PRE PR R 4RR S RAL T IR IR FE 41
TR, BSE, AW, sk, BREL I, SRR

FIHASLC:

TR SCSE 5% 5 W 5K T BRI R 1, Sh R . o 22 R 28 TR AR IR G AL T R BOBIE S SR ). B RE R G4, 2024, 19(1): 36—
57.

NING Xin, ZHAO Wenyao, ZONG Yixin, et al. An overview of the joint optimization method for neural network compression[J]. CAAT
Transactions on Intelligent Systems, 2024, 19(1): 36-57.

TELRIAEE View online: https:/dx.doi.org/10.11992/tis.202306042

LT RRIRSER HA S FE
TA ) A2 AR N GRAS N R I A T 1

Object detection model optimization method for car—level chips

BHEZR G 2AR. 2021, 16(5): 900-907  hitps://dx.doi.org/10.11992/tis.202107057
TCIZ P2 IS AR a8 NS SR ) 1o, FH S5 ik e

Research progress and application of memory neural network in robot navigation

BHERGFR. 2020, 15(5): 835-846  https://dx.doi.org/10.11992/tis.202002020
Pl 22 W 28 HEREDIT S0 e

Research advances in graph neural network recommendation

HIBE R Gi244]. 2020, 15(1): 14-24  https://dx.doi.org/10.11992/tis.201908034

— M EA TR 2T BE T I RBF-NNG 2 K HN
A RBF-NN algorithm with transfer learning ability and its application
FRE R G274 2018, 13(6): 959-966  htps://dx.doi.org/10.11992/1is.201705021

HHEALEIR AT S A
Research and development of computer games

BIRERGE ). 2016, 11(6): 788-798  https:/dx.doi.org/10.11992/tis.201609006
BEHUR I 22 M 25 BT IR 5 i 22

Review and prospect on neural networks with random weights

BIBE R Gi244]. 2016, 11(6): 758-767 https://dx.doi.org/10.11992/tis.201612015


http://tis.hrbeu.edu.cn/
http://tis.hrbeu.edu.cn/
http://tis.hrbeu.edu.cn/
https://dx.doi.org/10.11992/tis.202306042
https://dx.doi.org/10.11992/tis.202107057
https://dx.doi.org/10.11992/tis.202002020
https://dx.doi.org/10.11992/tis.201908034
https://dx.doi.org/10.11992/tis.201705021
https://dx.doi.org/10.11992/tis.201609006
https://dx.doi.org/10.11992/tis.201612015

5519 B4 1 B OoRE R & % it Vol.19 No.1
2024 4E 1 H CAAI Transactions on Intelligent Systems Jan. 2024

DOI: 10.11992/1i5.202306042
[ 2& t R b3k : https:/link.cnki.net/urlid/23.1538.TP.20240102.1655.002

MK EAR B A T EZRN R RIR

g | N 2 = 3 g, 1 ok e 1 1

TRRO,RILRA, ZHU,KREK, K3, A%, LRIk
(1. PEA SR FFHRFRLH, LT 100083; 2. A8 Tk K 5 b FF 15, 24 402 230009; 3. + B A3 15 &
LA EHF B, LT 100864; 4. I KF ALHAEF R, X% 300071 )

g

OB AN TR e M SERT M | BRFAE IR 2 TR RIS K, ARG & 1 ER 35 (5 1 e 00 28 25 1
s . TR WA G T B TG L ) DIFE L S AE e BRI, R O VR B e 4 D 485 1 i 0 2 AT AR
R—MNERMOPE . HAT, ST LR Bk 50— A T2 2 B A0 A 48 0 4 K 4 DAGE G R AR E AR . BB B
B IR 0 B A B AS L AL ENIRZE R, R O TR U A B R [ B I R 4 T S IR A I A SR
IE A R IR B 3RS o AR SR S X AR TR e 400 Rk AT TR AR R, SR JE S T R R IR R R | <R
T+ AL R BB AR 3 AR LA IR & 4R Bk, A ITIR IR T A R 46 0 A AR R O ik, BRI T
o228 P 28 T 4 Bk A A AL T R AR SR I B s R R T Il

KGR MWL R4 YA m Al R ZEME ; AR AR R 4 s TR 24 )

HESES . TPI8]  IEREERL: A X EHS.: 1673-4785(2024)01-0036-—22

35 AR TR, B R, RET, & MENKERKS AL T ZHHARERR J). BEREFH, 2024, 19(1): 36-57.
#1325 A1&3: NING Xin, ZHAO Wenyao, ZONG Yixin, et al. An overview of the joint optimization method for neural network
compression[J]. CAAI transactions on intelligent systems, 2024, 19(1): 36-57.

