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Abstract: The development of neural network compression relieves the difficulty of deep neural petworks running on
resource-restricted devices, such as mobile or embedded devices. However, neural network compression encounters
challenges in automation of compression, conflict of the sparsity and hardwate deployment;iavoidance of retraining
compressed networks and other issues. This paper firstly reviews classic neural network models and current compression
toolkits. Secondly, this paper summarizes advantages and-weaknesses of representative compression methods of
parameter pruning, quantization, low-rank factorization and distillation. This paper lists evaluating indicators and common
datasets for the performance evaluation and then analyzes compression performance in different tasks and resource
constraints. Finally, promising develdpment trends are stated in this paper as references for promoting the neural network
compression technique!
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EAT LA pIRP
3.2 ERENHRESE

MNIST. CIFAR Al ImageNet %545 £ & 1l A5 7Y
JE 48 7 VEAE 53 AT 55 v vk B 1 R s 450, 3% 4 %1
247 MNIST HE4EA CIFAR $di 4 128 B B a4 1)
PGSR, AT/ NI 73250 CIFAR %4290 A CIFAR-
10 #1 CIFAR-100 P§Mhit A, CIFAR-100 #(#54E 1) 100
AR B 20 MEEE, TS BURHEH A — AR 20 h5
2 (VN Fl— A RHREBR S (GBE2%). ImageNet & —4>
KR B B RS, 8 1000 N EHIR A EIE, R
#5 WordNet 2 IR 25 #4210 . ImageNet 1] LA 43
FAT55 B B hmsr i (e v A 26 B

% 4 AT SR M

GRS AR WIS MR IR
MNIST 10 6x10* 1x10* 28 %28
CIFAR-10 10 5% 10* 1x10* 32x32
CIFAR-100 100 5%10* 1x10* 3232

ImageNet 1000 1.2x10° 1x10° _

& Ty HIEEE S, Pascal VOC HE£EAT MS COCO
Hom 422 T B B AR I EHE 48 . Pascal VOC 8
VOC2007 A1 VOC2012 BN A. Pascal VOC # 20 4>
) BB b 1 T RNBR A H 6 R SE B3 H ansk 5
Fi7R. MS COCO 4 LA S 21 A N H Aw, M A=)
H s A BRI A ) B brd T A 1 10 43 1
HEATALE AR E, B8 91 25 H AR, 5 Pascal VOC #LL,
MS COCO ##E&E /NS HARZ, SigiE B bz
2, R Z e oA, BERFA HF S, Firbl MS COCO
Rl b AN
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RS HBRIES T E T B

Huth e RECNGEAB I Rep IR

Pascal VOC 2007 20 5011 12608 4952
Pascal VOC 2012 20 11540 27450 —

MS COCO 2014 91 123287
MS COCO 2017 91 246 690

1.156x 10° 40775
1.5%10° 81434

3.3 HRESHRREELE

O B FLERS Bl ity IR 20 1 BT A 7 VE R R 43 it
Ti AR TR BRI 48 AR, Ho3 Bl PP AR I RR 3
JFIRAE A E R (FC) JZRER (CONV) ERItERE", B
B3 38 1T A 2 Xiaomi RedMi 3S (DRAM: 3 GB,
Battery: 4100 mAh, MAC: 691.3 Mflops). SZ56 45 5 41
% 6 THI%E, 45 12 2 AlexNet M4 7E CIFAR-10 %
P B IREE. Foh, BTV B BT AL 52 deep
compression'™", TRk 7 i 75 i 10 AR R B 2
BT SVD AR FEC Y, S SRR, U R
R T8 —A FC 2, WD T 40% i MAC i 5 &;
SVD I BE S5 55 BITE FI T 35— A FC A1 — A4
LBRZ, AR T 20% 1 40% ) MAC {5 &.

4 6 AlexNet T FE4f 77 VL 2E RS B 1 PE R X

ICHE B AL 2R 400 R I R I A B 49 RS S HUR A2, =
THET CP 7 M ARHER 73 i TV S 8R4 3. It Ah,
SR IR IR B 22 ) 8% 2 SR UK RS BB AR A%, il n
AlexNet KM 11x11. 5x5. 3x3 HAKL, MBEE R
A3 BRI H B, Bk A 22 1 IR JEE o £ I 2% ALY R
F/NR PRI &R, B0 ResNet A1 MobileNet & Fi Y
Ix1 BRUE, TR il 5 1R 5T 1x1 B R 1 R 46 G 12
FROR, DR TR 0 i 7 1k AR AT ORI T R
P=E N B

F 7 VGG HER R A ik O X He T

PR BB [
i1 Tops +0.41% -0.29%
SZHEFR T, 49x 2.75

{8750 A Sy

RARVE=R Baseline Lipsaa (FC) (CONV)
R Tops 82.12 83.79 77.16 60.32
ZHRIRAERLr, 1% 35x 1.23 1.03
WERAE/rr 1x 0.97 0.78 1.4

