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3D Shape Recognition Based on Multi-task Learning with Limited Multi-view Data
ZHOU Zi-qin and YAN Hua

College of Electronics and Information Engineering, Sichuan University, Chengdu 610065, China

Abstract With the rapid development of 3D scanning technology.3D shape analysis has been widely concerned by researchers.
Especially with the significant success of deep learning in computer vision, the approaches of 3D shape recognition based on multi-
view have become the dominant methods. In the previous work,we notice that the amount of 3D shapes is essential for the recog-
nition accuracy. However,due to the limitation of professional 3D scanning equipment, the 3D shape data is hard to collect. In
fact, the scale of existing benchmark datasets is far smaller than that of 2D datasets which impedes the development of 3D shape
analysis. In order to solve this problem.we mainly develop an optimal strategy of 3D shape recognition with limited data. Inspired
by multi-task learning, we develop a novel network with multiple branches and construct an auxiliary comparison module based on
metric learning to exploit the similarity and discrepancy between different samples intra-class and inter-class. The proposed net-
work mainly includes a primary branch and an auxiliary branch, which respectively use disparate loss functions with different
training tasks and hyper-parameter to balance different loss items. The primary branch aims to obtain the prediction of classifica-
tion and uses Cross Entropy Loss function to train it. While the similarity scores of different samples are calculated by the auxilia-
ry module,and the Mean Square Error is used to update this branch. Both two branches share the same feature extractor to pro-
ject all samples into the same representation space and train the structure jointly in training phase, while the primary branch
would be used in testing phrase to calculate the accuracy. Extensive experimental results have reported on two public 3D shape
benchmark datasets which demonstrate the effectiveness of our proposed architecture to enhance the discriminative power and
achieve better performance compared with traditional methods.especially in the situation where merely has limited multi-view data.

Keywords Multi-view 3D shape, Limit data. Auxiliary branch, Multi-task learning,3D shape recognition
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Fig. 2 Architecture of feature extractor module

Overview of algorithm of multi-task learning with limited multi-view data
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