pipeline to make it more cost-
on a specialized sub-task of text-based CAD editing. Aeffective and ef cient. We also plan to develop an advanced
more straightforward approach would be to treat the taskenchmark that better re ects practical user scenarios.

as a whole, without decomposing it, and directly ne-tune
LLMs. We refer to this a&AD-Editor w/ Direct and com-
pare it with our methodCAD-Editor w/L-I . As shown in
Table 2, CAD-Editor w/L-I outperforms CAD-Editor w/ Di- We thank Ruiyu Wang for his assistance in conducting one
rect, showing the effectiveness of our two-stage approach inf the baseline experiments. We also appreciate the con-
addressing the composite nature of text-based CAD editingtructive comments from the anonymous reviewers.
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Selective Datasetln Section 5.2, we propose improving the
performance of the in lling stage with selective data curatedlmpact Statement

with human annotation. We conduct experiments both WithThis work presents a novel task: text-based CAD editing

or without such human selection, denote -Editor along with an automated data annotation pipeline and a
w/ L-1 & HS andCAD-Editor w/ L-I . Table 2 shows that 9 \ : PIpelin
locate-then-in Il framework to effectively address it. By

this strategy results in the greatest improvement in bOthstreamIining the CAD model development process, our ap-

JSD and D-CLIP scores, demonstrating its effectiveness . . :
roach has the potential to signi cantly accelerate design

n enha_ncmg generatlo_n quality and better aligning ec]“tmd/avork ows and make CAD modeling more accessible to a
instructions with the edited CAD model. : . R :
broader audience, especially those with limited design ex-
o pertise. Rather than replacing human designers, our goal
7. Limitation is to augment creativity and productivity, empowering in-
dividuals to bring their ideas to life more ef ciently and

While CAD-Editor shows promising results, it has limita- .
effectively.

tions. First, its data synthesis pipeline relies on LVLMs,
which are costly and struggle with processing multiple im-_
ages simultaneously. Second, as an LLM-based system, itthics Statement

faces challenges with long contexts and generating extendeHm data used in this work is tailored for creating and modi-

sequences, limiting _its ability to handle_ highly complex fying CAD models. Due to its specialized nature, the mis-
CAD models and their corresponding edits. use risk is naturally minimized, ensuring that the developed

) methods primarily bene t design and engineering tasks.
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