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Abstract001

Computer-Aided Design (CAD) systems are002
indispensable in mechanical engineering and003
product development processes. Nowadays,004
text-to-CAD methods can significantly reduce005
the learning cost of complex CAD systems006
and has attracted increasing attention. How-007
ever, such methods fail to achieve alignment008
among user expectations, textual descriptions009
and CAD models. To address this limita-010
tion, we propose a new paradigm, “Proac-011
tive Text-to-CAD Generation”, which first em-012
ploys large language models to proactively013
elicit and formulate text enriched with com-014
prehensive CAD design details, then generates015
CAD models from these refined descriptions.016
To support this paradigm, we construct the017
first actively interactive text-to-CAD dataset,018
Proactive-Text2CAD, which contains 4,590019
high-quality dialogues. Moreover, building020
upon this dataset, we propose a novel agen-021
tic framework for this task, named “Proac-022
tive Agent”, which is driven by a hierarchi-023
cal finite state machine accompanying with024
three carefully designed modules. Exten-025
sive evaluation and comprehensive analysis026
on the Proactive-Text2CAD dataset demon-027
strate the effectiveness of both our proposed028
paradigm and agentic framework, with our029
method achieving significant improvements in030
both textual detail refinement and final CAD031
model generation quality.032

1 Introduction033

Computer-Aided Design (CAD) systems serve as034

fundamental tools in mechanical engineering and035

product development, revolutionizing prototyping036

methodologies (Robertson and Allen, 1993). In tra-037

ditional CAD software (e.g., Autodesk, FreeCAD,038

SolidWorks and Onshape), users create and modify039

geometric entities and constraints through graphi-040

cal user interfaces (GUIs). However, this requires041

considerable expertise and proficiency, which can042

CAD Model

Create the first part of the CAD 

model..... Begin by establishing 

a new coordinate system using 

Euler angles of (0.0, 0.0, -90.0) 

and a translation vector of ( 0.0, 

0.1125, 0.0). 

Sketch the 2D profile on the X-

Y plane, consisting of six loops. 

Loop 1: ..... Loops 2 to 6 are 

individual circles: ..... Then, 

extrude the scaled sketch along

..... The final 3D model is.....

Create the first part of the CAD model — a three-dimensional, 

symmetrical, metallic component with a central circular hole and 

four evenly spaced rounded arms, each featuring a smaller 

circular hole at the end. The shape resembles a four-lobed 

mechanical connector or a stylized cross, viewed from above.

(a) Conventional text-to-CAD generation 

(b) Proactive text-to-CAD generation
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Figure 1: The conventional Text-to-CAD generation
way versus our proposed proactive text-to-CAD genera-
tion way.

be challenging for non-specialists to master (Deng 043

et al., 2024; Zhou and Camba, 2025). 044

To address this challenge, integrating natural 045

language input with CAD systems through highly 046

capable large language models (LLMs), which are 047

excel at interpreting and synthesizing structured 048

data such as command sequences, streamlines para- 049

metric CAD generation. Recently, numerous stud- 050

ies have been devoted to this topic, such as Nel- 051

son et al. (2023); Khan et al. (2024b); Li et al. 052

(2024b); Kapsalis (2024); Li et al. (2025); Zhang 053

et al. (2025); Xie and Ju (2025). Such a text-to- 054

CAD generation paradigm can definitely minimize 055

the need for users to directly interact with complex 056

GUIs, significantly lowering the barrier to CAD 057

modeling (Zhou and Camba, 2025). 058

However, such a paradigm is not without its 059

flaws, particularly in achieving alignment among 060

user expectations, textual descriptions and CAD 061

models. In detail, current text-to-CAD meth- 062
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ods (Nelson et al., 2023; Khan et al., 2024b; Li063

et al., 2024b; Kapsalis, 2024; Badagabettu et al.,064

2024; Li et al., 2025; Zhang et al., 2025) can ef-065

fectively handle the alignment between textual de-066

scriptions and CAD models, but they struggle to067

maintain satisfactory alignment when dealing with068

vague or abstract textual inputs. Some compelling069

experimental results (Khan et al., 2024b) also re-070

veal that as textual descriptions become more ab-071

stract, the accuracy and precision of generated072

CAD models deteriorate significantly. This chal-073

lenge is particularly pronounced because novices074

and non-specialists tend to provide high-level de-075

scriptions of model appearance rather than detailed076

parametric specifications. Moreover, even experi-077

enced CAD engineers find it difficult to produce078

text descriptions that are both sufficiently detailed079

and compliant with CAD generation principles080

without the aid of a visual interface. In short,081

merely relying on user-input text descriptions can-082

not bridge the gap between user intent and the final083

CAD model.084

To fill this gap, we propose proactive text-to-085

CAD generation (shown in Figure 1). Such a086

way actively engages users in iterative question-087

ing to seek missing CAD design details in the ini-088

tial user provided textual description. By refin-089

ing incomplete parametric specifications and en-090

hancing the text’s descriptive quality through this091

dialogue-driven process, the framework ensures092

higher-quality input before final CAD generation.093

To achieve proactive text-to-CAD generation, we094

make the following efforts in this paper:095

First, we build the first actively interactive text-096

to-CAD dataset, Proactive-Text2CAD. Our goal097

is to integrate the incomplete user-provided CAD098

text descriptions with a proactive information-099

seeking dialogue, enabling the agent to ask tar-100

geted questions actively when encountering miss-101

ing or unclear CAD parameters. To achieve that,102

based on Text2CAD’s expert-level text annotation103

dataset and CAD dataset (Khan et al., 2024b), we104

further involve two key phases: (1) User initial105

query generation and (2) Proactive dialogues gen-106

eration. Through such a dataset construction pro-107

cess, we obtain 4,590 high-quality dialogues, each108

containing an incomplete metadata entry and an109

active dialogue, totaling around 28,110 question-110

answer pairs. Building upon our dataset, we further111

establish a family of strong and representative base-112

lines, which can be roughly categorized into three113

type (Deng et al., 2025): (1) Standard Prompting,114

like Proactive Prompting (Deng et al., 2023); (2) 115

CoT Prompting, like ProCoT (Deng et al., 2023) 116

and PS+ Prompting(Wang et al., 2023), and (3) 117

Multi-agent Prompting, like MACRS (Fang et al., 118

2024). 119

Second, we propose a novel agentic framework 120

for this task, named “Proactive Agent”. In detail, 121

through experiments, we find that current proac- 122

tive methods, like ProCoT, PS+ Prompting and 123

MACRS, underperform in refining textual descrip- 124

tions of CAD models, especially exhibiting signif- 125

icant limitations in comprehensively identifying 126

missing operational and parametric details in the 127

CAD model, due to the complex CAD topology. 128

For example, when the subtypes face and loop are 129

missing in the sketch type of the CAD model, since 130

loop is a subtype of face and a CAD model can con- 131

tain multiple faces, current baselines fail to proac- 132

tively ask the user for specific information about 133

the face first. To address this issue, we involve three 134

modules in the proposed agentic framework: strate- 135

gic, tactical, and operational modules. The strategic 136

module analyzes the current CAD design text at a 137

macro perspective, captures missing details, and 138

generates an agent workflow. The tactical and op- 139

erational modules each contain independent mod- 140

ules to address specific functions, decoupling the 141

complex workflow analysis and execution process. 142

To interconnect these three modules and enable 143

autonomous operation, we design a hierarchical 144

finite state machine (HFSM) that drives the reason- 145

ing logic from workflow generation to execution 146

through state transitions. 147

In summary, the contributions are as follows: 148

• We propose “Proactive Text-to-CAD Gener- 149

ation” paradigm that engages users in itera- 150

tive questioning to seek missing CAD design 151

details in the initial user provided textual de- 152

scription, then generates CAD models from 153

the refined textual descriptions. 154

• We construct Proactive-Text2CAD, the first 155

dataset for studying actively interactive text- 156

to-CAD generation, which contains around 157

4,500 high-quality dialogues. 158

• We present “Proactive Agent”, an innovative 159

agentic framework driven by a hierarchical 160

finite state machine accompanying with work- 161

flow generation, task dispatching, questioning, 162

and summarization functional modules. 163
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Expert Level CAD Instructions

Minimal JSON

CAD Design Information

parts

coordinate system Euler Angles Translation Vector

sketch face loop circle
Center

Radius

extrusion

extrude depth towards 
normal

sketch scale
extrude depth opposite 

normal

description length width height

assembly

Create the first part of the CAD model, a
symmetrical object with flat top and bottom
surfaces. The resulting part has a width of 0.017
and maintains symmetry along its central axis.

To properly orient the symmetrical part in 3D space, could 
you provide the Euler angles (i.e., the three rotation angles 
around the X-, Y-, and Z-axes) for its local coordinate system?

Create the first part of the CAD model, a symmetrical object 
with flat top and bottom surfaces. The resulting part has a 
width of 0.017 and maintains symmetry along its central axis.

For part 1, the Euler angles are (0.0°, 0.0°, –90.0°). The –90°
rotation about the Z-axis aligns the sketch plane correctly with 
the cylindrical feature, while maintaining consistency with the 
designated translation vector.

