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Distilling Inter-class Distance for Semantic Segmentation

DENG Wen-Ge', WANG Ya-Jun', SUI Li-Lin', SUN Guo-Dong', ZHANG Zheng-Bo’

'(CHN Energy Digital Intelligence Technology Development (Beijing) Co. Ltd., Beijing 100011, China)

*(State Key Laboratory of Information Engineering in Surveying, Mapping and Remote Sensing, Wuhan University, Wuhan 430079,
China)

Abstract: Knowledge distillation is widely adopted in semantic segmentation to reduce the computation cost. The
previous knowledge distillation methods for semantic segmentation focus on pixel-wise feature alighmént and intra-class
feature variation distillation, neglecting to transfer the knowledge of the 1nter class distancey which is important for
semantic segmentation. To address this issue, this study proposes an inter- class distance distillation (IDD) method to
transfer the inter-class distance in the feature space from the teacher network to the student network. Furthermore, since
semantic segmentation is a position-dependent task, thus.this study e;cploits a position information distillation module to
help the student network encode more position information. Extensive experiments on three popular semantic
segmentation datasets: Cityscapes, Pgscal VOC, and ADE20K show that the proposed method is helpful to improve the
accuracy of semantic,segmentation models and achieves great performance.

Key words: knowledge distillation; semantic segmentation; model compression
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