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Facial Parsing Techniques with Knowledge Distillation based on
Logit Distribution Transformation
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Abstract

Face parsing plays a crucial role in applications such as face manipulation. In edge devices or real-time inference
environments, model lightweighting is essential. While logit-based knowledge distillation has been actively studied in
classification tasks alongside feature map-based methods, its application to face parsing poses challenges such as the
common temperature setting issue and the limitation in transferring pixel-wise information. In this study, we introduce
logit-based knowledge distillation to face parsing tasks, analyze the limitations of existing methods, and propose an
improved logit distribution transformation technique. This technique alleviates the common temperature issue and is
designed to enable the student model to effectively inherit pixel-wise information from the teacher model.
Experimental results using the CelebA-Mask-HQ dataset demonstrate that the proposed method significantly enhances
the performance of lightweight models.
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Fig. 1. Comparing logit-based knowledge distillation methods (a) Initially proposed basic knowledge distillation method,
(b) Knowledge distillation method applying logit standardization, (c) Proposed logit distribution transformation method
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