To fully position the symmetrical component, could you also 
specify the base point coordinates (the X, Y, Z values of the 
translation vector) that locate the center of the 0.017-meter-
wide shape relative to the global origin?

The translation vector applied to part 1 is [0.0, 0.017, 0.0]. This 
results in a vertical offset of 0.017 units along the Y-axis, with 
the X and Z coordinates remaining consistent with the base 
coordinate system, as defined in the design parameters.

.....

.....

CAD Initial Text Description

Missing Details

Simulated Dialogue & Proactive Dialogues GenerationUncertain Details and Incomplete Texts Formation

Figure 2: The whole process of Proactive-Text2CAD construction.

2 Proactive-Text2CAD Construction164

2.1 Dataset Construction165

Our objective is to combine incomplete user-166

provided initial CAD text descriptions with proac-167

tive information-seeking dialogue, enabling the168

agent to actively inquire when facing CAD parame-169

ter details that are missing or incomplete. As illus-170

trated in Figure 2, the dataset construction process171

consists of two key phases: (1) User Initial Query172

Generation; (2) Proactive Dialogues Generation.173

2.1.1 User Initial Query Generation174

At this stage, our task is to generate user initial175

query with uncertain detail missing, which are di-176

vided into four specific steps:177

First, through collecting the multi-level tex-178

tual description dataset of CAD constructed by179

Text2CAD and the minimal metadata dataset (min-180

imal json) (Wu et al., 2021a; Khan et al., 2024b),181

we generate an initial dataset containing precise182

geometric descriptions, text descriptions with rela-183

tive measurements, and concise representations of184

shape attributes and their relational properties in185

CAD designs.186

Next, based on the minimal metadata, we cate-187

gorize the details of CAD textual descriptions into188

six main types: component quantity, sketch, extru-189

sion, coordinate system, appearance description,190

and assembly method. Among these, the sketch,191

extrusion, coordinate system, and appearance de- 192

scription types further contain multiple subtypes 193

(e.g., subtypes of sketch: face, loop, line, etc.) 1. 194

Then, we omit certain CAD parameter type infor- 195

mation to create missing types. We subsequently 196

use Deepseek-R1 (DeepSeek-AI et al., 2025) to 197

rewrite the text descriptions based on the miss- 198

ing types, generating user initial query that lack 199

the missing category information, i.e., incomplete 200

texts2. 201

Finally, since there exists sequential relation- 202

ships among CAD operation types and dependency 203

relationships among parameter types, we employ 204

topological sorting to arrange the questioning or- 205

der of missing types according to the dependency 206

graph3. 207

2.1.2 Proactive Dialogues Generation 208

In this stage, our task is to generate the whole dia- 209

logue, which are divided into four specific steps: 210

First, we utilize DeepSeek-R1 (DeepSeek-AI 211

et al., 2025) to generate one question for each miss- 212

ing type to inquire about the details of the missing 213

information. These questions serve as the questions 214

posed by the system to the user. 215

Second, for each generated question, we retrieve 216

specific information about the missing types from 217

1Detailed type information is shown in Appendix A.2.1.
2The rewriting prompts are provided in Appendix A.3.1
3Specific information can be found in Appendix A.2.1
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the initial dataset, then use DeepSeek-R1 to gen-218

erate natural user responses based on this specific219

information4.220

Third, based on the generated initial user query,221

we sequentially arrange the generated question-222

answer pairs according to the order of missing223

types, thereby creating proactive dialogues between224

the system and users.225

Finally, three human reviewers are involved to226

verify whether: (1) the initial user queries contain227

all type information except for the missing types,228

(2) the questions cover all missing category details,229

and (3) the responses provide specific detailed in-230

formation. Additionally, for unnatural dialogues,231

we refine them into normal human speech patterns.232

The dataset construction achieves a 77.64% human233

evaluation pass rate, with Fleiss’ Kappa (Fleiss,234

1971) scores of 0.828, 0.786, and 0.807 across three235

dimensions5, confirming high inter-rater consen-236

sus.237

2.2 Dataset Statistics238

After data processing and filtering, we obtain239

4,590 samples, each containing an incomplete meta-240

data entry and an active dialogue, totaling around241

28,110 question-answer pairs. Due to the variable242

number of subtypes across different CAD mod-243

els and the inherent instability of category defini-244

tions, the dataset exhibits a naturally right-skewed245

asymmetric distribution. More details about dataset246

statistics are provided in Appendix A.2.3.247

2.3 Evaluation Protocols248

We employ both automated and human evaluation249

to assess our system.250

Automated evaluation metrics are defined at251

three levels: turn level, dialogue level, and252

CAD level. In detail, Clarification Accuracy,253

Rule-based Score, ROUGE-L (Lin, 2004) and254

BERTScore (Zhang et al., 2020) are used in turn255

level. Completion Rate and Effectiveness Rate are256

leveraged in dialogue level. Besides, Chamfer Dis-257

tance (CD) (Fan et al., 2016; Wu et al., 2021b) and258

Average Rank are used in CAD level.259

Human evaluation of user experience follows260

prior work (Chen et al., 2025a; Nielsen et al.,261

2012; Hartmann et al., 2008), measuring func-262

tion (Design Intent Consistency, Task Efficiency),263

4The prompts for simulating system questions and user
responses can be found in Appendix A.3.1

5Detailed inter-rater reliability information is presented in
Appendix A.2.4.

interaction (Guidance Effectiveness, Learnabil- 264

ity, Information Clarity), and emotional percep- 265

tions(Aesthetic/Stylistic Appeal, Interaction Expe- 266

rience Satisfaction). More details about evaluation 267

protocols could be found at Appendix A.6 and A.7. 268

3 Methodology 269

3.1 Overall Pipeline 270

To achieve proactive text-to-CAD generation, we 271

involve a pipeline with two parts, where Part 1 is 272

designed to proactively query users for missing 273

CAD design information and generate the final 274

CAD design text, and while Part 2 is configured 275

to employ a CAD Transformer for converting final 276

CAD design text into CAD models. Note that, we 277

only focus on Part 1 and build baselines and our 278

proposed method. As for Part 2, we leverage the 279

state-of-the-art method, Text2CAD (Khan et al., 280

2024b). 281

3.2 Baseline 282

We involve three type of baselines: (1) Standard 283

Prompting, (2) CoT Prompting and (3) Multi-agent 284

Prompting. 285

In detail, in standard prompting, we involve 286

Proactive Prompting (Deng et al., 2023) (short for 287

“Proactive” in the experiments), which can provide 288

the LLM with alternative options for determining 289

appropriate actions to take in responses. In CoT 290

prompting, besides the standard CoT (Wei et al., 291

2022), we further build ProCoT (Deng et al., 2023) 292

and PS+ Prompting (Wang et al., 2023) (short for 293

“PS+”), where ProCoT involves dynamic reason- 294

ing and planning to analyze subsequent actions for 295

achieving dialogue objectives, and PS+ is a two- 296

stage method that first generates both the reasoning 297

process and potential answers through logical in- 298

ference, then employs answer extraction prompts 299

to derive the final solution. Finally, in the multi- 300

agent prompting, we leverage MACRS (Fang et al., 301

2024) as the representative, which is a collaborative 302

multi-agent framework that integrates four LLM- 303

based agents to plan diverse dialogue behaviors, 304

employing a feedback-aware reflection mechanism 305

for agent adaptation. Note that, more details about 306

baselines can be found in Appendix A.5. 307

3.3 Proposed Method: Proactive Agent 308

Through experiments, we find that current baseline 309

methods perform poorly in refining CAD detail 310

texts and struggle to comprehensively and holis- 311
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Figure 3: Our proposed agentic framework: “Proactive
Agent”.

tically identify the missing operational and para-312

metric details in the current CAD model. To ad-313

dress the aforementioned issue, we propose a novel314

multi-agent framework named “Proactive Agent”315

(shown in Figure 3), which consists of strategic,316

tactical, and operational modules. To interconnect317

these three modules and enable autonomous opera-318

tion, we design a hierarchical finite state machine319

(HFSM) that drives the reasoning logic from work-320

flow generation to execution through state transi-321

tions.322

3.3.1 Strategic Module323

The strategic module (S0) analyzes the current324

CAD design text at a macro level, captures missing325

details, and generates an agent workflow. There are326

two key phase in this module.327

Specifically, first, the strategic module generate328

a topological sequence C of the workflow graph via329

a give LLMθ
6 , which can be denoted as330

C(V )← LLMθ(d, t,A). (1)331

In the above equation, d represents the task de-332

scription of workflow generation, t represents333

the initial textual description of the user’s CAD334

modeling task, A denotes the action set { “ask”,335

“summarize”}, where “ask” indicates proactively336

querying the user for CAD information, and337

“summarize” indicates extracting the CAD design338

scheme from the dialogue history, and the nodes339

6The prompt is shown in the Appendix A.3.2.

