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Abstract: Deep neural networks have continually surpassed traditional methods on a variety of computer vision tasks. Though deep
neural networks are very powerful, the large number of weights consumes considerable storage and calculation time, making it hard to
deploy on resource-constrained hardware platforms such as mobile system. The number of weights in deep neural networks represents the
complexity to an extent, but not all the weights contribute to the performance according to recent researches. Specifically, some weights
are redundant and even decrease the performance. This survey offers a systematic summarization of existing research achievements of the
domestic and foreign researchers in recent years in the aspects of network pruning, network distillation, and network decomposition.
Furthermore, comparisons of compression performance are provided on several public deep neural networks. Finally, a perspective of
future work and challenges in this research area are discussed.
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h[2e-9,4€~5,0.99997, 11 5 P AT T B2 A FH 3k 6 Mk 3 A Sy T L o ok e /NP AT SR E A 2K R B 0 4 2 A TR
SN T4 3 AN 2R AN 2B 0 SR Logits 7 24 TN H bR I, 75 20 0380 B b5 2[10,20,30], 22 2L A5 7
P2 ) B EE 3 A0 [A] It 2 25 B W0 5 283X AN 1 00 W A 6 T2 ST RR 28, Logits A8 T 5 22 (R 403145 8, A T g
g L AR B 47 g 2 AR AR,

Hinton 25 A\ fE B3R TAR A SERE BT 8 — 20 1 2% . 14 56, Hinton 25 A3 3l n N —ANE AR 2 T,60 B
11 logits R LA T,H4E N N IE N Softmax 2,55 Fo40 HY BB BR 25 (soft target) F 4 W BHE B AN I FE T LA
NR(6) KR,

ez,/T

Gi= Zjezi/T

1% 08 NAE PR UE Softmax 1 FERE_ L4 I 7 5 AR & T.OX B, 7, % 7R Softmax 58 i JS 0% A\ Logits,q; % 7~ Softmax

i KHf i Soft Targets. 4k, Hinton 55 NIEIE B T A Logits A LUE VE & 301 T #7657 A H Soft

Targets [1]- AR AR, U ST R B A A 4 SR R, 84 8] LA R SR R 43 254 A0 R Soft Targets JL 7] /5 4 1
BHE B RN 2% AR AR T A5 5 vy R A 6.

4 MELEH AR

PR 25 R T SEARA A B BB A B 32 5 AR KN O A& R 2 S U0 32 3 A X — BRI 4% 43 i 1 H
) 2 e o T B IR T S 20 f# (singular value decomposition, B FK SVD) 2k £ = 4k F 81k, 35 H g/ B
i) A% 3 (¥ ().
41 ERZBEHBRIE

X Yk g, o7 LA B A R SVD AT AIRAR R IA K SR AR A B O b = AR . X AAERE. T = AA%E
i (1 e ARG JBOGT 1 R I8 v o Yl 3 R0 JL AR A A O B 32 Bk /N 2 B0t 1) B )R T 3 B i 3 ek, — D7 T ]
DA J il — 4k 2 AF FH AR SVD J7 3855 55— J5 Tt ] LA FH 22 A4S — 2 5k 12t SRR SR FI&E 0T 1 7 23, R A 3 A
—YETR B RSRANIEAT K R BISRIET — M K = 4E ik &

YIZRIF Y CNN S 75 3 AN B T [A] 1 T AR BE B, DRIk ] LUK 1 €8 4 5 43 5 1) — 4 1 €8 1 o [h) IR
B BT A o D v R AT R AT 25 0 R R P T S S A B2 A P R A UL A R R
TR R 55 R /N IR 2 B K S R A — 0 i N/ S 2 S TR AT A o et TR — AN 2R Y AR AR AT A R =AY
TG, N T 25 ) A8 AR R IR AT I L AR AR R I R4 B 2 )5, 5 7E — s FEHE Lol CNN VA 26 T B i
ST HEURE P 20 AL, R Aff 236 T A Dhg ™ ., DR b, 35 B0 20 AL PR 5 5 U2 o] 5 % T T 2 11 5 AR 2 HEA T 10

SCHR[441E e RS 1 AR TR 10T DU o447 & 5 %0 ) & e ) /E e A 8 B =
AR TR ST (1) M AN FEASRRAE 1], 4R 5 30 3 27 > 31 10 7 SRR, ) 46 1k 20 A HH o HE AR 20 B R 7 v 7 — 4
AR Z AL AR TN AN F A TE 2 () TG 2, BT AR i N 2 TR L AR A B =
Y b o R B ) R — AN B RRZ R D — KA AR I 1E 5 TR A AR 2 B S, TR 2 AT ) A
CEAE P AL, SCIR (45Tt BRI T FH A5 A 0 28 v (10 e i 23 At &5 4 SR sk /D oF 5

SCHR[4613E Y T B i 45 R A 25 W 4% (sparse convolutional neural network, f&j FX SCNN), i FH 3 15 /1) A1l i Py
TUAR, G5 G O 20 B8, B /I 2 A i e o DK A I T 0 ) 3R 2 o 0, 3149 T A v PRI R i 5 T 4 22

E ILSVR2012 Hfii 4R 1 1) 956 o, IX AN i B AE RS A BE 10 0/ T 1% 5 B0 R Wk T 90% 1 2 5. 1%

(6)

