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Abstract  With the rapid development of artificial intelligence, deep neural networks are widely
used in various research fields and have achieved great success, but they also face a lot of challenges.
First of all, to solve more complex problems and improve the training effect of the model, the
network structure of the model is gradually designed to be deep and complex, and it is difficult to
adapt to the development of mobile computing for low resources and low power consumption.
Knowledge distillation was originally used for model compression as a learning paradigm that
transfers knowledge from a large teacher model to a compact student model and improves
performance. However, with the development of knowledge distillation, its teacher-student
architecture, as a special transfer learning method, has evolved a rich variety of variants and
architectures, and has been gradually extended to various deep learning tasks and scenarios,
including computers vision, natural language processing, recommendation systems, etc. In addition,
through the learning method of transferring knowledge between neural network models, cross-
modal or cross-domain learning tasks can be connected to avoid knowledge forgetting; it can also
achieve the separation of models and data to achieve the purpose of protecting private data.

Knowledge distillation is playing an increasingly important role in various fields of artificial
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intelligence, and it is a universal means to solve many practical problems. This paper sorts out

the main references of knowledge distillation, elaborates the learning framework of knowledge

distillation, compares and analyzes the related work of knowledge distillation from a variety of

classification perspectives, introduces the main application scenarios, and finally discusses the

future development trends and provides insights.
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T3 2 IF H AR FR 2R AT DL Al ) 28 18 2 T O
A AT EAL A BT

KT WE AP 0 2 1A R B A R e H AT
DI G0 B R AT, (L2 fh T 22 D0 205 A B 1) T fie R P AT
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SO S TESR 8 5 P R O T 2R 18 D B A i B (H 2
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TRAESE BB S A — > & i fag B 8 4 Bl 2 —



1644 it "

Hl

Y,
&

i 2022 4F

AN O R 4, 2RIV B0C S H AR B S 00 28 5] 5k
AR S SR 5 2000 7 A2 3 B s 4 KD 453 2% F06F 401 41
KA g KD #k v LG 222 2] i
B 5 T A K B 00 A5 Y ) o ) A e A —
Tift G 56 73 A B ROR

P25 HIAR 28 10 O v BLUR T 50 ) F O HLAR FHCR
8 2 A Ry B AR T RS TR A ) A 2 SRI 3R 5K Y
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FEMBCHE IR 2 B TAE G 09 3 K AT 55 R T ik X
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2R AR AR R B T C 2 A IR Z IR AR 2 5
R G IR R R RO v i) 2 R 2K
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(Block-to-Block) 2 [i] ——%J B . 4 & 5(a) iR, W
F14) ) ¥4 26 18 54 41 ResNet £ %1) \DenseNet 2 %1 %, X
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AR A R AR IE B ROR. DA B DL A4
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T2 FitNets P28 ] T3 fic o A= 155 84 1 v ] )2
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(788 4345 L ZEIRAE 22 VID, L 5 A BR B2 b F) ] 00
2 AR ) 4 22 ) R I bR 25 /Y BRSO B R A
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PR 2 R P TR
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BESE L AT LAZE G i sk 2 > oo 2] 45 B ek
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P SR A ZE 4R 00 B A JIr A9 80 %) JEEEURE [ AR e I 2R
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Xt T PR BURF AL P BT SCOR AR SR AT O A R AL
W ZE 18 77 205 o ] J2 R 28 18 1 S BR R 43 0 A 2
o B O LA 4 LA B A T AS A AR S Y
ZEAR TV, Lin 58 AU B SO EE S fR i T —
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TG F. You 45 A $ DX 48 0] iz A0 RE 2548 1 Oy
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2R C R MG L B SR E 5 AR BT 2L
it AL TG O AR SR A A KO8 78 R AE A TR AL =2 (1)
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A4 00 ) 24 i IO [T I 38 3 2 AT 45 A K QB
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12 ™M 2% (Graph Convolutional Networks, GCN)
RUAL jeb 25y 2 PR AR B T — > R AR S 4 1 B A
AR A U T AR Y g R BRUE T AR b
T SC o FF e AL 338 3] 2 AR AR Y Ry TR AR R L 2R Bl
Zhang 55 NNV T — R E 1 B B BRI AE L
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Frs. — R & » 2 AE ZE AT 2 e — > B A Y A —
A E A BRI B T A 2 AL S 5 2R R 2
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75 TR AE SR 2 BRI IR VI 2 B4 4 ] T %) B B i 1Y
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7N X R GERR N T A 28 1R COURR Ry To B8 26818
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4.2 FELFEB
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P 88 22 Ao AR R R — 2 1 R O K A ] A g 3 R
VBN BARZ [ (2% 2] H AR, W Zhang 45 AN 42
WA 2 A R 27 ) R 2 T R R v 2 T BSOR L IF
HitY 3| 7 2w AR H 22 ] 193 5. Chen 55
NEU S 2oL T G 2 AR S 2 R Y T ok B TR 2 T
TE— % 76 18 5 e v i A% S A8 Y i vy 4R R AIE A
logits . il i £ 5 7 MUK 7 A A logits #2 B AL HE $i
WO AL 3 25 A F TR S R & D A
AP B 25 S IF AR e e AT 25, e Ah,
B AESCHRTTS T4 R B2 X BT . 2 > 14 ¢ A1 2 3Ty
5 IR v 27 2 15 8 70 2ok 4R T B N H AR S 15
O Z TR R T B B I IR T
BT 2 18] a] LAAH Al 1 52 B H 4b.

