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Abstract

Deep neural networks have achieved great success in computer vision, natural language processing,
speech recognition and other fields. However, with the complexity of network structure, the neural
network model needs to consume a lot of computing resources and storage space, which seriously
restricts the development of deep neural network in the resource limited application environment
and real-time online processing application. Therefore, it is necessary to compress the deep neural
network without losing the performance of the model as much as possible. This article introduces
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the neural network model compression method based on knowledge distillation, combs and sum-
marizes the relevant representative works in the field of deep neural network knowledge distilla-
tion in detail, and prospects the future development trend of knowledge distillation.
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Figure 1. Typical deep neural network knowledge distillation framework
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Hinton %5 A\ [13]7E NIPS 2014 /32 H T %1 7&1# (Knowledge Distillation, KD) {4, HIHZRIE & —Fh
B 45 705, HoR S A Y a2 MR AR By ) B AN T B B ) — MR E R 2 b,
PR RUAR e B 1) [F) I S EEANER MR RE . SR VR BE R 22 O 2 R R TR 2R A0 ] 1 B, TR AR BOR Bl
B RIE X FR B 4%, FT3RBUR: Kt BRI BRI 2%, TR 0m 0 44 1)
FR, IF HAIZR)E AT T8 1a) B .

SR ZETRTTVE ) “RnAR” w] BLSE I R R R AR AR Y S A S SR IR R AR A e . B
A IR FE AR 2 I 28 Z8 TR DT VEARAE 27 I B AN [F) ) 3 2R T s et Z AR T BT a5 RE )
RN T2 DA S B T 0 S B 28 75 R R 21 07 AN R AT 23 9 T B 357 2T ) 28T VR A T 0
U ST ZRMBTTE o ASTREXS FTR 2R A 200 AR AT 78 BORBEAT PR 21

2. BT BRRHLENERIESZE

BEF i R B 8 0 5 VR I T AR AR (a2 R DR e IR iR, A SRR LS
FAbRZEARIL AR T AR IR, 2014 4F Hinton 58 A [13]7E NIPS E3&H 17— Fhdik T B0m-2% 25 W 2%
(TR ZR TR ZE , 120 F R RITR AR TT L 2 A Hinton S5 SR H (10 26011 228 VR E SR ie it 3 1 50T ) 25 1
Bt ORAR SRR, R BRI H AR 9 PR 7. 1) f8 H FR(Hard Target): =2 A7t 6
R 5 R AR T SEE A 2 3l A 25 (One-hot) 8] (R A2 UM 2) %K (Soft Target): “72E 5 BUmAS 7Y B H 45
RZ A28 XU, B4 NG IR S50 Softmax (%459, AW IRE S50 softmax 10 A (L) FT
7N

exp(z;/T)
YT (2, T) "

Kb T NIREZH, 2 RMAMKGREER 0, o ARG . B AT A S, (5155
AR REAE A0 BOMAR B tH IR o0 A0, T AT S5 BOTA R AR AT 45 RE T

T AR A AR e A B U b PR O AT, Kim 28 N [14138 H T —FhAH SG 7- 12 #7% (Factor Transfer,
FT)SRGEAT ENR 2R, e 32 B RAR D S AY (1)t 3R AT G B R AR o 2SR ) FH 36 A B0 28T B 2 (1 A
AT S, JF o AEBRIE I — N B AR R, RS SIS IO ENR, 5 E il FT 4512k R 80Kk i
MU BUT AN 2R X 28 2 [ R 7 22 57 . Passalis 46 A\ [15]4 i — Rt 2 0 A 52 203, 107 ik AR il 2
SIBOMAR AR REZR 73 A o K B0 AY vh () R s R SR 0 A kAT R0, i@ e/ IMAEBUMTRT 22 4 2 TR R 3R
AN BB AR AR SR AT AR, I INA S .

