BHSRE

Control and Decision

T HRENTEINS REMRBIETE
SR, RO, SRR, MRk, HRE

SIHAS:
gREE, JENAE, FKEE, & ETHENEBENPEFEIINEZ RN

o

WO LT]. S Y, 2025, 40(3): 880-888.

TEZRIR]IE View online: https://doi.org/10.13195/1.kzyjc.2024.0290

BT BRSO HAB S EE

Articles you may be interested in

B ALY AR E R GERY AN s T ] S5
Point—to—point iterative learning control and optimization for uncertain systems with constrained input

Pl 5P 2021, 36(6): 1435-1441  https:/doi.org/10.13195/j.kzyjc.2019.0908
BT 2R A N 28 I AT 27 2 B 5T

Research on imbalanced learning based on conditional generative adversarial networks

P 53, 2021, 36(3): 619-628  https://doi.org/10.13195/j kzyjc.2019.0522
BT RS AL E 2] 5 AR T K ZE 1A BE O Ak

Scheduling optimization for flow—shop based on deep reinforcement learning and iterative greedy method

Pl HsE. 2021, 36(11): 2609-2617  https://doi.ore/10.13195/ kzyjc.2020.0608
MADDPGH %256 A St B L

Multi—agent deep deterministic policy gradient algorithm via prioritized experience selected method

Pl 5 PR, 2021, 36(1): 6874 hitps://doi.org/10.13195/j.kzyjc.2019.0834
SEETE IR A PR 2 00 26 52 AR U AR Y

Recurrent neural networks based paraphrase identification model combined with attention mechanism

Pl 5. 2021, 36(1): 152158  https://doi.org/10.13195/j.kzyjc.2019.0638


http://kzyjc.alljournals.cn
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2024.0290
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2019.0908
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2019.0522
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2020.0608
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2019.0834
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2019.0638

5540 % 553 W # % 5B x K Vol.40 No.3
20254 3 H Control and  Decision Mar. 2025

ETEREMNMFINSREMARERGE

sk RXREN KR, MEK, BRE!
(1. R TR HHENRRY 5 TR, 2280 MER 232001; 2. P52l FRHEOK Y BTk, 7542 710126)

T E B LR AR AR DR O 5 A AR 2 RS 22 R K, KR DA Rk i, T U A M RE A I 1) A
PR — P T W E A ST I 2 R RNIRZE IR 5 1 (SAMKD), FEFI ] B M B A fi o STt — 25 7 A el 2 R
FEARRAE 5 0 28 2K 3y tHARFALE logits FIVEE 77, 1 2, 91 N 25 1 B T LA A0 e B B IR 4% 5 205 SR UG, 0T 2 49 SCi B
PR 28 SR EW 32 T 0 285 (1) 22 ROBEAFAIE, BE I SRR o8 2 IR BHE S5 B a, RIS Hi 2% 20 1) Zon il g AR AT 2 B B Bt
WIZR, ¥4 2 2 O A 280 V5 R A0k, 78 3 N FA PR 1 A T 88 48 CIFAR-10. CIFAR-100 F1 Tiny-
ImageNet A7) V2 VT4, 5206 45 F4% B AT HE th 75 VA S5 3 h S i3k il 28 188 0 1 AT 5K I 3. 4 7.

XHEIR): JINARTE: BB xR 2 RUEAHIE

FE DS TP391 XHRFRERD: A

DOI: 10.13195/j.kzyjc.2024.0290

SIRME: TR, PR, SRR, 55, BT B BB o) 1 2 RO R 2808 772 (0], 4515 PR, 2025, 40(3): 880-
888.

N

Multi-scale knowledge distillation method based on self-supervised
adversarial learning

ZHANG Jian', LIANG Xing-zhu”, ZHANG Kangz, LIN Yu-e', XIA Chen-xingl

(1. School of Computer Science and Engineering, Anhui University of Science and Technology, Huainan 232001,
China; 2. School of Microelectronics, Xidian University, Xi’an 710126, China)

Abstract: To address the challenge of ineffective knowledge transfer and poor student performance in offline
knowledge distillation due to the significant scale gap between teachers and students, a multi-scale knowledge
distillation method based on self-supervised adversarial learning (SAMKD) is proposed. This method leverages self-
supervision and adversarial learning to further develop the potential of intermediate multi-scale features and network
logits. Firstly, the paper introduces supervised network learning using multi-angle geometrically transformed images.
Then, it designs a multi-branch auxiliary network to extract multi-scale features from the backbone network, thereby
enhancing supervisory information. Finally, it employs a binary adversarial training approach inspired by adversarial
learning for multi-stage adversarial training, effectively facilitating comprehensive knowledge transfer across multiple
levels through distillation. Extensive evaluations on three challenging public datasets, CIFAR-10, CIFAR-100, and
Tiny-ImageNet, demonstrate that the proposed method exhibits robust competitiveness and outperforms other state-of-
the-art knowledge distillation methods.
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Mg H AR AWM IX TR LB B, 3 SAMKD B4k 2722 AR5 0 5, 2vE 7E 5

SAMKD % &t e T- HAh 753, 5 — S edb A SRk FE v R g 2% =) 1 3 5 (0 AR AR AL T R e
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#4 T EZEIBFETE CIFAR-100 L Top-1 HEfHE %
ResNet-56 ResNet-110 ResNet-32x4 WRN-40-2 WRN-40-2 VGG-13
distilati teacher 72.34 7431 79.42 75.61 75.61 74.64
isifiation manner student ResNet-20 ResNet-32 ResNet-8x4 WRN-16-2 WRN-40-1 VGG-8
69.06 71.14 72.50 73.26 71.98 70.36
FITNET ICLR 2015 69.21 71.06 73.50 73.58 7224 71.02
AT ICLR 2017 70.55 7231 73.44 74.08 72.77 71.43
FT NeurIPS 2018 69.84 72.37 72.86 73.25 71.59 70.58
AB AAAI2019 69.47 70.98 73.17 72.50 72.38 70.94
PKT ECCV 2018 70.34 72.61 73.64 74.54 73.45 72.88
cc ICCV 2019 69.63 71.48 72.97 73.56 7221 70.71
CRD ICLR 2020 71.16 73.48 75.51 75.48 74.14 73.94
RKD CVPR 2019 69.61 71.82 71.90 73.35 72.22 71.48
VID CVPR 2019 70.38 72.63 73.09 74.11 73.30 71.23
sp ICCV 2019 69.67 72.69 72.94 73.83 7243 72.68
SRRL ICLR 2021 71.57 73.48 75.39 75.69 74.64 74.04
DKD CVPR 2022 71.97 74.11 76.32 76.24 74.81 74.41
NKD ICCV 2023 70.14 73.37 75.34 75.73 75.21 74.46
NormKD arXiv 2023 71.40 7391 76.57 76.40 74.84 74.45
NORM ICLR 2023 71.61 73.95 76.98 76.26 75.42 74.46
CTKD AAAI 2023 71.19 73.52 76.16 75.45 73.93 73.52
SAMKD — 72.30 74.45 76.10 76.54 75.49 74.49
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