R o TSHIEGRIEE T RHEMENSHES

R4 M4 1 S K 2 b, o T R A SR TSR

SHRIEG I, YR T, 4T AlexNet B
BT T 35 (0B BUR 45 . F i AT IR g 52
TS5 T HE O A 5 TR 90 % (O HE B 4B 2 L.,
2 0 245 T 160 6D 0 i £ 3 355 A J B O 0 B
st R WA AE 5 MAC BB AR L R, T
JE 6 22 I 26 1 1 5 5 47 R TR R 8 & CPU OB s
AR U & BN, SHURLAN MAC b, R —
2 0 R A 1 PR, 7E 6L P8 IR 45 SR At
S 457 5 ELBEE 7 LU MAC -3 55 I B8 b
P4 S T 7, 355 — S5 5 F AR BF 92 T 1
e AR — L

SCHR [27] 38 BB 1Y 46 U5 1 AE VGG I 2%
R 2R, 762 7 (05 S, B 7 1T L7 3REL G

22 HieZF1R Special Issue

3.4 REMESHRREESE

A TAELLER vt SHBTA 7k IRk o) i
S5 R4 5 VR LR AT 45 b (v B AT T IR, A
F5: (1) H£45—, LeNet 7£ MNIST ##5 45 _E 19571151
(2) E%5 —, AlexNet /£ CIFAR-10 %44 b i %R
5ill; (3) 1145 =, AlexNet £ CIFAR-10 ¥4 I (1 & (%
Wl (4) 415504, LeNet 7 UbiSound ##E4E b (115
WU FESCHR [7] HISEIG 25 R, ST R T VEEAE S5
— WV AR AL TARRR 2 R 55 T 05, ffﬂl%é‘}é&}ffﬁi
rp =021, HEB I & H 4 % rp = 0.44, MAC 4% r, =
0.3; 74T 55 = sl B8 & T4y B9 35 B A T AlexNet
R AL TG, ST R, B SRR S, =
0.32, HEFE I 4E JE 45 % ry = 0.23, MAC JE4ii%r, = 0.13;
TARAR 7 7 IEAE 4 AN RTIAE % 3 AR BT e e
R

BeAh, SCHk [7] 7ER B AN R BEI5 20 51 # 2l 5 4% i
MR T SRR IR RIVERE, & 8 A T R 8l & i
) DRAM. Cache. MAC A&b3H s 2 1] 4 B 1% i UL S 1t
RE R B AR 1 JE 4 77 k. Mk 45 R W], £ MAC
AbF T R BRI Device 1 45 & PEAE A 2 S 880
¥ 777% deep compression. 1] HiZ & H, WA —Ff
FEAEJTENT LLFEBTEARS BERL R . SHURAR R . I &
i, MAC 55 45 5 R B8 B 48 2 5% 5 MNMFR
Tabr DU AR, BT RG22 KRR BRI B 2R 7]
PAEE U R EE M4, I RS R R iE 7t
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£ 8 AFEREB A A VA M e

. DRAM . = Ly
BT (GB) Cache ~ MACKCHEARE  MERERE %
L1 (64 KB), sy
Device 1 3 ¢ ) 691.3 Mflops B
L2 (2 MB)
L1 (32KB), . o
Device 2 4 ( ) 3.87 Gflops  IREEA[ 4 B B H
L2 (1 MB)
L1 (38 KB), o
Device 3 4 ( ) 2.51 Gflops I A
L2 (2 MB)

4 IEHHORREE

R4 B AR T P 2 D0 4150 LA SR 2 JR R 32
B B 28, 617 TEAR 2 5 EE AR Ve 1 . 5 ) B
G ORI ) B A R PE I S 5 i
ZHHT T AL B KL AR, b AR U D PRI K
B AE£ LR JRATT T 6.0 0. 6T AN ) O 4
WL SRS B, SIS A SR, R TR I 4 T
PR TR E A AR &

H B4R & T # 3R T £ MR g, B
JEHRAT S 03 9 PR A A, 8T — R T
AL 5 TS . TP 228 9 24 A 4 e
SCRFHOBLE LB 1T 55 R MK 2 BE AL, AN
ferb T 3RS E RS LR 4L H AR, H
BRERER . BRI IS ZFES T — RS R 457
LR R T

RIS, 22 R 57 % R 4 2% S 45 B thofs
TR, RN TRAE IR RIS, SN TR 475
FJR. 53— 7 T LT LUK 28 P4 45 M9 49 2 NAS 3%
R SIS HA S BB R4y i, SEE
LG,

N o B BRI 5 R T, B (1 %
S RE LRI SN Nk PV ESN TR A
PN, RIS I K 2 RTINS HG
1 LR 22 90 26 LR A5 Ho R 1 5 7 A TR B,
A LA MR R TR AR 0 R4
e B S, PR TR N T AT

5 gk

ST 28 I 2 R 45 B AR 1 SR BEAT TR 7E
S R o 20 ) 4% ) B T 2 PR SR PR R b, AR S
NBT BRI ARFR R SRR R
3 DU B f o 20 I 5 R 445 7 VR RO R R, SR FLA T T

XU & E BIILER AL AR SO B R 28 0 25 s
AR T7 AT TR B ROXT R, Al TR Y R 46 T
PROTAERR B R GIE 5 46 5 VR 1 RE ) 22 ML A 2 R 4%
B AN KR 5, JF R4 T AEAN RIS 3h B4 1 SRR R
R R G T IR RITERE. BRIEZ A, ASGEVHE 1
1o 246 Ik 45 o o 403K 14 A Fe s 35 M A o il AL, Ay BELASC
(1 12 5 AT e AT IR 4 7 iR IO TR 4R i — 225
F5H ).
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