V = {v1, v2, . . . , vn} represent tasks to be fin- 340

ished, such as "ask for the coordinate system de- 341

tails" and "ask for the details of the sketch to be 342

created". 343

Then, based on the dependencies among the 344

details of each CAD operation and parameter, 345

the topological sequence C then forms a directed 346

acyclic graph G according to topological sort- 347

ing (Qiao et al., 2024), which can be denoted as: 348

G(V,E)← C(V ) (2) 349

where E = {(vi, vj)}, where 1 ≤ i ̸= j ≤ n, rep- 350

resent the execution relationships between nodes 351

(vj must be executed after vi). 352

3.3.2 Tactical Module 353

To achieve efficient workflow execution, the tac- 354

tical module (Stact) consists of two sub-modules: 355

dispatch (S1) and validation (S2). 356

The dispatch sub-module is responsible for re- 357

ceiving and parsing the workflow graph G. Via 358

Kahn’s Algorithm (kah, 1962), the parsing function 359

τ can dispatch nodes V to to either the asking or 360

summary sub-modules (introduced in §3.3.3, and 361

denoted as S3 and S4, respectively), which can be 362

represented as: 363

τ(V ;G(V,E))→ {S3, S4}, (3) 364

The validation sub-module evaluates the ques- 365

tion q (produced by the asking sub-module) and 366

summary p (generated by the summary sub- 367

module) against the task instruction vi via the given 368

LLMθ
7. Based on verification results, it triggers 369

regeneration of q or p through corresponding sub- 370

modules. 371

3.3.3 Operational Module 372

To complete the underlying task details at the 373

micro-level and improve the execution efficiency 374

of workflow G, the operational module (Soper) con- 375

sists of two independent sub-modules: asking (S3) 376

and summary (S4). 377

The asking sub-module is responsible for proac- 378

tively asking questions to the user. After receiving 379

a task instruction vi from the dispatch sub-module, 380

the asking sub-module can leverage the give LLMθ 381

to generate question q8, which can be represented 382

as 383
q ← LLMθ(vi) (4) 384

7The prompt is shown in the Appendix A.3.2.
8The prompt is shown in the Appendix A.3.2
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Method
Clarif.Acc. ↑ ROUGE-L ↑ Rule-based Score ↑ BertScore ↑

Micro Macro Micro Macro Micro Macro Micro Macro

Standard 0.10 0.09 0.05 0.04 0.07 0.06 0.05 0.04
CoT 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Proactive 4.12 3.72 2.33 2.02 7.53 6.84 2.74 2.38
ProCoT 67.85 71.22 19.55 18.75 35.76 31.10 20.50 19.74
PS+ 44.67 37.27 14.75 13.84 12.27 9.93 14.90 13.50
MACRS 99.54 99.74 17.24 15.72 34.68 28.90 21.33 19.93

Ours 99.89 99.93 21.04 19.11 45.53 38.14 24.62 22.21

Table 1: Experimental results at the turn-level.

Method
Completion Effectiveness

Rate ↑ Rate ↑

Standard 0.04 0.07

CoT 0.00 0.00

Proactive 3.22 3.17

ProCoT 12.45 5.95

PS+ 6.78 8.56

MACRS 8.27 2.68

Ours 31.67 17.34

Table 2: Experimental results at
the dialogue-level.

The summary sub-module is responsible for gen-385

erating the final CAD design solution based on the386

dialogue history H. After the summary module387

receives the task instruction, it generates a CAD388

design solution in combination with the task in-389

struction vi, which can be represented as:390

p← LLMθ(vi,H) (5)391

where the dialogue history H includes the user’s392

initial CAD text description, the questions posed by393

the asking sub-module, and the user’s responses.394

3.3.4 Hierarchical Finite State Machine395

To coordinate the integration and autonomous396

operation of the aforementioned modules, we397

leverage the Hierarchical Finite State Machine398

(HFSM) (Alur and Yannakakis, 2001). Such a ma-399

chine can employ state-based reasoning to system-400

atically govern the workflow from generation to401

execution. The HFSM is formally modeled as a402

quintuple {S,O, µ, S0, {Sexit}}:403

• S = S0 ∪ Stact ∪ Soper ∪ Sexit is a hierar-404

chical state set, where S0 denotes the strate-405

gic module and is the initial state in the ma-406

chine, Stact = {S1, S2} is the tactical module,407

Soper = {S3, S4} represents the operational408

module, and while Sexit denotes the terminal409

state.410

• O represents the set of all possible outputs411

from the aforementioned modules S.412

• µ : S × O → S is a transition function that413

determines the next state in the reasoning pro-414

cess based on the current state and the execu-415

tion result of the corresponding module9.416

Figure 3 illustrates the whole working mech-417

anism of the HFSM for the proposed proactive418

agent.419

9We put the detail of the transition function in the Ap-
pendix A.4 due to the page limit.

Figure 4: Completion rates for dialogues with varying
numbers of missing details.

4 Experiment 420

4.1 Performance Comparisons 421

In this paper, we employ GPT-4o Mini as the pri- 422

mary model for our main experiments. 423

4.1.1 Results at the Turn-Level 424

Table 1 shows that our proactive agent outperforms 425

all baseline methods across every metric, confirm- 426

ing its effectiveness in identifying missing CAD de- 427

tails and generating relevant proactive queries. CoT 428

yields deficient results, failing to analyze omissions 429

or initiate queries, which underscores its limitations 430

for this task. In comparison, MACRS and ProCoT 431

maintain solid performance in both detail analy- 432

sis and query generation, with ProCoT showing 433

particularly strong questioning capability in this 434

evaluation. 435

4.1.2 Results at the Dialogue-Level 436

Table 2 presents the dialog-level evaluation results. 437

Our proactive agent achieves the highest Comple- 438

tion Rate and Effective Rate, outperforming all 439

baselines in comprehensively identifying missing 440

CAD description details. Consistent with turn-level 441

observations, CoT fails to detect omissions or initi- 442

ate meaningful inquiries. While MACRS maintains 443
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Figure 5: Effectiveness rates for dialogues with varying
numbers of missing details.

Method
Median Mean Avg.
CD ↓ CD ↓ Rank ↓

Initial Query 45.52 142.61 \

Standard 47.66 141.56 3.56
CoT 48.48 141.50 3.82
Proactive 36.42 129.54 2.78
ProCoT 28.00 116.13 2.20
PS+ 34.73 131.80 2.61
MACRS 27.03 119.69 2.64

Ours 20.60 99.70 1.60

Table 3: Experimental results at the final CAD-level.

moderate completion performance, its effectiveness444

rate remains notably low.445

We further categorize dialogues into 20 levels446

based on missing information types and opera-447

tional complexity. As shown in Figure 4 and 5,448

our method consistently surpasses the strongest449

baseline (ProCoT) across all classification levels,450

demonstrating robust performance granularity.451

4.1.3 Results at the CAD-Level452

Table 3 presents CAD-level results, showing that453

our method and most baselines improve CD values454

over initial queries, confirming proactive interac-455

tion enhances alignment. Our agent achieves the456

best CD performance, verifying its effectiveness.457

The negative correlation between CD results and458

dialogue-level completion rates indicates that re-459

fined text prompts improve geometric alignment.460

Interestingly, MACRS attains a slightly better me-461

dian CD than ProCoT, likely owing to its polarized462

refinement outcomes, yet ProCoT achieves a higher463

average CD, indicating more consistent quality.464

4.1.4 Results of changing different base LLMs465

We investigate base LLM impact using GPT-4o466

mini, Gemini-2.0-flash-lite, and DeepSeek-R1. As467

ProCoT is the strongest baseline, we compare it468

with our method on dialogue and CAD generation.469

Table 4 shows base LLM selection significantly af-470

fects performance. DeepSeek-R1 achieves the best 471

results, while our method consistently outperforms 472

ProCoT across all metrics with every LLM. 473

4.1.5 Results of ablation studies 474

Table 6 presents the ablation study. Removing the 475

validation module lowers completion rate, as it 476

improves description completeness but introduces 477

redundant questions that slightly hurt geometric 478

precision. However, since LLMs lack proactive rea- 479

soning under information gaps (Zhou et al., 2025), 480

this module remains essential. The Strategic Mod- 481

ule’s action list standardizes the action space, sub- 482

stantially improving completion rate, effectiveness 483

rate, and geometric precision (as shown by lower 484

CD scores), confirming structured actions enhance 485

proactive parameter acquisition. 486

4.2 Human Evaluation 487

We follow (Chen et al., 2025a) to evaluate user 488

experience across four dimensions: intent under- 489

standing, interactivity, operational experience, and 490

emotional feedback. Annotators of three expertise 491

levels conduct paired comparisons (Zheng et al., 492

2023; Si et al., 2024) on 100 instances, generat- 493

ing target CAD models and selecting the preferred 494

system across seven metrics and overall. Final de- 495

cisions are made by majority vote, with a Fleiss’ 496

Kappa of 0.752 indicating moderate agreement. 497

As shown in Table 5, our system outperforms 498

both Text2CAD and the strongest baseline ProCot 499

in all evaluation dimensions. Users favor our sys- 500

tem for enhancing novice onboarding, proficient- 501

user productivity, and operational experience. No- 502

tably, the advantage over Text2CAD is significantly 503

larger than that over ProCot, indicating a clear user 504

preference for interactively refining initial designs 505

over providing complete descriptions in a single 506

attempt. 507

4.3 Case Study 508

Figure 6 compares geometric fidelity across user- 509

input CAD descriptions, the strongest baseline 510

(ProCoT), our method, and ground-truth models. 511

Our approach produces geometrically richer out- 512

puts with closer structural correspondence to the 513

ground truth. In Case 1, it accurately reconstructs 514

the stacked cylindrical–prismatic geometry, a well- 515

defined structure not captured by the initial input 516

or ProCoT. For Case 3’s open-top container with 517

uniform walls and orthogonal corners, our method 518

reconstructs all structural components except the 519
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LLM Method
Dialogue-level Evaluation CAD Model Evaluation

Completion Rate (%) ↑ Effectiveness Rate (%) ↑ Median CD ↓ Mean CD ↓

GPT-4o mini ProCoT 12.45 5.95 28.00 116.13
Ours 31.67 17.34 20.60 99.70

Gemini-2.0-flash-lite ProCoT 14.58 8.64 25.11 114.54
Ours 24.76 9.54 20.91 106.24

DeepSeek-R1 ProCoT 14.31 10.22 30.55 115.44
Ours 48.75 29.71 17.60 105.14

Table 4: The experimental results by changing base LLMs.

