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Motivation 3D-WAG Autoregressive Generation

- 3D shape generation is crucial for
applications like AR/VR and digital
design.

- Existing models often struggle with

generating high-resolution and
coherent 3D shapes efficiently.

- Most hierarchical generative emgl E

approaches focus on token-level el

. . . o, o ope texture” —
predictions, limiting scalability and |

geometric detail.

- Can we improve hierarchical generation
of high-fidelity 3D Shapes using better 3D-WAG Method
framework and representation?

“A one-leg
chair made
of wood”

State-of-the-Art - Our approach is two-stage training approach. Input: Wavelet Volume Data.
- In Stage-1, we train a VQ-VAE with multi-scale patch-wise quantization.
- In Stage-2, codebook indices in the form of token maps are learned with an autoregressive

- Diffusion Models (UDiff). decoder-only Transformer prior model.
- AR Generation Models (ImAM).
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- 3D-WAG, a novel wavelet-guided V4 Codebook 7 D
autoregressive framework for
. . . Multi-scale — ~—
high-fidelity 3D shape generation. Quaniized Fetures fnput Token Map T
- Redefines the generation task as
“next-scale” prediction, enabling Experiments

efficient hierarchical generation using

wavelet input representation. Experiments

= Dataset: ShapeNet [1].

_ = Metrics: Coverage (COV), Minimum Matching Distance (MMD), 1-Nearest . .
Loss Functions Neighbor Accuracy (1-NNA), and Inference Time. - Dataset: DeepFashion3D [2].

- Highlights: Our model achieves the best COV, MMD, and 1-NNA scores with the Metrics: Coverage (COV), Minimum
Stage-1 Autoencoder Loss: factest inference Hme. Matching Distance (MMD), (1-NNA).

I, — )\ (= W” 4 . . . . = MMD-CD and MMD-EMD scores are
recon 2 Comparison of shape generation performance and inference time on the ShapeNet scaled by 10° and 102,

planes and chairs dataset.
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Comparison of shape generation on the
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Stage-2 Prior Model Loss: ethod COV 4 MMD | 1-NNA | COV 4 MMD | 1-NNA| |Time (s) DeepFashion3D dataset.
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Summary

Conditional Generation

- Unlike traditional methods, 3D-WAG
leverages multi-scale wavelet
representations to preserve global
structure and fine-grained details.

- We demonstrate state-of-the-art
performance on both unconditional and
conditional 3D generation tasks,
including text-to-3D.

“Long-sleeves “Short-sleeves
dress” top”

Examples of our text-conditioned shape generation. The
results show our approach generating globally coherent
output that follows the input text condition.

“Rotattimemehair YReclfiiners sota’”

Examples of shape generation conditioned by class: airplane
Future Work (top), car (middle), and sofa (bottom) categories.
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