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This study introduces a deep generative model for thin-plate structures, which integrates local geometric fea-
ture extraction and curriculum learning. The model leverages DeepSDF, a decoder-based neural network, to
implicitly represent shapes via signed distance functions (SDFs). To improve shape reconstruction accuracy,
we enhance DeepSDF by incorporating point cloud feature extraction for adaptive weighting. Furthermore,
a curriculum learning strategy is employed to facilitate progressive network training. The experimental re-
sults demonstrate that the proposed model achieves enhanced shape reconstruction fidelity. This model and
its associated methodology contribute to advancements in thin-plate structure modeling using deep learning

techniques.
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