A 58 (R 7818 5 = 75 1k L e /IO R 2 A AR o B ) X AR LA A5 2K, A4S 2 AR ST 1 i S
i ] B BOMAR Y (R 5 o SCHR[L6]RI[ 1710\ I £e 75 AT 15 AR AR 28 I e 5% =1 B ZBOMASE AL i H 2 L
TCERIEZ ) RS ME . Bk, Park S8 N[16]42H T — Rk RALZEM Y 2L (RKD), FIH 242U 8y
(% G eSS K BT, AR RA KBS K BT IRBOC RE R, IFRHE BN BT RUAE 2 25 2 AR
R, TR L IR SR BRI ZR. Peng 25 N [171IA AR SE ) SR 2808 IR O T UM AN 22 R W 4% 2 [1]
IS — 3k, ABATER T ARG — B AR 2818 5 1L (CCKD), 7 VEAM G R T Sl — 8k, &t T
—ANFEAR T (R AH G 1 453 K R B2 SRR S IR 22 > 5491 2 R] R AF 9% — Btk

HATLL BERT NARGE K — R BRI T S51E S SO 1 3 28E 5 A B imAT 7715, el
FEVFZ HOME T AR % ERE IS RS LR R, (X e R S5k + 70 oK, HL 75 2K & 8
B BERR 7E RIZRId 12 . 2019 4F Tang 55 A[18]#& 1 —Fioxf Bert AL BEAT RIIRZAR MR 77 1%, ¥4 Bert
B ZEMA R Bi-LSTM 48 . 1% 777k S I 28 TR I 28 25400, HAR 2R R Bt 9350 73 4 i: Bi-LSTM 5 5K
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I 2 W10 50 S LA I 072 9 4 1 5 4347 (Logiits) 2 TR 3477452 2 o
3. BT HEGEREEIESZ

TERBE S 2T, — BORs I 28 [ st2 (R 4 B VR AR B 2% S BB RFIE . B T r B 45 SR 2 B B 218
A 285 v ) Bk 2 27 2 BIRRFIEAE A RN, 8 35 AR 2% 5]

Romero 55 A\ [19] 8 A&t 1 & T oM AL v 8] J2 3047 FIRZE TR0 U7V FitNets, %775 E 2 AR B
R 2O A (1) 1 H (Soft. Targets), 38 9%7E: - B0 9 2% Bl 2= BTl U RRAE - FitNets J7ik I 2557 1k
PN B, 25— BORIF R R 2 I B S48 T2 A 4, (1527 A I 4% v [ J2 560 0L 2800 I 285 v (1]
JEE s B R B TR 2 1 R AR DR H AR (Soft Target) i 2% A8 I 2% B4R i3E 47 2518

CHR[20]42 T 36T = SRR 107818 U7 2 (Attention Transfer, AT), HASF 248 5 A a4 1 1%
1o 75 2 A T 4% 7 20 T P 8% v (1] J2 (109 3 TR IE [E] (Attention Maps), AT IR 25 32 e 2 AR R IR 1

Huang 55 A\ [21]3& H 1 28 0 1% £ R R ZS TR 5755 , %07V 2025 AR I 268 A5 JHG v ) J2 AT I8 43 A
53T A ]2 0 0E 7 AR 55, SR FH B R S5ME 22 e AE 01 2R R A, i B BOMAN 2 A ARV AIE 2 T 1 22 5

SCER[22] N IR A R 5 2 s 45 R, TR 2] 2 5 R 2 BRIR R, R 12 S Z K 00 ) 2
B 52 2Z A58 RMUFE N 22 WM 15 2] Hbr, l i A 380 5 2 A I 285 37 2 2[RI ¢ R FRE FSP
Z W L2 JEECR AT 28R 25

4. BT HEOFOERIBSE

M3 B RFTL T E T, — AR 1) B 70 SRIL FFEA B 70 S 1A 3 B F) /ISR S IR P 95
RAET X AREA R 0 IR A, TSR A B S A BE D e T /B2, R vy DA P 2 A A R 2 > i
BRI S oA, AT SEEINS SRR Y 1 20

Heo %5 A\ [23]4 tH —Fft AB WU 525 SR AT AR A8 0, AR T N FERE B 28Rl f . ANie A A
FIAREE T BT B R BEAT 2R AR, 3 RO A F A 28 70 BOMOE X IR AT 20 . 1205 VR IR i KA
FER | 3 AR RAF SR MIL T LR AE T WAL, Heo 55 N [24]38 52 tH—Fh o IR HURE AR BEAT 1 S 80%
FAWTTE, BIT A U SRS R A IUAL T SR T IR A . D T RES S HER AR IE % T IR 3L
FHE R, ZOCREE T XTI FREA U GRp 2E 0 2R, DUBRTH 2 A W 4 X o A T 25 001 e