HZFEI. AW THY ] g EZ A
SRR e T S A S U A A O iR B A
P IR AR BB 25 2% L DR B A S i H
(9. 4 Lan & AV $8 58 28 78 24> 43 30K B B
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ALY ZEAL) 38 2o 15 B 1) 19 4 ok 52 B AR T IS TR £
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TR T G SR LA 2 2 R AR R U A Y I AR ). aX
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TR BT LA F 2 AE 552 00 R R R
PR 4,

R % 3. th]H 2% 3 (Collaborative Learning)
JE T B4R I MR ) — A BF 5T R S ST
B G Eh R A o EE R AR AR S BN 2 A S i
o3 3 92 BRI AR B O B8 O 52 B2 A B [ O
#i. Song %A GIAT Bl 2T AEAR ] (4 Y1 2R 4
i bR I 22 A 03 S i - LA 5 12 1 00 A 25 e
R R L TN T AN B HE R e AR B
G52 AT 55 o7 T AR B R b 34 10 B Guo 4
NP R T R Ao i ) 2 2 v A R AR
B3 1% 0T WL RE RS 5 B4R R H A R ) o 2T RE D Y
TRBE A2 W 26 (1927 AL E 71, Guan &8 A0 B ] 2%
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BAEAR D B REAS b i A7 27 ) B a] S48 . PR L AR
22 F N R T > & S E N T e G

T BB T 2] B W A B Y B R

TEDFEA (Few-shot) 73 AT 55 . B i@ i X & 1
T 25 A A PR 2 2] Y00 55 TR0 DS o A 1 2 L G G
F i G B A SR AN el AT K 3R R JF A T AR o
TCHPRRT DLR SRR GEE %, HET R 2
WFgE T R R 6 B S A B R AT 55 =2
(] S 3 0 R A% 3o A I = DR B 1 0z A
A, Hgh g anE 16 Frs. 4 Dvornik 58 AW 38 1 %
AP ) TCHR 2 B LA 5 /I 8 AR i 28 K 8 S I 245 1) A
TR IE 2 B0 A I 2% {1 75 B R 1k Re A5 B4R IF. Li %%
R ) R AR R 2 AR BE A DN TG A 2 11 D B
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Background

With the rapid development of deep learning, it also faces
a lot of challenges. Firstly, the model has become more and
more complex, making it unable to be deployed on embedded
devices and mobile devices. Secondly, deep learning seriously
relies on manual labels, causing huge costs and expenses.
Finally, the security and privacy issues of deep learning have
gradually attracted researchers” attention. Knowledge distil-
lation is one of the important technologies of model compression.
It belongs to the category of transfer learning, it can not only
be used for model compression but also integrate with various
fields, and can solve many difficulties of deep learning at
present. Therefore, knowledge distillation has gradually
been valued by researchers since it was proposed. Because of
its simplicity, ease of use, and scalability, it has been widely
concerned and applied in the industry at present.

Our team has been committed to research in areas such

as model compression and knowledge distillation and has

achieved certain research results in data-free distillation and
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ZHANG Wei, Ph. D. ., professor. His research interests
include data mining, recommender system.

WANG Jun, Ph. D., professor. His research interests

include machine learning, computer vision.

model quantification. Due to the rapid development of

knowledge distillation and the numerous and complicated
articles, it is difficult for beginners to get a complete picture.
During the research, our team has collected a lot of materials
and documents, but most of them are in English, which is
not convenient for domestic researchers to read and learn. To
introduce the research status and solution of knowledge
distillation and to facilitate researchers to understand knowledge
distillation from a macro perspective.

We categorized and summarized based on current research,
introduced the current research status, as well as some repre-
sentative methods and ideas in the process of integrating with
various fields, and discussed possible development trends of
the future. We published and shared this article in Chinese to
facilitate more domestic researchers to learn. At the same

time, we also hope to attract more researchers’ attention and

contribute in this direction.





