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A Comparative Study of Knowledge Distillation Methods in Lightening a
Super-Resolution Model
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Abstract Knowledge distillation (KD) is a model lightening technology that transfers the knowledge of deep models to light models.
Most KD methods have been developed for classification models, and there have been few KD studies in the field of super-resolution
(SR). In this paper, various KD methods are applied to an SR model and their performance is compared. Specifically, we modified the
loss function to apply each KD method to the SR model and conducted an experiment to learn a student model that was about 27
times lighter than the teacher model and to double the image resolution. Through the experiment, it was confirmed that some KD
methods were not valid when applied to SR models, and that the performance was the highest when the relational KD and the

traditional KD methods were combined.
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Fig. 3. Datasets used in our experiments.

Table 1. Network parameters of teacher and student
models used in our experiments.

#filters #resblocks #params
Teacher 256 32 40.7M
Student 64 16 1.5M
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Table 2. Mean PSNR results of EDSR with various knowledge distillation methods when scale factor = 2.

Student
Teacher
w/o KD HKD CKD RKD RVKD RKD+HKD
Setb 38.193 37.832 37.852 37.879 37.868 37.832 37.846
Set14 33.948 33.402 33.355 33.408 33.368 33.346 33.419
BSD100 32.32 32.028 32.06 32.049 32.019 32.02 32.061
Urban100 32.967 31.594 31.671 31.604 31.486 31.569 31.671
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