Framework Status Functional Interactive Emotional Overall
DIC TaskEff GE Learnability IC ASA IES

Text2CAD vs. Ours
Text2CAD 3% 13% 5% 7% 9% 5% 9% 4%

Tie 6% 8% 13% 22% 17% 23% 18% 20%
Ours 91% 79% 82% 71% 74% 72% 73% 76%

ProCot vs. Ours
ProCot 24% 28% 27% 25% 23% 11% 19% 21%

Tie 9% 10% 15% 11% 16% 19% 12% 7%
Ours 67% 62% 58% 64% 61% 70% 69% 72%

Table 5: The experimental results of human evaluation.

Dialogue-level Evaluation CAD Model Evaluation

Completion Rate(%) ↑ Effectiveness Rate(%) ↑ Mean CD ↓ Median CD ↓

Ours (w/o Validation) 24.09 23.46 17.62 113.72
Ours (w/o Action list) 17.45 15.93 23.58 118.35

Ours 31.67 17.34 20.60 99.70

Table 6: Ablation study results on core modules.

User 
Initial Query

ProCoT

Ours

Ground Truth

Figure 6: Case studies to illustrate the effectiveness of our method.

base plate, whereas ProCoT only adds one side520

panel to the initial input. These results demonstrate521

our framework’s improved precision in converting522

textual specifications to complex CAD geometries.523

5 Conclusion524

We propose a proactive text-to-CAD paradigm that525

identifies missing design details through iterative526

user questioning. To achieve this goal, we build the 527

first dataset for studying actively interactive text-to- 528

CAD generation, Proactive-Text2CAD. Besides, 529

we present “Proactive Agent”, an innovative agen- 530

tic framework. Through extensive experiments, we 531

demonstrate our proposed paradigm and agentic 532

framework can achieve significant improvements 533

in both textual detail refinement and final CAD 534

model generation quality. 535
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Limitation536

Our method is currently a pipeline way with two537

parts, where Part 1 is designed to proactively query538

users for missing CAD design information and gen-539

erate the final CAD design text, and while Part 2540

is configured to employ a CAD Transformer for541

converting final CAD design text into CAD mod-542

els. In future work, we may explore an end-to-end543

way from the user’s initial text to the CAD model544

through active interaction and implement joint op-545

timization of the user’s initial text and the CAD546

model.547

Besides, through experiments, we find that the548

validation sub-module in our proposed agentic549

framework can increase the proactivity of inquiry,550

but also introduce the issue of generating invalid551

questions, which can slightly reduce the efficiency552

of our agentic framework. In future work, we will553

explore new method to improve the validation sub-554

module.555

Declaration of LLM Usage556

Large language models were used solely in a lim-557

ited, assistive capacity during manuscript prepa-558

ration, primarily for improving language quality559

and clarity. All scientific content, analyses, in-560

terpretations, and conclusions were developed by561

the authors, who reviewed and approved the fi-562

nal manuscript. The literature review and refer-563

ence selection were conducted independently by564

the authors using publicly available and verifiable565

sources.566
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A Appendix849

A.1 Related Work850

Text-to-CAD Generation Recent advances in nat-851

ural language processing and large language mod-852

els (LLMs) have enabled the direct generation of853

parametric CAD models from text, significantly854

streamlining design workflows and diminishing re-855

liance on traditional inputs such as sketches. Cur-856

rent text-to-CAD methods primarily follow two857

core paradigms: the first is a sequence generation-858

based paradigm, which typically utilizes Trans-859

former (Khan et al., 2024b; Li et al., 2024b) or860

LLMs (Kapsalis, 2024; Badagabettu et al., 2024;861

Xie and Ju, 2025; Zhang et al., 2025; Picard et al.,862

2025; Usama et al., 2025) as the backbone network863

to map textual descriptions to discrete sequences of864

CAD operations or modeling scripts (e.g., para-865

metric commands like Sketch, Extrude, Fillet).866

Through training on high-quality text-parameter867

sequence pairs, the model can autoregressively gen-868

erate logically coherent modeling steps to recon-869

struct 3D shapes. The second is a code/function-870

call paradigm, which focuses on leveraging the871

powerful code generation and spatial reasoning ca-872

pabilities of LLMs to directly generate executable873

CAD script code from natural language instruc-874

tions (Badagabettu et al., 2024; Xie and Ju, 2025),875

bypassing intermediate, task-specific command se-876

quences to streamline the generation pipeline and877

enhance code reusability. However, these meth-878

ods fundamentally suffer from the following lim-879

itations: the drawback of the single-pass genera-880

tion mode, where they typically adopt a one-shot881

generation approach. When textual descriptions882

are incomplete, ambiguous, or vague, the models883

struggle to autonomously resolve such uncertain-884

ties, often resulting in a misalignment between the885

output and user intent; and inadequate utilization of886

multimodal signals, as traditional sequence genera-887

tion primarily relies on parametric sequence signals888

while overlooking the inherent multimodal nature889

of CAD models (i.e., parametric sequences and890

rendered visual objects). Some cutting-edge work891

(e.g., (Wang et al., 2025)) has begun to explore in-892

corporating visual feedback into the training loop,893

using visual scores to correct parametric sequences894

in order to enhance the visual quality of gener-895

ated models and the accurate understanding of in-896

structions. Our proposed proactive text-to-CAD897

paradigm aims to fundamentally address the limita-898

tions of the single-pass generation mode. Through899

iterative refinement and an active interaction pro- 900

cess, our method can progressively bridge the gap 901

between descriptions and models, effectively im- 902

proving the alignment of generation results with 903

user expectations. 904

Proactive Agent Proactive agents have garnered 905

significant research attention in recent years (Wang 906

et al., 2024). From a behavioral perspective, current 907

research advances primarily focus on enhancing 908

agent proactivity along two dimensions: Proactive 909

Conversation AI (Liu et al., 2024; Zhang et al., 910

2024a; Liu et al., 2025; Sun et al., 2024; Yang 911

et al., 2025a; Wu et al., 2025), which concen- 912

trates on enabling agents to initiate, intervene in, 913

and sustain dialogues, providing timely and rele- 914

vant linguistic assistance or information based on 915

user context and latent needs to optimize human- 916

computer interaction experiences; and Proactive 917

Generative/Action AI (Lu et al., 2024a; Zhao et al., 918

2025b,a; Yang et al., 2025b; Chen et al., 2025b; 919

Park et al., 2023), which emphasizes the ability 920

of agents to autonomously make decisions, plan, 921

and execute tasks or generate content, allowing 922

them to predict user intentions and independently 923

take actions to achieve goals, thereby shifting from 924

passive response to active service. This work is 925

primarily concerned with the former, and in re- 926

cent years, technological developments in proac- 927

tive conversational interactive agents have evolved 928

along two core trajectories. The first is a research 929

direction centered on proactive single-agent sys- 930

tems (Deng et al., 2023; Wei et al., 2022; Deng 931

et al., 2023; Wang et al., 2023; Kim et al., 2025; Lu 932

et al., 2024b), which focus on enabling agents to 933

exhibit self-driven, task-oriented behaviors in dy- 934

namic environments through internal state tracking, 935

goal decomposition, and hierarchical policy plan- 936

ning. Such systems have made significant progress 937

in autonomous decision-making, goal-driven dia- 938

logue, and achieving adaptability and proactivity 939

in single-agent settings. The second trajectory is a 940

research direction focused on proactive multi-agent 941

systems (Fang et al., 2024; Zhang et al., 2024b,a; 942

Cheng et al., 2024; Li et al., 2024a; Shaikh et al., 943

2025), emphasizing the resolution of collabora- 944

tive mechanisms, including structured communi- 945

cation, consensus formation, and dynamic role as- 946

signment. This path aims to enable multiple agents 947

to efficiently collaborate in open, multi-participant 948

scenarios to achieve system-level objectives col- 949

lectively, representing a key approach to building 950
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proactivity in complex applications.951

