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Method introduction of Graph-CAD
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Task Description:
Generate executable CAD code from natural language instructions. 

Existing Methods:  
End-to-end Text-to-bpy Generation
No explicit assembly hierarchy
No explicit geometric constraints
Prone to error accumulation and cascading failures

Our Approach:    
Graph-mediated Text-to-CAD
Hierarchical decomposition + geometric constraints
Three-stage generation for robust and structured CAD synthesis
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Challenges in Text-to-CAD: 

• Long-horizon generation with interdependent CAD operations makes the 

process highly fragile.

• Without explicit assembly hierarchy and geometric constraints, direct text-

to-code generation easily leads toerror accumulation and cascading failures.



Key Ideas:

(1) Introduce a hierarchical and geometry-aware graph to explicitly model assembly 
hierarchy and geometric constraints;

(2) Use a three-stage generation pipeline to guide robust and structured CAD synthesis.
(Geometry Decomposition → Action Planning → Code Generation)
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Stage 1: Geometry Decomposition:
Build a hierarchical graph with explicit geometric constraints.  

Stage 2: Action Planning:  
Convert the graph into an ordered CAD operation sequence.

Stage 3: Code Generation:    
Translate the planned operation sequence into executable bpy code.
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Structure-Aware Progressive Curriculum Learning
Motivation:

As CAD assemblies become more complex, limited training data hinders 
generalization to diverse and structurally intricate designs.

Core Idea:  
Progressively improve the model by first identifying its current capability 
boundary, then generating new training instances near that boundary.

Core Modules:    
(1) Capability Boundary Exploration
(2) Boundary Data Generation
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Problem Generator:
Generate difficulty-graded variants from each seed example:

(1) Easy: size or texture adjustment
(2) Intermediate: structural adjustment
(3) Advanced: category derivation

These variants are used to probe the model’s current capability boundary.
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Exploration of Capability Boundary:
Test the model on graded variants from easy to advanced.

The highest difficulty level it can reliably solve is treated as the current capability 
boundary.

This boundary determines where to generate new training samples in the next 
iteration.
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Boundary Data Generation:
Generate new samples near the current capability boundary.

If the model solves Intermediate, new data is synthesized for Intermediate + 
Advanced levels.

Validated samples are then added to the training set for the next iteration.
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Experiment introduction of Graph-CAD
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Experimental Setups 
Datasets:

BlendGeo (Training Set)

A 12K dataset constructed for Graph-CAD, where each sample 

contains: user instruction + geometric decomposition graph + action 

sequence + executable bpy code.

CADBench (Evaluation Benchmark)

We evaluate on the public CADBench benchmark, which contains two 

subsets:

CADBench-Sim: in-distribution instructions

CADBench-Wild: out-of-distribution instructions
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Experimental Setups 
Evaluation Metrics

Original CADBench Metrics:

Used to evaluate visual quality and code executability:

Attr.: attribute accuracy                         Spat.: spatial relation accuracy

Inst.: instruction-following accuracy     Esyntax: syntax error rate

Our Added Metrics:

GCS: Geometric Constraint Satisfaction

NLA: Node-Level Accuracy

HLA: Hierarchy-Level Accuracy
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Quantitative Results

• Graph-CAD (SAPCL) sets the best results on both CADBench-Sim and 

CADBench-Wild.

• This validates the effectiveness of graph-mediated generation and structure-

aware curriculum learning for robust Text-to-CAD synthesis.



Qualitative Comparison Results

• Graph-CAD generates more visually plausible and instruction-aligned CAD 

models than existing methods.

• Compared with end-to-end generation, the three-stage graph-mediated pipeline 

produces more orderly part arrangements and more geometrically coherent 

assemblies, further validating the robustness of our framework.



Ablation Studies: Three-Stage Pipeline of Graph-CAD

• Removing either graph decomposition or action planning leads to typical 

failure modes such as assembly errors, unreasonable shapes, and even syntax 

errors, highlighting the necessity of both intermediate representations in robust 

Text-to-CAD generation.



Ablation Studies: Structure-Aware Progressive Curriculum Learning

• The figure above shows that SAPCL consistently outperforms both standard 

supervised fine-tuning and difficulty-unaware data expansion.



Thank you for watching!
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