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Abstract: A multi-modal learning based point cloud classification network model MPC~CLIP is proposed to address the problem of large pa-
rameter quantities and low training efficiency in 3D point cloud classification networks due to the disorder, sparsity, and complexity of point
cloud data. Firstly, project the original point cloud data into a two—dimensional depth map from multiple perspectives; Secondly, using the
text encoder and image encoder trained in two—dimensional CLIP, the text description features of the point cloud and the image features of the
projected image are extracted respectively, and the correspondence between text features and image features is explored from the trained mod-
el; Finally, each image feature is weighted and summed with all text features, and cosine similarity is calculated to obtain the final zero sam-
ple classification result. Conduct zero sample classification and ablation experiments using the classic point cloud dataset ModelNet40, and
fuse the MPC—~CLIP model with multiple classic 3D point cloud classification models. The experimental results show that after integrating the
proposed model with other 3D point cloud classification network models, the average classification accuracy improved by 0.9% to 1.9%, and
the overall classification accuracy improved by 0.8% to 1.7%, demonstrating its effectiveness and robustness.
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Fig. 1 Structure of CLIP model
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Fig.2 MPC-CLIP model structure
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Table 3 Classification accuracy before and after adding MPC-CLIP

model to different networks
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