A.2 Dataset Specifications952

A.2.1 User Initial Query Generation953

We first define the main types and subtypes of CAD954

operations and parameters, and remove a subset of955

the type information contained in the minimal meta-956

data. Subsequently, we perform a topological sort957

on the missing CAD types based on the dependen-958

cies among the absent type information.959

Main Types and Subtypes of CAD Operations960

and Parameters. We adopt the same represen-961

tation method proposed by Khan et al. (2024a),962

which uses a sketch-and-extrude format. Each 2D963

sketch consists of multiple faces, each face consists964

of multiple loops, and each loop either contains a965

line and an arc or a circle. Loops are always closed966

(i.e., the start and end coordinates are the same).967

The specific descriptions of the main types and sub-968

types in our dataset are presented in Table 12.969

Dependencies Between CAD Types The depen-970

dencies between CAD types are shown in Figure 7.971

After deleting missing types (including both main972

types and subtypes), we use topological sorting to973

order the missing types, laying the groundwork for974

the sequence of proactive dialogue generation.975

A.2.2 Proactive Dialogues Generation976

To facilitate the reproducibility of our dataset, we977

employ DeepSeek-R1 to generate proactive dia-978

logues with users. The system proactively asks979

users questions based on the missing type objects,980

and users retrieve corresponding information from981

the initial dataset to answer the system’s questions.982

The prompts for the system’s responses and user983

inquiries are shown in Table 13.984

The initial text of the user, namely the initial text985

description of the CAD design, is adapted from the986

text descriptions in the initial dataset. We also use987

DeepSeek-R1 for this adaptation. The prompts for988

the adaptation are shown in Table 14.989

A.2.3 Dataset Statistics990

We classify the samples according to the number991

of missing types in each sample. Since the sub-992

types within the main types vary across dataset993

samples (e.g., different sketches may contain dif-994

ferent numbers of loop subtypes), which makes it995

inconvenient to count, we uniformly consider the996

absence of one main type and one subtype as a997

single type of missing information, and include it998

in the count of missing types.999

Our dataset contains approximately 4,590 dia- 1000

logues, with 28,110 question-answer pairs. The 1001

distribution of the number of missing types per 1002

sample is naturally right-skewed and discrete, con- 1003

centrated in the range of 4 to 9, with a long right 1004

tail, consistent with the characteristics of a skewed 1005

discrete count data distribution. The specific distri- 1006

bution of the dataset is shown in Figure 8. 1007

Level Distribution Due to the complex de- 1008

pendency and nesting relationships between CAD 1009

operation parameters, we observe that: (1) miss- 1010

ing one main category often cascades to multiple 1011

missing subcategories, and (2) while the number 1012

of main categories remains fixed per CAD model, 1013

subcategory counts exhibit significant inter-model 1014

variation. 1015

We assign equal missing probability to each type 1016

during dataset construction and count the final num- 1017

ber of missing types per sample. The natural distri- 1018

bution of missing types in the dataset primarily falls 1019

within the range of 1 to 20, as shown in Figure 8. 1020

A.2.4 Inter-Rater Reliability (IRR) 1021

Assessment Report 1022

Methodology. We evaluated inter-rater agree- 1023

ment using Fleiss’ Kappa (Fleiss, 1971) across 1024

three dimensions of binary classification tasks, with 1025

three independent raters per sample: 1026

1. Initial Query Completeness. 1027

Assesses whether user queries contain all type 1028

information except explicitly missing types) 1029

2. Question Coverage. 1030

Verifies if questions address all missing cate- 1031

gory details) 1032

3. Response Specificity. 1033

Evaluates if responses provide sufficiently de- 1034

tailed information 1035

Annotation Protocol. Each sample was indepen- 1036

dently rated by 3 annotators using binary scoring 1037

(1=meets requirements, 0=fails). 1038

Calculation Process 1039

1. Sample-level Agreement. 1040

For each sample, compute agreement score 1041

based on raters’ category distributions using 1042

standard Fleiss’ formula. 1043

2. Mean Observed Agreement (P̄ ). 1044

Average agreement scores across all samples, 1045

reflecting actual consensus. 1046
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3. Expected Random Agreement (P̄e).1047

Calculate chance agreement probability based1048

on overall category frequencies.1049

4. Kappa Coefficient.

κ =
P̄ − P̄e

1− P̄e

The results demonstrate strong inter-rater agree-1050

ment across all dimensions:1051

1. Initial query completeness (κ = 0.828)1052

2. Question coverage of missing details (κ =1053

0.786)1054

3. Response specificity (κ = 0.807)1055

These metrics demonstrate strong inter-1056

annotator agreement, validating both the1057

annotation protocol’s consistency and the resultant1058

dataset’s integrity.1059

A.3 Prompt List1060

A.3.1 Dataset Construction1061

Prompts for generating dialogues between the sim-1062

ulated system and user are presented in Table 13.1063

Prompts for rewriting the text of the initial dataset1064

to generate CAD initial queries are presented in1065

Table 14.1066

A.3.2 Proposed Method: Proactive Agent1067

The prompts for generating workflows by the strate-1068

gic module are presented in Table 17. The prompts1069

for dispatching tasks by the dispatch sub-module,1070

for validating task completion by the validation1071

sub-module, for initiating questions by the asking1072

sub-module, and for generating summaries by the1073

summary sub-module are presented in Table 16.1074

A.3.3 Baseline1075

The prompts for the baseline methods, including1076

their detailed specifications, are presented in Ap-1077

pendix A.5.1078

A.3.4 Evaluation1079

The prompts for simulating user responses in the1080

dialogue-level experiments are presented in Table1081

15.1082

A.4 Details of Our Methods 1083

The transition function µ of a Hierarchical Finite 1084

State Machine (HFSM) is represented in Table 7. 1085

In this context, y represents the input to the cur- 1086

rent state, and the current state transitions to the 1087

next state through the transition function µ com- 1088

bined with the input y and condition e, where e 1089

is the output generated by the operational sub- 1090

module. 1091

The overall execution logic of our hierarchical 1092

finite state machine (HFSM) begins with the user’s 1093

initial CAD design text description t, which first 1094

enters the workflow sub-module of the strategic 1095

module. At this point, it is in the initial state (S0), 1096

where it plans how to ask the user for missing infor- 1097

mation in order to ultimately generate a complete 1098

CAD design text, thereby generating the workflow 1099

of the operational sub-module. Then, the gener- 1100

ated workflow is input into the tactical module and 1101

enters the dispatch sub-module for workflow pars- 1102

ing. The workflow parsing generates a series of 1103

subtasks, which the dispatch sub-module assigns to 1104

the operational sub-module. At this point, it transi- 1105

tions to state S1. Next, the asking sub-module or 1106

summary sub-module of the operational module, 1107

which receives the sub-tasks, executes the tasks, 1108

transitioning to state S3 or S4. The completion of 1109

tasks by the asking and summary modules is ver- 1110

ified by the validation sub-module of the tactical 1111

module, which means transitioning to state S2 for 1112

validation. If the validation sub-module determines 1113

that the task of the asking sub-module is complete, 1114

it re-enters the dispatch module, transitioning to 1115

the next task assignment state S1. Otherwise, it 1116

returns to the asking sub-module to regenerate the 1117

question q. The validation of the summary module 1118

is similar to that of the asking module, except that 1119

when the validation sub-module determines that the 1120

task is complete, i.e., the final CAD design solution 1121

has been generated, it transitions to the termination 1122

state Sexit, completing the entire execution logic of 1123

the HFSM. 1124

A.5 Baseline 1125

A.5.1 Baseline Methods 1126

Since no existing large language model (LLM) 1127

methods currently address proactive querying or 1128

interactive capabilities for CAD applications, we 1129

establish six baseline approaches based on our 1130

newly constructed Interactive-CAD dataset and 1131

novel CAD generation paradigm. These baselines 1132
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Figure 7: Dependencies between CAD types.

incorporate both commonly-used and state-of-the-1133

art (SOTA) LLM-based proactive dialogue method-1134

ologies.1135

Standard Prompting (Deng et al., 2023): Given1136

a task description q, the user’s initial CAD text de-1137

scription t, and dialogue history C, we instruct the1138

LLM to perform CAD proactive querying and gen-1139

erate response r. The task descriptions and prompt1140

templates are provided in Table 19 of Appendix1141

A.5.2. This prompting scheme can be formally1142

represented as:1143

p(r | q, t, C)1144

1145

CoT (Wei et al., 2022): A chain-of-thought1146

prompting approach that generates intermediate1147

reasoning steps to derive the final response. In the1148

task description, we require the system to simulate1149

the next response based on the current dialogue1150

history. The prompt template is provided in Table1151

20 of Appendix A.5.2.1152

Proactive Prompting (Deng et al., 2023): Proac-1153

tive Prompting is designed to provide the LLM with1154

alternative options for determining appropriate ac-1155

tions to take in responses, formally represented as:1156

p(a, r | q, t, C,A)1157

Given the task description q, the user’s initial 1158

CAD text description t, dialogue history C, and a 1159

set of possible dialogue actions A, this approach 1160

instructs the LLM to: (1) select the most suitable 1161

dialogue action a ∈ A, and (2) generate the corre- 1162

sponding response r. To adapt this to CAD proac- 1163

tive querying tasks, we define the dialogue actions 1164

as either “querying the user about missing CAD 1165

design details” or “summarizing the CAD design 1166

solution”. The prompt templates are provided in 1167

Table 21 of Appendix A.5.2. 1168

ProCoT (Deng et al., 2023): The proactive 1169

chain-of-thought prompting scheme (ProCoT) in- 1170

volves dynamic reasoning and planning to analyze 1171

subsequent actions for achieving dialogue objec- 1172

tives, formally represented as: 1173

p(c, a, r | q, t, C,A) 1174

where c denotes the cognitive description of the 1175

decision-making process for subsequent actions, 1176

while q, t, C, A, and r maintain the same defini- 1177

tions as in Proactive Prompting. For CAD proac- 1178

tive querying tasks, we define c as the analysis of 1179

missing detail types in the current CAD design. 1180

The prompt templates are provided in Table 22 of 1181

Appendix A.5.2. 1182
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User Initial Query

ProCoT

Ours

Ground Truth

Figure 8: The statistical distribution of our dataset.