An overview of the joint optimization method for
neural network compression

NING Xin', ZHAO Wenyao’, ZONG Yixin’, ZHANG Yugui',
CHEN Hao®, ZHOU Qi', MA Junxiao'

(1. Institute of Semiconductors, Chinese Academy of Sciences, Beijing 100083, China; 2. School of Microelectronics, Hefei Uni-
versity of Technology, Hefei 230009, China; 3. Bureau of Frontier Sciences and Education, Chinese Academy of Sciences, Beijing
100864, China; 4. College of Artificial Intelligence, Nankai University, Tianjin 300071, China)

Abstract: With the increasing demand for real-time, privacy and security of Al applications, deploying high-perform-
ance neural network on an edge computing platform has become a research hotspot. Since common edge computing
platforms have limitations in storage, computing power, and power consumption, the edge deployment of deep neural
networks is still a huge challenge. Currently, one method to overcome the challenges is to compress the existing neural
network to adapt to the device deployment conditions. The commonly used model compression algorithms include prun-
ing, quantization, and knowledge distillation. By taking advantage of complementary multiple methods, the combined
compression can achieve better compression acceleration effect, which is becoming a hot spot in research. This paper

first makes a brief overview of the commonly used model compression algorithms, and then summarizes three com-

EEINNT3 ]

monly used joint compression algorithms: “knowledge distillation + pruning”, “knowledge distillation + quantification’
and "pruning + quantification", focusing on the analysis and discussion of basic ideas and methods of joint compression.

Finally, the future key development direction of the neural network compression joint optimization method is put forward.
Keywords: neural network; compression; pruning; quantization; knowledge distillation; model compression; deep learning
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BT HEAT AR, X 38 K T I Gk AR A ]
BRI 2 Ab, AR ZE 1 w5 25T XA R AT 55 M i
T AR AR pR RS LS B U B O RCR , X T
WGRRTTHRE AR

2) (5 R B« FARZR R A 7 5t 2 IR A
P 28 45 Ky A0 7 T3 55 W 5 T DAL 7 R 45 45 4 T
VAT, R TR 18 A T R T M A A A e 22
2% T BR8P0 255, (ELNS T AR S5 R A 22 0 4% 4
8 B 25 o) 245 5 P ol 28 o) 208 R TR R Bk o

X AR Bk 448 ) A 5 7 I P 3 7 T, #R TR
{52 SCANZE LR 2% RO R 3 L 1 RO, AR
1 B B2 B AT AR Ay AT 5

3 ) 465 70 T JiE 5 2 B0 5 ) Y 20 A 7
1 A A 700 75 0 2 S o SR 2 A AR (1 1 i T
ST R e DT A A 7 g D P2 R R U T
I PR AR . LA, AR 0 o 14 A8 2 5 i
TR A T RO 2
1.3 REEE 45 0 E T M e R
1.3.1 E%AREFNI54F

B/ i S VAR S B 2 4 2 o
(L, JR 205 262 PP R0 5 5 0 A O RO (. T
F R E 45 J5 U B S R, T N R 5
KO AR 5 TR 47 5 A6 780 5 M1 A 1 LU A
RSG5 5E LN

MMMhﬁ (1)

A o TR0 AT A A0 o, w0 o TR 4 s 1R A
Y FEfith
1.3.2 Anig O PN 48 47

77 45,32 B4 (floating point operations, FLOPs)
EVEN BRI R B AT bR, T DL R Al A
Y0 R0 S B A XA o X T AL AT 5 T
5, BERME H ST (frames per second, FPS) J& i &
155 Y B B0 b B ) T R B B AR bR . Ak, 7E [
— R A A b R A B ST ] AT LR Sf A e A A
P AFRTHEL, R
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mMMhﬁ )

2 s v oy 200 T ASE ) A B I ), v oAy H 4 A
Y [ 4 B A E]
1.3.3 AR M AR 4B AT

AN AT 55 WA AL P B A A [R] 0 PR FE b, AR
Y[ BE AN ™ E 40 R R AR R e 4 Y — 1> B S
P WL S AT 55 A 43 25 L HARARI
T SCArRIAE, TR 2045 AT 55 I PERE VPR 46 AR
FEARA SO, PRI TE X B R 928 53 284 55
FE AL 55 0 A8 o

