CAD-MLLM: Motivation: Multi-Modal CAD Generation + Autocompletion

Unlfylng MuItimodality-Conditioned We aim to design a unified Computer-Aided Design (CAD) generation
CAD Generation With MLLM system that can easily generate editable CAD models based on the
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The network could process three single
modalities or any combinations of them.

Except for the textual descriptions, each
modality is first processed through its
corresponding frozen encoder before being
further integrated. Subsequently, they are
passed through a trainable projection layer,
aligning them within a unified language
feature space.

The fine-tuned Large Language Models
(LLMs), augmented  with Low-Rank
Adaptation (LoRA), then process a
combination of the prompt and the projected
embeddings, enabling the accurate
generation of CAD models.
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user’s inputs in the form of different modalities.

Our algorithm generates
valid partial designs by
identifying operation
boundaries and performing a
dependency trace to
preserve all referenced
entities. This ensures every
truncated sequence is
geometrically consistent
for incremental training.
Consequently, we amplified
the original 58,653 models
into over 197,000 valid
design sequences.

train/loss

Training configs:
modality_sample_probs={
"text": 0.2,
"text+point_cloud": 0.3,
"text+image": 0.2,
"text+point_cloud+image": 0.3,
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max_seq_length=4096
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