Current State Condition/Input Next State

Sexit y = t S0

S0 y = G(V,E) S1

S1 action = ask S3

S1 action = summarize S4

S3 e = q S2

S4 e = p S2

S2 action = ask ∧ task completion is valid S1

S2 action = summarize ∧ task completion is valid Sexit
S2 action = ask ∧ task completion is invalid S3

S2 action = summarize ∧ task completion is invalid S4

Other All other cases Sexit

Table 7: State transition function µ(Si, y)

PS+ Prompting (Wang et al., 2023): Plan-and-1183

Solve Prompting (PS prompting) is a two-stage1184

methodology that first generates both the reason-1185

ing process and potential answers through logical1186

inference, then employs answer extraction prompts1187

to derive the final solution. We adopt PS+ prompt-1188

ing with more detailed instructions, defining the1189

task questions as: (1) “identifying missing details1190

in the current CAD design" and (2) “formulating1191

user queries about these missing details", with the1192

dialogue history incorporated into the questions to1193

provide complete contextual information about the1194

current CAD design. The reasoning prompt tem-1195

plates and answer extraction prompts are detailed1196

in Table 23 of Appendix A.5.2.1197

MACRS (Fang et al., 2024): Multi-Agent Con-1198

versational Recommender System (MACRS) is 1199

a collaborative multi-agent framework that inte- 1200

grates four LLM-based agents to plan diverse dia- 1201

logue behaviors, employing a feedback-aware re- 1202

flection mechanism for agent adaptation. Specifi- 1203

cally, MACRS incorporates four specialized agents 1204

designed to perform distinct dialogue functions: 1205

questioning, small talk, recommendation, and plan- 1206

ning. For proactive querying in CAD design tasks, 1207

we define the user profile Up in MACRS’s memory 1208

module as representing a CAD modeler, whose ob- 1209

jective is to create a fully detailed CAD model. The 1210

system initializes the interaction using the user’s 1211

initial CAD text description as input. The ques- 1212

tioning agent, small talk agent, and recommenda- 1213

tion agent generate three candidate responses (Rask, 1214
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Rchat, and Rrec) based on dialogue history and the1215

user profile. The planning agent (πp) then performs1216

multi-step reasoning to select the most appropriate1217

response from these candidates, determining the1218

final system response Rs:1219

Rs = πp(Iplan, Rask, Rrec, Rchat, Dh, Ah)1220

where Iplan represents the instruction for the plan-1221

ning agent πp, Dh denotes the dialogue history, and1222

Ah corresponds to the history of dialogue actions.1223

The prompt templates for each agent can be found1224

in Table 18 of Appendix A.5.2.1225

A.5.2 Prompts in Baseline Methods1226

The prompts for standard prompting are listed in1227

Table 19, for CoT in Table 20, for Proactive prompt-1228

ing in Table 21, for ProCoT in Table 22, for PS+1229

prompting in Table 23, and for MACRS in Table1230

18.1231

A.6 Automated Evaluation1232

We design several evaluation metrics at three dif-1233

ferent levels: turn-level, dialogue-level and CAD-1234

level.1235

A.6.1 Turn-Level Evaluation1236

Following Zhang et al. (2024c), we use Clarifi-1237

cation Accuracy (Clari. Acc.) to measures the1238

system’s ability to actively query incomplete CAD1239

design texts, where a score of 1 is assigned if the re-1240

sponse is a valid question, otherwise 0. Besides, we1241

also involve Rule-based Score to assesses whether1242

responses target the correct missing attribute cat-1243

egory, where a binary score (1/0) is determined1244

by the presence of keywords relevant to the tar-1245

get attribute. Moreover, ROUGE-L (Lin, 2004)1246

and BERTScore (Zhang et al., 2020) is used to1247

quantify semantic similarity between responses and1248

reference questions. Note that, we evaluate all turn-1249

level metrics through both Micro and Macro aver-1250

aging, where Micro-averaging computes the mean1251

score per turn, while Macro-averaging calculates1252

the mean score per dialogue.1253

A.6.2 Dialogue-Level Evaluation1254

Completion Rate. This metric measures the de-1255

gree to which missing information in the CAD text1256

description is completed during the dialogue, cal-1257

culated as:1258

Completion Rate =
Nc

Nt
(6)1259

where Nt refers to the count of initially absent 1260

CAD operations or parameter types in the user’s 1261

input, and Nc denotes the count of missing cate- 1262

gories addressed (queried) during the dialogue. 1263

Effectiveness Rate. This metric evaluates the 1264

proportion of effective questions in the dialogue, 1265

defined as: 1266

Effectiveness Rate =
Ne

Ni
(7) 1267

where Ne denotes the number of effective questions 1268

that satisfy all of the following criteria: (a) target- 1269

ing a missing category, (b) having not been previ- 1270

ously asked, and (c) receiving a non-"unknown" 1271

response, and Ni refers to the total number of inter- 1272

action turns. 1273

A.6.3 CAD-Level Evaluation 1274

To evaluate the quality of the final generated CAD, 1275

we leverage Chamfer Distance (CD) (Fan et al., 1276

2016; Wu et al., 2021b), which can measure geo- 1277

metric similarity between generated 3D CAD mod- 1278

els and ground truth, where lower values indicate 1279

higher geometric fidelity. In addition to automatic 1280

evaluation, we also involve manual evaluation to 1281

comprehensively assess the CAD model quality. 1282

Average Rank metric is used in manual evaluation, 1283

which can be denoted as 1284

Average Rank =
1

N

N∑
i=1

Ri (8) 1285

where N is the total number of CAD models gener- 1286

ated by different methods and Ri is the rank of the 1287

i-th model (lower values denote better alignment) 1288

A.7 Human Evaluation Framework 1289

A.7.1 Evaluation Metrics 1290

Functional Perception. We evaluate this dimen- 1291

sion using the following two metrics: 1292

• Design Intent Consistency (DIC): The de- 1293

gree to which the generated CAD model 1294

aligns with the target design intent, includ- 1295

ing dimensions, constraints, and structural fea- 1296

tures. 1297

• Task Efficiency (TaskEff): The extent to 1298

which the system enables users to complete 1299

the design with minimal time and effort. 1300

Interaction Perception. This dimension is as- 1301

sessed through three metrics: 1302
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• Guidance Effectiveness (GE): The effective-1303