TE 3 AT 55 Hh i {0 2 A 1R R 1
BEAY R PE R, HER R 2 48 O 25 R b HE A SRR Y
k AE B HERR 3, & — M1 B 5; AR, B iR
PR TN ZE R HEA AT Y kMBI AT IR A

78 B AR AT 55 b 4 FH mAP@k {1 Ry 55 Y
P RE I TEAT F8 b, SE YIS (mean average preci-
sion, mAP) /R 7E 32 I I (intersection over union,
ToU) BI{E A k [ 45 1F T & A K 267 4985 B (av-
erage precision , AP) [ F-3{H . AP ZZ5E T HEH
J& (precision) F143 [B]3% (recall) [ 4~ I 28 51| 1
PR TR b, 15— 25 C WAE JE (precision) 5 H
1] 2% (recall) )RR KK P(x), I AP 5E L

e R, & N

10U=:g& 4)
Ao BERI I AHE P 5 HSCHE GT = & X I8
NS, BERITUMAE P 5 B S0HE GT 7 7% A% B

BUAS.
2 Mg WS RS e T &

JUAE A 48 T A A R 1 o X R AR
45 AU HARCT IR BRI FE, {H H AR 2 50 5T AR
Jay BRF4% H B J7 8] v, T B B W A RS A
Fh O 2 AT B A LAk 0 ) B, PR ) R A 42 2
JEE 55 i i AR T BB IS . A SR AE R Sk
JUT 4 0 B B A R 0 S i, g L IR S 2
A3 R HRZE BB | HNR AR - b e By
e+ Ab3 28, WA T S0 —— ik
2.1 FNREEER

R ZE 05 YA I A 1EA TR AR e 400 i 2 L
IO FH T 3 B 28 I 4 01 S AR ol oy BT X
Transformer £51 %11 ) T 3 1 2% 57 4 30 o 2 1) g
FEGR IR . 454072 B4 Ry e gy ks Zg b PO
eI A 2R B A 3 %

AR SCYRBIF B B A 5 IR ZE IR AR 45 5 1Y SCRik b

1
Avc = | PRIIR () R IR T o R 2 2
loU 2 Ml i P 2SR UINAE 5 HOSSRE T 5 AR O sRgeitansk 1 iow.
R1 AXAEBERCHIRZBRXEAELS
Table 1 Summary of the literature methods of “knowledge distillation + pruning” organized in this paper
0y SRR BURT HHZE T ESEWIEN
2018 Compression (,)f Acgustic Model 'Via 2 AT TR 7 KD B
Knowledge Distillation and Pruning
2019 Learning Slimming SSD through Pruning and Network Slimming“(’] DML(Deep Mutual AD
Knowledge Distillation Learning)
015 Algoites Busodon Knowtedg Diilaion - PNEL tom S c2
gorithm ase. on Knowledge Distillation M -
and Model Pruning
2020 Automatic Optimizati.on of super Parameters Level pruner pruning KD A2
Based on Model Pruning and Knowledge
2020 Knapsack Pruning with Inner Distillation *Knapsack Pruning *IKD A-2
L, Filter pruning. L, Filter
o pruning. Lottery Ticket
The Optimization Method of Knowledge . . [42]
2020 Distillation Based on Model Pruni pruning. Level pruning. KD A2
1stillation Based on Model Pruning AGP pruning.. FPGM
pruning
2020 A Lossless ng.h'twelght CNN Design for SAR R W T T A KD A3
Target Recognition
Boosting Lightweight CNNs Through N N
2021 NO? S mf Plg 'Welgdlg Sl d rmll)éT tillati P PIER EETHHENARZER A2
etwork Pruning an .n?w edge Distillation 1) say vyt -
for SAR Target Recognition
Improving the Accuracy of Pruned Network HET L) normPYUEIE A% [42]
2021 KD D

Using Knowledge Distillation

BTk
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A SCHRbRA BURT % HHZE T ESSWIEN

001 Combining Weight Pruning and Knowledge "k%? fEOZE’Ji%ﬁ T Uﬂﬁﬁi%‘:ﬁ}%% i3 Al
Distillation for CNN Compression PRATTHTAL AR P F TR
HK].)P: A Hybrid APproach on Knowledge SHTSGDIY AR S HLTMSERI B BT

