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Improvement Method of Prototype Network Based on Class Attention

CAO Zenghui'

CHEN Hao'

CAO Yahui?

(1.Guangdong University of Technology, Guangzhou 510000, China
2.Zhengzhou Vocational College of Industrial Safety, Zhengzhou 450000, China)

Abstract: Small sample learning is an important challenge in image classification tasks, which can effectively solve the

problem of reduced model accuracy due to limited data volume. A prototype network improvement method based on class attention is

proposed to address the problem of difficulty in accurately obtaining common features within classes in small sample learning. Using

mask images for data preprocessing and image enhancement to improve the quality of raw data; Introducing attention mechanism to

selectively focus on important information in feature maps to enhance feature extraction capability; Design a class attention module to

extract class prototypes with attention information. The experimental results show that on the minilmageNet dataset, the classification

accuracy of this method has improved by 2% compared to the baseline, verifying its effectiveness.

Keywords: prototype network; small sample learning; data enhancement; class attention; image classification
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MMN23] Vggl6 53.37% 66.97%
AANE4 Vggl6 54.89% 62.37%
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Reptilel?] Vggl6 48.21% 66.00%
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