ness of the system’s proactive inquiries in clar-1304

ifying ambiguous user intent.1305

• Learnability: The ease with which a new1306

user can start using the system without prior1307

training.1308

• Information Clarity (IC): The clarity and1309

organization of parameters and feature-tree1310

information.1311

Emotional Perception. The following two met-1312

rics are used to measure this aspect:1313

• Aesthetic or Stylistic Appeal (ASA): The1314

extent to which the generated CAD models1315

demonstrate aesthetic quality and stylistic co-1316

herence, including visual elegance, propor-1317

tional harmony, and overall design attractive-1318

ness.1319

• Interaction Experience Satisfaction (IES):1320

The overall satisfaction with the interaction1321

process and responsiveness of the system.1322

A.7.2 Human Evaluation Questionnaire1323

We present our questionnaire in Table 10 and Table1324

11.1325

A.7.3 Annotator Demographics1326

All annotators possessed fundamental computer op-1327

eration skills and were either students in computer-1328

related fields or CAD design practitioners, each1329

with prior data annotation experience. Partici-1330

pants were recruited as uncompensated volunteers1331

through our academic collaboration network, and1332

they contributed their expertise voluntarily. All1333

participants were explicitly informed that the data1334

would be used exclusively for academic research1335

purposes. Given that the participants are students1336

or professionals in related fields, their involve-1337

ment is closely aligned with their own learning1338

or professional interests. Therefore, this volunteer-1339

based model, founded on shared interests and pro-1340

fessional development, is considered appropriate1341

and sufficient. The annotator group was evenly1342

distributed in terms of CAD expertise, consisting1343

of approximately 50% beginners (e.g., junior stu-1344

dents) and 50% proficient users (e.g., senior stu-1345

dents, graduate students, and practitioners). The1346

two cohorts were identified through predefined1347

screening questions, such as familiarity with CAD1348

concepts and years of experience using relevant1349

software, to ensure the data encompasses both 1350

novice and expert perspectives. 1351

A.7.4 Human Annotation Filtering 1352

To maintain annotation reliability, a multi-stage fil- 1353

tering approach incorporating text evaluation, trap 1354

questions, and consistency checks was employed. 1355

• Text Evaluation: We manually reviewed the 1356

initial design descriptions provided by annota- 1357

tors. If an annotator’s description significantly 1358

deviated from the intended model, they were 1359

identified as engaging in perfunctory behavior, 1360

and their questionnaire was deemed invalid. 1361

• Trap Questions: Some questionnaires in- 1362

cluded embedded trap questions containing 1363

explicit instructions, such as “Select Option A 1364

for all items in this questionnaire.” Annotators 1365

who failed to follow these instructions were 1366

considered inattentive, and all their submis- 1367

sions were invalidated. 1368

• Consistency Check: We manually compared 1369

each annotator’s selected options with their 1370

provided textual justifications. Responses 1371

showing inconsistency between the two were 1372

discarded. Additionally, annotators with low 1373

agreement compared to others underwent 1374

manual review. If their responses exhibited 1375

signs of random selection or perfunctory be- 1376

havior, all questionnaires from that annotator 1377

were excluded. 1378

The filtering procedure guarantees the retained 1379

annotations’ attentiveness and internal consistency, 1380

which enhances evaluation quality and ensures ac- 1381

curate, reliable results. 1382

Method Median CD ↓ Mean CD ↓
Text2CQ Text2CAD Text2CQ Text2CAD

Initial Query 94.68 160.30
ProCoT 66.07 28.00 144.89 116.13
Ours 64.27 20.60 123.50 99.70

Table 8: The experimental results by changing CAD
generation module.

A.8 Discussion 1383

To further validate the generality of our proposed 1384

paradigm across CAD generation architectures, 1385

we decoupled our framework by replacing the 1386

Text2CAD Transformer in the CAD generation 1387

module with a fine-tuned Qwen2.5-3B within the 1388
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Text-to-CadQuery framework (Xie and Ju, 2025),1389

and tested it on our dataset. The experimental re-1390

sults are presented in Table 8. The findings demon-1391

strate that the quality of CAD models generated1392

through our proactive inquiry paradigm signifi-1393

cantly surpasses that of models generated without1394

proactive inquiry. Moreover, our method remains1395

superior to the strongest baseline even after replac-1396

ing the CAD generation module. Interestingly, the1397

Text-to-CadQuery framework yields lower-quality1398

CAD models compared to the Text2CAD Trans-1399

former, which contradicts the conventional view1400

that code generation methods generally outper-1401

form traditional approaches (Xie and Ju, 2025).1402

We hypothesize that this discrepancy arises be-1403

cause CadQuery relies on geometry kernels such1404

as OpenCASCADE, which are highly sensitive to1405

numerical precision. This sensitivity may lead to1406

reduced geometric accuracy in CAD models gen-1407

erated from incomplete design text inputs. In sum-1408

mary, the experimental results confirm that our pro-1409

posed paradigm effectively enhances the alignment1410

between generated CAD models and user expecta-1411

tions across different CAD generation architectures,1412

thereby validating the efficacy of our approach.1413

A.9 Software Environment1414

All experiments were implemented in Python1415

3.12.0 within a Conda environment. The version1416

information of the major software components is1417

presented in Table 9.1418

Software Version

Python 3.12.0
Conda 24.1.2
PyTorch 2.2.1
Transformers 4.38.2
CUDA 12.4
PEFT 0.9.0
Flash Attention 2.5.8
Accelerate 0.27.2
Datasets 2.18.0
NumPy 1.26.4
OpenCV-Python 4.9.0.80
AV (PyAV) 12.0.0
scikit-learn 1.4.1.post1
pandas 2.2.1
tqdm 4.66.2
nltk 3.8.1
rouge-score 0.1.2
bert-score 0.3.13
PyYAML 6.0.1
loguru 0.7.2
requests 2.31.0

Table 9: Software Environment
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Survey Questionnaire: Comparative Evaluation of Two CAD Generation Systems

This questionnaire is designed to compare the performance of two CAD generation systems (System
A and System B) under the same design task. Based on your experience with both systems, please
evaluate them across several dimensions and provide your overall assessment.

Q1. Design Intent Consistency

Which system produced models more consistent with the intended design?
[Better]: Model matches target, with correct dimensions, constraints, and features.
[Weaker]: Model shows notable deviations or missing parameters.
Choice:

Option A: System A

Option B: System B

Option C: Tie / No significant difference
Reason:

Q2. Task Efficiency

Which system allowed you to finish the task more efficiently?
[Better]: Simple and efficient, minimal steps/time required.
[Weaker]: Time-consuming or requires extra steps.
Choice:

Option A: System A

Option B: System B

Option C: Tie / No significant difference
Reason:

Q3. Guidance Effectiveness

Which system can more accurately recognize users’ vague intents?
[Better]: Identifies ambiguous intent and provides actionable options.
[Weaker]: Fails to clarify intent, with vague/unhelpful prompts.
Choice:

Option A: System A

Option B: System B

Option C: Tie / No significant difference
Reason:

Q4. Learnability

Which system is easier for new users to learn?
[Better]: Intuitive and straightforward, easy to master without prior training.
[Weaker]: Complex and non-intuitive, requiring significant effort to learn.
Choice:

Option A: System A

Option B: System B

Option C: Tie / No significant difference
Reason:

Table 10: Human Evaluation Questionnaire (a)

20



Q5. Information Clarity

Which system provides clearer information about parameters and feature trees?
[Better]: Parameters well-organized, feature tree easy to interpret/modify.
[Weaker]: Parameters unclear, feature tree disorganized or confusing.
Choice:

Option A: System A

Option B: System B

Option C: Tie / No significant difference
Reason:

Q6. Aesthetic or Stylistic Appeal

Which system produces CAD models with stronger aesthetic or stylistic appeal?
[Better]: Strong aesthetic quality, appealing proportions, coherent style, polished design.
[Weaker]: Lacks refinement, awkward proportions, inconsistent style, rough design.
Choice:

Option A: System A

Option B: System B

Option C: Tie / No significant difference
Reason:

Q7. Interaction Experience Satisfaction

Which system provides a more satisfying interaction experience overall?
[Better]: Smooth interaction, prompt response, overall pleasant.
[Weaker]: Fragmented or slow, reducing satisfaction.
Choice:

Option A: System A

Option B: System B

Option C: Tie / No significant difference
Reason:

Q8. Overall Preference

Overall, which system do you prefer?
Choice:

Option A: System A

Option B: System B

Option C: Tie / No significant difference
Overall Reason:
Additional Suggestions/Comments:

Table 11: Human Evaluation Questionnaire (b)
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Main Category Description
Parts The number of parts included in the current CAD model.

Coordinate System Defines the coordinate system of the part, which includes the following sub-
types:
Euler Angles: Three parameters (θ, ϕ, γ) that determine the orientation of the
sketch plane.
Translation Vector: Three parameters (τx, τy, τz) that describe the translation
of the sketch plane.

Sketch Defines the geometry of the 2D sketch.
Face: Defines a face that contains a closed loop, which includes the following
subtypes:
Loop: Defines a loop composed of lines, arcs, or circles.
Line: Contains start and end coordinates.
Arc: Contains start, mid, and end coordinates.
Circle: Contains center and top-most coordinates.
Sketch scale: The scaling factor for the 2D sketch.

Extrusion Defines the parameters for the extrusion operation, which includes the following
subtypes:
Extrusion depth towards normal: The extrusion depth in the direction of the
normal of the sketch plane.
Extrusion depth opposite normal: The extrusion depth in the direction oppo-
site to the normal of the sketch plane.

Description Provides a description of the CAD model, which includes the following sub-
types:
Length: The length of the part.
Width: The width of the part.
Height: The height of the part.

Assembly The assembly relationships between parts.

Table 12: Main types and subtypes of CAD operations and parameters.

System Simulation
You are an AI assistant helping a user design a CAD model. The user has provided some information,
but the {category} is missing.
Generate a natural, conversational question asking the user to provide the missing information.
Make your question specific to the context of the CAD model being designed. Keep your question
concise and focused only on the missing {category}. Please only generate the question without any
additional content.
User Simulation
You are a user designing a CAD model. An AI assistant has asked you about missing {category}
information.
Referential Design: {information about the missing type in the initial dataset}
Please generate a natural, conversational response where you are playing the role of a user answering
a question. Use the parameters from the referential design provided above in your response. Keep
your answer concise and focused only on the {category}. Please only generate the answer without
any additional content.