2021 Distillation and Pruning for Neural Network A S50
Compression

| O OETLonomimiE

2001 Jomt-DethAS: Upgrade YF)ur Pétect?r with K IR . TR ]?ynamlc Distillation: Co

NAS, Pruning and Dynamic Distillation 5 EsilingEFUN e Ul
NAST;i%

Joint Structured Pruning and Dense

2021 Knowledge Distillation for Efficient *DISP *DKD C-1
Transformer Model Compression
Knowledge from the Original Netw?rk JEFL, normiyAELE L o,

2021 Restore a Better Pruned Network with Bk KD™; AT, SP C-1
Knowledge Distillation
Learning Slimming SAR Ship Object Detector

2021 Through Network Pruning and Knowledge ~ Network Slimming"® *FIR-KD A2
Distillation

N , T HEE LS

2022 A Knowledgel-ll)lstlllatlon-Integrated Pruning *PDIP e LT 1 R C.1
Method for Vision Transformer S0

2022 An Efficient Method for Model Pruning Using Network Sliming“(’] *PEDD AD
Knowledge Distillation with Few Samples
LRP-based Policy Pruning and Distillation of

2022 Reinforcement Learning Agents for *LRP-based policy pruning ~ Policy Distillation'*" A-2
Embedded Systems
PPCD-GI.AI\.I: Pfogressive Pruning and Class- *HLT-PP_ReskR i o .

2022 Awa{e .Dlst111at10n for Large-Scale WA FIRHZER C-2
Conditional GANs Compression

2022 Prune Your Model Before Distill It RSG5 AA T BYAY kD" A-1

TE: 1) RE*FRSCREFHR M B T575; 2) Z5G T U0 S IR : A-1: SE0UBUR 2818, A R R kg i, ZBOMERL Dy B A S Y 5

A-2: JCHI R 280, “E AR TR JE AR, SO BTA AT s A-3: oy R 281, “2 AR BTRLJE AR, O
ML ; B: SEARIRS BUAL, W RIS B R A B HEA T 0B C-1: T ST AR, 2 AR AR SRR R, ORIy
SURCHITARE L C-2: SR AR, S AR AR YRR AR, HOMBERY SO 5 D: o788 A AR 2800 55 LU b, 2t

TR SRR F) 300 TE D P SRR AR 5 S5 20 v, 2 A B A e 8, A2 DAy B S AR
AR

2.1.1 RITAUS A8

JE Y BT 28 v IR AR R A o O A A
e 2R 3 Foy i, WA 6 B .

TR P28 X 45 7E BY A S RS JE AR AR & TR, B
VARENS FE — & A2 B R R B A IS I S AR (1
MR BT It 2 S B, BB R RS KR
JE R B DL ZE T I B BN R (RS 1 o 2k 2%
PR T T 2 60 TR 2 0 1 e R S B A, B e A
TR R BB M RE . SCHIR [66] 8 i 55 56 1iF B -
27 M AU RN 2T AR Y ) 285 255 4 ) AL S R A
FEARE AR S I A5G, BSOS AU 5 2 A AL 454
AL, RO M . T BRI, AT LIS
ST S 8 39 5 DR A s 25 A0 AL Py 2 2 A, i
IV ZE AR RS AR AT %) 2o 2 K B A s i 11 4 32 451
0, SEELBY RO R ZE R I I AN o TERX

