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4. Motivation: Voxel Data Properties 5. Spira Design
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6. Methodology 7. Evaluation
- 3x Point Cloud Networks: ResNet, Large ResNet, UNet Averaged inference performance across 3 networks and 3 datasets | Performance benefits of Spira’s key ideas in UNet . Officially artifact evaluated as
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| Spira significantly outperforms existing works by 1.68* averaged across six GPUs | Largest performance gain comes from Spira’s Z-Delta search algorithm (118 x over TorchSparse++) |




