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Abstract

Recent deep learning-based face super-resolution (FSR) works showed significant performances by utilizing facial prior
knowledge such as facial landmark and dictionary that reflects structural or semantic characteristics of the human face. However,
most of these methods require additional processing time and memory. To solve this issue, this paper propose an efficient FSR
models using knowledge distillation techniques. The intermediate features of teacher network which contains dictionary information
based on major face regions are transferred to the student through adversarial multi-scale features distillation. Experimental results
show that the proposed model is superior to other SR methods, and its effectiveness compare to teacher model.
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estimation results from the GT image, (c) LR image, (d) landmark estimation results from the LR image
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Table 1. Comparison of SR models in VGGFace2 and CelebA

Dataset Method Evaluation Metric

PSNR 1 SsiM 1 MS-SSIM 1 LPIPS | FID |,
Bicubic 25.74 0.731 0.852 0.5124 149.495

RCAN!"™ 26.59 0.779 0.891 0.3191 73.905

VGGFace2™ DBPN!™ 26.29 0.768 0.881 0.2971 48.336
HiFaceGAN!! 21.01 0.698 0.831 0.2635 31.375

Teacher 26.74 0.771 0.889 0.2413 31.431

Student (SSKD) 26.62 0.769 0.886 0.2511 34.764

Student (MSKD) 26.68 0.768 0.888 0.2411 32.347
Bicubic 26.1 0.744 0.856 0.4854 165.602

RCANI™ 27.17 0.797 0.899 0.2794 65.551

DBPN!' 26.83 0.787 0.89 0.2594 41.799

CelebAH?! HiFaceGAN®! 21.37 0.714 0.842 0.2315 25.342
Teacher 27.33 0.79 0.898 0.207 26.713

Student (SSKD) 27.21 0.788 0.895 0.2152 29.429

Student (MSKD) 27.28 0.787 0.897 0.2073 27.17
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Table 2. Quantitative Comparison between student and student w/o KD network in VGGFace2 and CelebA

Dataset Method Evaluation Metric
PSNR 1 SsiM 1 MS-SSIM 1 LPIPS | FID |
Bicubic 25.745 0.731 0.852 0.5124 149.495
VGGFace2 Studnent wio KD 25.837 0.75 0.868 0.2746 43.406
Student 26.682 0.768 0.888 0.2411 32.347
Bicubic 26.1 0.744 0.856 0.4854 165.602
CelebA Student w/o KD 26.306 0.766 0.875 0.2345 33.536
Student 27.288 0.787 0.897 0.2073 27.17
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Table 3. The inference time and memory usage comparison between
teacher and student network

Inference Time Memory Dictionary
(m/s) Usage (GB) Size (GB)
Teacher 0.4308 9.8 1.8
Student 0.0342 43 -
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