AR

SR

(a) A-1
AR

6
Fig. 6 Schematic diagram of pruning before distillation
method classification

SRR
HITRZEIR A0

(b) A2
BT

(c)A-3

AHEBRRRBAEIERE



519 % B OB A
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7 T AR ZE AR A AR v, 38 R B R S AR
RUAE Sy 2 A AR, B R T A5E AU A Sy 500 A A DL
5 B B 4 1 R A% 3 ROR P B A
V0 50 A1 A 3 s N o A B AR 2
G100 O00TO8] o 2o L R 1Y 4 BT AS RN 1R 28488 7 1
SR HE AT I 43 TR 4 AR, A L 217 R 9
B FAYR Z K 2% (single shot multiple detector, SSD)
Y 9 2B 750 %} Network Slimming 574" J5 SSD
H brAer S Y E 1 7 AE 2 25 18 LA B S A RS B2 o %1
Xt 3 IR 2 00 SR B, Wu 2250 78 9 R R
A R4 L ah E5l AT S HA itk E
e, M HBAT A Y B A 4 AR BT T2 A R 3 7
TR 2818 1o 72 H {d FH NNI(neural network intelli-
gence) H 31 S 5084 T H H shif 4k iR Z& 08 i i)
3AHEBEWMESEC BER T BER T &5
=, LLH 9119 2 i 0 0 SE 5 IR 4R 3R, e ik 50
TSR R . Xu 2 FE TR SR A o o) 2
A AW 1O, X REE Q R4 (deep Q-net-
work, DQN) 3 ¥ 45 i 17 & 45 LA 38 & 76 98 IR A
BRI AR R G, Wu PR T 6 F AR B
YR T R SR ZE R B 4 A, SRR T e By AL
Ja ZR AR T RO 5 B R Tk AL EE R L 8K
P KNG, B 2 kA 1k, G 2L4t
X4 I FH R T B9 A 5 MR Z2 IR K G R 46 7 T4
BT HS S

IR H B A R TR ZE AR AR A AR 1Y
Ik, VF 2 WS BB X R B R 3 st TR
) B A TR 208 7 1k LA S B G AR S R R 4 n
HSCR . TR AT R i 2 R (A0 8 Bk 2= 45
CROWIE R eI N A EATAS Ik 8 iR
Aflalo %552 6 15 4o i) S 3R Sy — ol 4 89 A Oy
e, P T — RO B9 TR 288 TR N TR 280
(inner knowledge distillation, IKD) FH T 9/ #b 5 4% i
BRCARG BE 3 2K 5 TKD vk ) FH 89 2 1/ 0 A= 235 4
AEARL A FH D0 4 P )2 R AE VR SR R S | 2 A
ABE Y 27 ) 00T AR HY B PN 2 5 5 AR A AT 1) T ik
S AR AR A Y A B RIS B B i A Y S A
AU, PR R bR A5 B AR S OB R 3HE 4T IKD PR &
KEHE BN A REA I ZE IR 1 3% 5, Zhou 25 41
T R RRAE 23 A 2818 (progressive feature distri-
bution distillation, PFDD) & 7EYk & D AEA L 5t T
H5E 7Y B A 1 B ARG B 451 2K 5 PFDD J7 16 i AR 1iE
BIE R ZE 18 R, 0 ()RR J2 19 Gram 6 [
T B K2 5% (maximum mean discrepancy,
MDD) 1E A 28 18 4 2% S Il 5 5 A= 455 784 L, UG Jic B0l
AR () A AE ], A FH v 2 I 25 50 s o o O 3
1 R e KBS, Dhse o R AEAAE

B TEI%J7T i, el Fl Network Slimming 545"
5 30 25 AR AR PP i 4 A5 U AR Sy 80T ASE AR Xof
2RI IEFT PFDD DU SRS FE %

M HFEEMRANILRE S K FIS
(synthetic aperture radar , SAR) H 3 H #5151 (auto-
matic target recognition , ATR) X [ £ 455 71 f1§) 512 Hf
MEAAER PR TS BER, XFF SAR ATR 35 &
Y o 248 A5 AU AT AT i 2 A% i Al I 28 T | B AL 78
T SE Z 7 TR A AT IR 40 i, HL R B X
FEBR A XL B8 TR 47 5 ¥ EAT 3% . Zhang 265 Bk
Fril A YA AR ZE AR E S0 T SAR H
o A 00 A5 T8 g R A, At AT] S 0 92 )2 3 1A
LB RS B AR, SR v v ae I
SR ASEIIAE g BOMAR AL 0T B AL f5 B AL N TR 25 10,
J& # ] k-means 52 HUAE =2 0F — 20 R AR R
e EAR A, %07 AR ZE B b Bl
f= PEBE SAR H FRAs i ) 48 /5 Sy BOMAR AL, iR 55
B HT 9 5 GG KA . Chen 45°° £+ %} SAR ATR %
s, o B 2 i 2 AR X ARG AR T —FhoRn B
79 DC-ACM YOLOv3(densely connected and ACM-
assisted YOLOv3) H#5nfs W &%, Jf- 45 2 4 Tiny
YOLOv3-Lite, #& J& i FH 38 i 59 A R IR S 80, IF
P& T — MR B TR ZE 1R T R AR B DG R R
Z& 1% (feature inter-relationship knowledge distillation,
FIR KD) 3 — 4 4 THE AU B . Wang %55 i ]
SE ity i | iy CA-Net, £&ih 1T —Fh 2
TR WSS 3T Ry % T R 45 CA-Net, Jf:
P T — B TR 0 RN R 22 18 T K A BT AL
J&i CA-Net IR