Table 13: Prompts for simulating system-User interaction.
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User Initial Query Generation
I need to update a CAD model description query to reflect recent modifications. Certain information
has been removed from the original JSON data.
Task:
Please revise the query to include only the information that remains available in the current JSON,
ensuring all non-null details and relevant parameters are retained.
Original JSON:
{initial metadata}
Current JSON:
{metadata with partially missing types}
Original query:
{Initial Text Containing Complete CAD Information}
Requirements for the Updated Query:
1. Include only the information still present in the current JSON.
2. Exclude any fields that are now null.
3. Maintain relevance to CAD model design.
4. Ensure clarity and conciseness.
Please only reply with the modified query without generating any additional text.
Example:
Original query: “Create the first part of the CAD model, a rectangular prism with a curved side.
Begin by creating a new coordinate system with Euler angles of [0.0, 0.0, 0.0] and a translation
vector of [0.0, 0.0, 0.0]. Next, create a 2D sketch on the X-Y plane of the coordinate system. The
sketch consists of four lines. The first line has a start point at [0.0, 0.0] and an end point at [0.6,
0.0]. The second line has a start point at [0.6, 0.0] and an end point at [0.6, 0.375]. The third line
has a start point at [0.6, 0.375] and an end point at [0.0, 0.375]. The fourth line has a start point at
[0.0, 0.375] and an end point at [0.0, 0.0]. Scale the 2D sketch by a factor of 0.6. Then transform
the 2D sketch into a 3D sketch with Euler angles of [0.0, 0.0, 0.0] and a translation vector of [0.0,
0.0, 0.0]. Finally, extrude the 3D model with an extrusion depth towards the normal of 0.075 and
an opposite normal depth of 0.0. Scale the sketch by 0.6. The first part of the CAD model has the
following dimensions: a length of 0.6 units, a width of 0.6 units, and a height of 0.075 units, with a
curved side. The part is centered in the image."
Modified query: “Create the initial part of the CAD model, which is a rectangular prism featuring
a curved side. Start by defining a new coordinate system with Euler angles set to [0.0, 0.0, 0.0].
Then, generate a 2D sketch on the X-Y plane of this coordinate system.
The sketch comprises four lines: The first line starts at [0.0, 0.0] and ends at [0.6, 0.0]. The second
line extends from [0.6, 0.0] to [0.6, 0.375]. The third line extends from [0.6, 0.375] to [0.0, 0.375].
The fourth line connects [0.0, 0.375] back to [0.0, 0.0]. Apply a scaling factor of 0.6 to the 2D
sketch. Next, convert it into a 3D sketch with Euler angles of [0.0, 0.0, 0.0]. Proceed by extruding
the 3D model with an extrusion depth along the normal direction of 0.075, while keeping the
opposite normal depth at 0.0. Scale the sketch again by a factor of 0.6. The resulting first part of
the CAD model has the following dimensions: a width of 0.6 units and a height of 0.075 units,
maintaining a curved side. The part is centrally positioned within the image."

Table 14: Prompts for generating user CAD initial text.
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User Simulation in the Dialogue-level Evaluation
Assume you are a user who needs to respond to the system’s question.
The system’s question is: “{system_message}”
Your designed corresponding parameters are: “{parameters}”.
Please generate a response to the system’s question based on your designed parameters.
If the parameter is “unknown” or other non-parameter information, respond with “unknown”.

Table 15: Prompts for dialogue-Level evaluation of user simulation.

Dispatch Agent
You are a dispatcher agent. Your job is to classify the task into one of two categories based on the
tags in the preceding task <>: ’ask’ or ’summarize’. Return only the category name without any
additional text.
Classify the following task into either ’ask’ or ’summarize’ category: {task}

Validation Agent
You are a validation agent. Your job is to determine if the output meets the requirements of the task.
Return only ’yes’ or ’no’ without any additional text.
Task: {task}
Output: {output}
Does this output fulfill the task requirements? Answer with ’yes’ or ’no’.

Asking Agent
You are an assistant for CAD operations. Generate a clear and concise question based on the task
description to ask the user.
Generate a question based on task instruction:
{task instruction}

Summary Agent
You are an assistant for CAD operations. Generate a comprehensive summary based on the
conversation history and the task description.
Generate a summary based on the task instruction and the conversation history.
Task instruction: {task instruction}
Conversation history: [...]

Table 16: Prompts for asking, summary, validation, and dispatch.
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Workflow Generation
You are a helpful and intelligent task planner, and your target is to decompose the assigned task into
multiple subtasks for task completion and analyze the precedence relationships among subtasks.
At the beginning of your interactions, you will be given the task description and actions list you
can take to finish the task, and you should decompose the given task into subtasks that can be
accomplished using the provided actions. And then, you should analyze the precedence relationships
among these subtasks, ensuring that each subtask is sequenced correctly relative to others. Based
on the analysis, you should construct a workflow consisting of the identified subtasks to complete
the task.
You should use “Node:
1. <subtask 1>
2. <subtask 2>" to denote subtasks, and use (x,y) to denote that <subtask x> is a predecessor of
<subtask y>, (START,x) to indicate the beginning with <subtask x>, and (x,END) to signify the
conclusion with <subtask x>. Remember that x, y are numbers.
Your response should use the following format:
Node:
1.<subtask 1>
2.<subtask 2>
...
Edges:(START,1) ... (n,END)
Now it’s your turn.
Task: Refine the user’s initial CAD design to the greatest extent possible.
The user’s initial CAD design: [...]
The action list you can take: [’ask’,’summary’]
’ask’ means to inquire from the user to obtain specific CAD modeling information.
’summarize’ refers to formulating a CAD design plan by integrating the CAD design information
from the conversation history.
Remember that the format of the Node must be:
Node:
1: <action type> subtask 1
2: <action type> subtask 2
...
Edges:(START,1) ... (n,END)

Table 17: Prompts for generating workflows.
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Asking Agent
CAD details design task: Based on the conversation history and CAD design priority rules, generate
a question for the user regarding the highest-priority CAD design detail that has not yet been
completed in the conversation history. The given conversation history is [...]
You are a knowledgeable and enthusiastic CAD design details recommender chatbot.
Your goal is to engage in friendly, casual conversation about CAD design details. Follow these
guidelines:
- Don’t say that you can’t give recommendations directly.
- As you are a chatbot, speak casually but not too informally.
- Respond appropriately to the seeker’s answers in line with your role.
You should elicit CAD design details by asking questions.
If user asked any question at previous turn, You should answer the question.
If there is nothing to respond to, please use the response “Alright!"
Response should be equal or less than 15 words.

ChitChat Agent
CAD details design task: Based on the conversation history and CAD design priority rules, generate
a question for the user regarding the highest-priority CAD design detail that has not yet been
completed in the conversation history. The given conversation history is [...]
You are a knowledgeable and enthusiastic CAD design details recommender chatbot.
Your goal is to engage in friendly, casual conversation about CAD design details. Follow these
guidelines:
- Don’t say that you can’t give recommendations directly.
- As you are a chatbot, speak casually but not too informally.
- Respond appropriately to the seeker’s answers in line with your role.
You should elicit CAD design details by asking questions.
If user asked any question at previous turn, You should answer the question.
If there is nothing to respond to, please use the response “Alright!"
Response should be equal or less than 15 words.

Planning Agent
CAD details design task: Based on the conversation history and CAD design priority rules, generate
a question for the user regarding the highest-priority CAD design detail that has not yet been
completed in the conversation history. The given conversation history is [...]
You are a knowledgeable and enthusiastic planning agent decide which response to generate.
Your goal is to engage in friendly, casual conversation about CAD design details. Follow these
guidelines:
- Don’t say that you can’t give recommendations directly.
- As you are a chatbot, speak casually but not too informally.
- Respond appropriately to the seeker’s answers in line with your role.
response from asking agent:{asking agent response}
response from chit-chatting agent:{chit-chatting agent response}
From the conversation history, determine whether user CAD design details is sufficient or not.
Must choose one of the candidate responses based on three different dialogue acts. These three
dialogue acts are: asking, or chit-chatting.
If there is nothing to respond to, please use the response “Alright!"

Table 18: Prompts for MACRS.
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Standard Prompting
Your current task is to determine the user’s intentions and satisfy their needs based on the provided
conversation between the user and the system. The given conversation history is [...]. Please
generate the response. If there is nothing to respond to, please use the response “Alright!"

Table 19: Prompts for standard prompting.

CoT
Your current task is to determine the user’s intentions and satisfy their needs based on the provided
conversation between the user and the system. The given conversation history is [...]. Let’s think
step by step. If there is nothing to respond to, please use the response “Alright!"

Table 20: Prompts for CoT.

Proactive Prompting
Your current task is to determine the user’s intentions and satisfy their needs based on the provided
conversation between the user and the system. The given conversation history is [...]. You may
choose to either inquire about a missing detail in the current CAD design or, if the current CAD
design is already complete, simply respond with “Alright!"

Table 21: Prompts for proactive prompting.

ProCoT
Your current task is to determine the user’s intentions and satisfy their needs based on the provided
conversation between the user and the system. The given conversation history is [...]. First, let’s
analyze step by step whether there are any missing details in the current CAD design. Then you
may choose to either inquire about a missing detail in the current CAD design or, if the current
CAD design is already complete, simply respond with “Alright!"

Table 22: Prompts for ProCoT.

PS+ Prompting
Your current task is to determine the user’s intentions and satisfy their needs based on the provided
conversation between the user and the system. The given conversation history is [...]. Let’s first
understand the user’s intentions and devise a plan to satisfy their needs. Then, let’s carry out the
plan to satisfy their needs step by step.

Table 23: Prompts for PS+ prompting.
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