5. BT EERFINEKMBSZE

MR 22 20 J7 sCHIAN A, TR FEAR 2R N 28 2508 07 R SR 70 2 T B 352 S 2R VE A T X022 2T 1
WL BT AR AT IEA R TSR ZUN - 2 A& ZOmARHEL, B 2&mA R
GRop RN R LA G HOT I 28 (RS Y, 10 A2 1 R 48 PN 0 R AT 7281

Zhang &5 A\ [2514¢ ) 7 —H B 35 2 B 75 T AR AT, Bl 45 NGB 22 I 2% R RUBEOR 2. 25 6
T AR 22 W 45 TRV RE (PRE R ) o 1270058 SR X2 1) 23 g JUAN B 20, SR 6 DX 208 e R 38 o 0 R R s 4 5
BURAR 7Y, RIZE TR SNt BOMAR R 5 22 AR RR | T [R] — MR, 1% 05 920] DARRAR AR TR 22 ST I 2 AR L

5 H I RZBINEIAL, A EEE ) SRS v A AE HOMAR R, T 2 MY 2 [R] 22 50 . [26] 92 H
—MIRE R T7, INER EEH R TRIME RO, A 2 8025 R 4 . 1277750
ZA AW AN AT ISR, R 2 AP R A ROR M AR 4 . SER22 ). B MY 4 2Kk e 4
BAEPEEL 3. 1) 2 M) FUE S H 2 TR AE SO: 2) ANFIRR A i 2341 2 A1) KL #5% (Kullback-Leibler
Divergence).

Meng % A\ [27]32 th— Mg B ARG 75, BEIR MR AN RGeS 1ZTTETHAT
BEZAMLE, TR IS HOEAT BN, R AT 0 45 Hh A RO S B e 24 7 X 2% rp AN B B
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B Oy 7B PAT BRI, AR B R EE TR A v R B IR A 05 B, JFIR T A
I T2 N7 T ASL SRS oA 11883 4 2% (] RO 054545 2

6. BT IS E

BT RTBL A 21 (0 ZE W VE R F AR OB I 28 (GAN) SR BEAT AL A 2608 . Xu 55 A [28]4 H — i £ FH A
XU AT RIRZR AR A 9%, PRI SR AR X BT 28 R 2 ST K BRH8, LSIEEIL RN TR A0 1 2% 31 2 2 X 2%
MIFeRs o 1ZTT R E AR Rt A UL A1 45 R (Logits), 8 FH TN 2k PO 80T 0 28 SRR N
Kl 0% RS AT, AR5 AP S i R L i) 2 A X 2% )t AT T R 4 R Y B R 2 20 R 9
T 28 TC 12 IX G 25 A X 2% R80T ) 2% (1 1

7. BESRE

B TR L2 ST D R e, IR A2 M 2% AE — BEAL 55 BB T AR P HER ., (HR h T
MEEH R0, SHEE RGN, SRR A2 B AT A BORRIER, R o 3 52
M2 P AT BEAT IS 28 ROy 1 — DB R RNRZAR RS — Rl 2 N R R IR 46 i, AR SCRHARTE
P2 X 2% TR AR TR A ARG DT 25647 T VR RO 5 i 45

LB BOR FEAP 22 P 28 FAR KU T IR 2 R R Z M AT 2608, BBV BB s h . AMY
A TR RN A 22 (R PR, IEAF A A 7 2 S SRR A — B 1) TR ZE AR T 10 AR K (1 5 F AN
FON B ARUR L S IR (R S5 K AT 2500, 3B %% 8 B R X i N R AR AT 2808, ) S80S AR A 2k
VRS BOE DASRICE (O RPAE EL AR B2 AR o, A A5 A A AR AR R TN I AN T N B R A, A
T 27 AR (R RFAE B N S F S TR R
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