AT 9 2 0 A I 25488 R B A T 4y v B0
R R B O 4 BT AL L R ZE R
I7 AT I Ay S el 00 OSOT O S e op e 1 I
SCUETIAR N A B R IR T A TR AT,
HBATFH 5 RS A AR Y AR SRy S A AR R E AT R 2R
TR, BYASL Y B )2 A D R R Z8 18 v 2 AR AR 1
T () A, ZE R Y A DU DR R T B R R ) A
FERIG, 2 M OT RIS AR T AR R4 RCR

FOMAE Ak B A UOE T R ZE 8 s
R, B HA A m M Ge SO A R Al i o AR AR
AR RCR AN S R, Y 52 % 350U A5E 280 1 ] B2
AR R 22 0] 25 1 22 S 2ok R, R ZE IR AUR TR 1T
AW SCik [69] e W, 22y 2k BRI B A R 4%
1) BRI B 8 7 I, 32 3k 38 I 2 1) B0 A 2 2
TSR T4y, T i FH B R 5 B AR Sy 22 AR AR 2
2P KRBT AL 5 22 A SR 75 e 250, 31X
AJRES R TR Z2 1 A RO o BT DL UL A, SOk
[57-58] i FH 55 4% S5 Ao A5 750 4 Ay 2800 A5 25 D e A1
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AR RIS R 25 5. Aghli 250 4R I T — RIS
YR FNEITR 2518 T e 4 2 A 5% 22 S50 10 #2421
280 T, B R R 2% A 0 R, 1 RO E
#1255 H 43 [ (average percentage of zeros ,
APoZ) VE 0+ 45 0 1 B B P8 AT BU A ; TR
TR B HIR ZE A T ik, W B RS MBS RLAE
MBI | M i A9 52 51k 1Y R 251 Ry 2 A AR
AU, Sl 1 43 2 B /AN T AR R AE 1] 2 18] 1) 4% 5% AR AL
JEE 51 2 DA A5 2 A A R AR5 280 TS AR 1) SR A0 I
Park 22" 3 11 T Prune then distill J7 3%, {8 JF 85
S BOAR TR A Shy 2250 T A 780 X 3 A1) 1 B B A2 A
IR EA T FTR 200 o

IR S By AL S ZR AR 0 7 kI A A T U
SRNTR], B2 B0 270 fe T B A A A AR g 1R
ZEME Y AR R i S U M A A
RUAE Ry HIRZE 08 () BOMBL AL, 7= R R Rl
WA R AE T4 AR R . Ay (0 AR 2518
K R AN B A B ARS FE LG, T AR O TR
A] REHE = BY AR I A B AR R AR TR 2%
WA BRI A 225, HT/EP.OFE TR
AEE i AR IR
212 HZAMETAL

SEZRIR 5 BB T V0 R X TR ZR AR B 1
AR HE— 2P i 4 DAAS 2 o i Ak RO AR AL,
B 7 R .
B, HOTE

HIHZED
/

B7 RZFBEARFENETE
Fig.7 Schematic diagram of classification by distillation
before pruning

SCHK [59,70] fdf HI Yo 78 48 )5 B R0 J7 1ok Bk
B 2 B RS 7 %, RISEHEAT MR 2R A B =
F 27 A RN, K5 o 2 AR AR AT B AR LA ok — 2B
JRAERI . Li 21" I A 0 R M1 030 25 4 I 4 3
BRI FR Gy A AR A, B Sl AR 22 1R A 3
TR R B Y 2 A BB, AR5 X 2 A R AT A B
B LAk — 20 R 4R R 240, o Jm 0 B A i B A A
HEAT Gl Pk A2 A RN 88, BT RS Bl 2 AR A7 A
B KRR R . Che %557 42 i1 T A DY KR
S ZE 18 09 O ¥R F IR ZE 1 AN BT A K 5 7 & (hy-
brid approach on knowledge distillation and pruning,
HKDP), i il —F 73 By B iR 28 18 07 125 LA A4S 31 &
PERE 197 A A AY , 9K ] — Bk T B AL B2
[% (stochastic gradient descent, SGD) f¥) /L B Ak 77
L e — 20 T i o FE AR 5 A o3 B BORR 2218
AR — RN Grh RS — B B M 2% 2

B, HAh S B0A LS 7 SGD % BT A T, F—48 50
5 TR AR ARG B, kARG BT B S 458 70
JE 45 3 H AR B A% . SCHK [59,70] 7 55 A% B B il
FH A bR 2 1 A7 G001, it = 200 AR R ) W B B
PRI T R 760 P Bk S A5 B . Prakosa 26U 41 T 2%
FEAU P B R JE ZE AR I ik, RIS R ZE R AT 2
PR BE 1Y~ A B A, B R i — 2P e 4 2 AR A
oS it RTR 2R IR K A2 B A I 22 AR IS R (R G

e BT R 2 1m0 S 2 w R
2 B AR A L #R AR AR S, AR AR B R
FREIEV A & SRR JeBy B R 2508 B 77
FHAR ZE BRI Fr T 59 A s 1l ) RS B2 622, T
ZENR 5 B B TEE— 20 R AR A s R A AR
2.1.3 AR AN

T B R 0 8 A T e B R 2 A v i A A
BB R4 43R 2 Bl i, IR 8 BT/ .

C-1 o it e R R
AR

.

TERE o
HIE HofO

(a) C-1: BRI ZE4R, 2A Ay DA R 508,
TRy B A R

R

T Lip53
SRR
AR ZE

RO P
FITHZE R o

o (b) C-2: BRI ZEMR, 2 AR SURS
Y, SRR S M i

B8 MHRIFEBISETE

Fig. 8 Schematic diagram of distillation classification

while pruning
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AR BT AL, IR ZE IR 2 A A — RS R BT RS
F S J6 0T A 0 T L S 8 A T g 8 25 700 oy
AT LR B 1 ) v e e 1) T R 2
BB BT AL E 1Y SR G R, S0 B B A AR 7R
P45 4 . Chen 251§ 1 1 300 5 0 i 28 488 Y 1K
G5, TEEA R — 83 h, S AR
AL TUAR S BT AR 7 A R, P4l 5
LR AR SRy B AR AT RN 7R 08 LUK S B ARG
FE o Yao %" 4 2 SR U5 T 1 0 AR PR 4 1
Sy BN R 2%, BT A A0 8 i 5 Ay g fdt At e
—A4k (batch normalization, BN) JZ /Y L, yE£1E M 1F
Y38 I8 YRR bR, i 5T R 28 1B D TR AR
T, Cui 251 2 &5 45 4 A B A 35 4R R ZE 1 42
T ECE IR RS (joint model compression, IMC)
7B T K Transformer JE45, $2H T — M i)
B T B AR BN 25 4 {E BY A (direct import-
ance-aware structured pruning , DISP) J5 i, Fl—7#
K JH 22 X6 — 2 e S S & 1Y) 2% B AR 22 18 (dense
knowledge distillation , DKD) LA B 4= [ #u #1] FH /3 )2
W H FIRUE T 7808 5 IMC J7 4 DISP il DKD Bk
G, TE— 8RBT, Safli ] DISP 18 5 2 8
DRy E A AR B ] DKD YR &2 BERDRS B, A7
AR ERAB HARSARE BT HEE LS
I, o 3 & SR (vision transformer, ViT)
BERVGER I 2% S ROTAR BER, A A0 H 5 A

25 W 4% (convolutional neural network, CNN) A9 55 £
J7 VR SR A VAT £33 UG B ™ F 4 2%, Xu 251
FEHRZEE S I A VIT By R B v, £&h 1 %08
ZEIMAE BT KL (knowledge dsitillation integrated
pruning , KDIP), 7EAF 8 A2 Z Fi 51 A —> 8 2%
1943 27 2 LUK PEAG N 9 2 B0 B 1) B A 4
DL D ) DA 7R 0 A ) 0 R, 6 e TR 2R AR R
AETRS RE RAE BE AR, R R AE 5T BB A B
H ARG AR

Zi B RTIR, HRZEAE Y — R e R 1L
BEARL N Gk 7 125w LA A5k I B AS R 8 A 32 4
e, [ IR 39 AT AR Sy R 48 e o £ A gy P00
B A T b R SR IR s K S BRI BT SR
B X A5 s 6 B R B AR AR O kAT T A, B
SRRV ARRZE IR 45 G O A e B AU
22 FMIRFB+EN

HIRZE IR 5 ARG AT R R 4 i 45
Jr 3 EEA S LS 2T A iz
PR, R AR AL R R R, Je i b5 281 X
— T LA 43 e A AR 2 il T i A
Fh AL 5 3 BT B

A SCIRBI Y Ak 5 RN ZE R AR 45 5 1R SCHk
JIE A A Ak L RN ZE IR VR S Z R 2
I GIH R 2 iR,

R2 AXAEBEMCHIREZB+EL XEHAELR
Table 2 Summarizes the literature methods of ""knowledge distillation + quantization' organized in this paper
Ay SCHRAEE H AT R T itk
fhae H ot : R o2z fH L 3 ¥ §=

Appre{ltlce. Using Knowledge Dlistvlllatlon R WSA); Iiﬁ& LUTES

2017 Techniques to Improve Low-precision 28] J7%1: DML A-3

WRPN™(4W8A) = [42]

Network Accuracy J7%2.3: KD
Model Compression Via Distillation and

2018 .. *DQ *QD B
Quantization

2018 Quantization. Mimic: T?wards Very Tiny 5L, *%;P AL G RHE KR Al
CNN for Object Detection HIR
Empirical Analysis of Knowledge Distillation

2019 Technique for Optimization of Quantized EX(EREld kD™ A-3
Deep Neural Networks
QKD: Quantization-aware Knowledge ; CSPrEz: DML

2019 — PPN SIQATI ik A-3
Distillation Q TUR B KD™

2019 A Gradllla'llly Distilled CNN for SAR Target = (L *GDUWF k2515 A3
Recognition

2020 Data-Freé Network Quanti'za.tion. with QAT i AfiVérsaFial Knowledge A2
Adversarial Knowledge Distillation Distillation
Explore a Novel Knowledge Distillation

2021 Framework for Network Learning and Low- fH/ = AH R A *SKD,*DLBQ B
Bit Quantization
Lossless Al: Toward Guaranteeing

2021 Consistency between Inferences Before and QATJs i kD" A-2

After Quantization via Knowledge Distillation
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Understanding and Improving Knowledge SRR R R R
2022 Distillation for Quantization-aware Training “fH/={EQATH AL i 43;?;}, ) A-3
J INAS I

of Large Transformer Encoders

TEDARE* KRR SCEFHAR I 807 2% 6 T W S U0 F - A-1: Je LR 7810, AR AL A3, ML N (b e B A s A-
2: Sl AL S 28R, S AR AR A AL e AR, SRR A B AL AT R 5 A3 SEt (LS 280, A AR B (LS R, s Rl i
MR s B: i A 20 S AR Dy e (AR, SO R Ay i

22.1 kENE RS
Sete A5 251 5 v A R R 28 08 v Ui A A
FIEFEAN 430 3 B, A0l 9 FiR .

A-1
HOH N
%ﬁ%m e g o (O
| ﬁ | ﬂj

(a) A-1: St LG 2618, A BRI A AR i,
HOMAEHL Sy A 5

B

A2 g e
[i%abiwﬂ%EﬁEM%%ﬂﬁéf?
\ |

(b) A-2: e b5 2608, AR R Ay Al Je AR,
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A3 B

[itabiw ﬂm%%ﬂﬁéf?
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(0) A-3: SERLALIE 2008, A Rl LA A8,
O 2 Ry

B9 RBEUREBAZENETE
Fig. 9 Schematic diagram of quantization before distilla-
tion method classification

SCHR [72] HE W RRZE IR REAE AR R EE Lok Ab
FH T et b T B A B S B T ek 2 171 3 g ) A 7Y
FEEER, BRI Rz 1 RO b S 1Y ik
ik R DA AR AS kG B i R A R g A A, T
IR AR B RS DAk AT A TR B e R AR
A% B SO AR Pl FH TR ZE AR DR kb b A
R FE R, S R B A A R e 4 i ik
Mishra 250 3 Y 45 4 HARZE M 53R I T Ap-
prentice J7 %, £ XN R YN Rt B2 T 3 Fh oy
LR T 3 MO A B R Bl S I E  SE 5 IE
BT 7 %8 3 FE RS2 WA LU A o AROKS B AOR
th . H1LFE (quantized distillation, QD) J7
7E 4. 8 bit AL H AT R AP HEBE, (HAE 2 bit X D)
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Fig. 10 Schematic diagram of the classification of side
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Fig. 12 Schematic diagram of side pruning and side quantization method classification
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