TR 4R S I R AN 199 2% B AR Th BTN T 7E 199 2% 25 550 L RO 0 240 TR AR 7 B 4 199 2% ) T e e, RE A8 3R A AR K
() 7 V. A A 1 255 D AR i AL A AR A WG (L AR5 B S M 4 A IRBRZR . S YA H
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5t 2 B S £ 0P, TR 2 e 16952 50 LUK I 8 A 1 7 97 7).
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Fig.7 Decomposition of convolution kernels [44]

K7 BBk
42 BHRFERETEE

h T RS A R AR AR 238 R A (R R i P, SCHR (4615 H 1 e 28R i KB R AR5 1K) CPU i ISRV SR o/ ol
25 I S5 IS AT 1D INF ). A% 0 7 . R AR 8, 23 W Sl 28 0 38 (A0 1 R 5 W B AT 8 A7k 1 — Ly T 5 ) v, DAk
Gt AR PR A7 Aol R U B, S S5O 38 D R I ) e P v L ) 3 B A 3 B A A7, LU 2 A 00 1 B 82 1 P9 A B I g 19
20 Jhy LR IR P BB TR 00, G A 33 ol A U ) 1 i N R R At AR S 70 43 i 4% B4R 4 22 B8l (single instruction and
multiple data, i #X STMD){ L4 K188 77,11 STMD 7658 2 40 BE Ak vh R 42 THPE AR I L 4%

1556 4 VIR 5 TR I 6% oy 2 BR80T v T 242 s PR R ALE P 2 B i N TR R A 2 R, 2 0k s i
Il 5 A P S 0 2 e 2 PR W i R B o A 2 35 11 7 s 8 260 11, R T B A T 4 1 i 110 e v AR A o 7 e
ﬂiﬁmqﬁ%&ﬁT~ﬁ%ﬁm%ﬁﬂfﬁﬁ%%ﬁ&mﬁﬁm%%.

c. =Y ab, 1<j<8 @)

%%%%ﬁﬂ%fﬁ%%&F%ikaﬁm%zﬁwmﬂﬁ%TMWH%ﬁﬁﬂ*w$L&$m§ﬁ
VERI TR 4 454 HOVE AR BOR H 8 45 BN 4 A 22 70 38 I AE A7 B i e . LA 181 8 R X (8) M ], % B B B 4
Bits AU, o1 T B IIAECh 8, MEAH I vy LA Ak ok 24 () IR 1) & ¥ £ kg S5, R s, H R A B i 2 LA 8 A
Xf 2 & 8t BB EE > H AE T e, A F i R TR, N H iR ¢, =T, , =a xby, Bl BAEFF RS 147
HATE 7 A IR AEE . (b HEWT, AR ZERAT C P 28 7 51, U5 A GEBE R (K5 1 50 LLiZAE oo 3 LR fh
AR A il LA S
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B
A 8 x 12 FAEIERE
n B: 12 x 8 FBisR
Z B
% C=AxB
% et
cr+=a; X bz
7% ?/4 cz+ =ag x by
c+ =ag X byg
[ co+ =ag X by o
///Z cs+=as5 XI55
Ci+=ay X 'FJT_.L
ci+ =ar X brg
7// 6‘2 c3+ = ay X biog
,2 Ci+ =aj X |r’]||_.'.
cy+=an x by

Fig.8 Multiplying a sparse matrix with a dense matrix!*®

B8 R I g s R o AT )
43 NEEK

SCHR[47TH& H T A PR AL S s SR o IR % ) S s Ay A% i 1 2 4, BT R sl A P B R B — 1 B0 1.
T X A7 3, 0 UK AR 22 Ffevdi it b ok W RE I A0 (0 I AR K b T 4k 7 % T3 B3 2% ) I RE AR (0 & o Db T e
FHBEHLBE FE T % (stochastic gradient descent, [ FX SGD)H i 2 H BFAK A8 AL A 1 52 W, 3C HR 38 0K B AL
F14) SFE W FH T 7 1500 R0 S 1) AR 3% o0 T AE SGD 192 5505 397 Hh A7 R P AC 08 1) S
SCHR[48 108 i SE U6 E B T A Ak 1) 5 3K, T LUIR A LU AR B RR B 43 A BE A SR T 1000 2RI
ImageNet 7} RAF 55 AEERG T 16 £5~24 50 R4 2, [ I MER 28 R BN T 1%. 8 26, K-35 ik s AR
LR 5,3 R A E A FH 7 — R 5 R 5] BT B E 0ok Rom, IR AP R 2 TR 2R R 51 5 g
ARU300 T I 75 TR D A A B 2 1) (R 4 PF R 3R A T BRI T 4 2.
HE— 20 0,2 T 9N A X TR Y T R (5 i, SCRR[S 113 7 — b 43 0 8 i o I 4% Ak O 1 05 DI 4 2
1) 32 PLAKEIE CNN A AL A g IR 5 Hig BB AR i A b (WAL T30 2 (R4 350, AT ] LUAR J7 {5 b 7F
FPGAP: 2% 1,38 ik — 3k il B 7 45V S L.
ZITEAL T 3 PO R A BRIy . A, TR,
o SEHHTBUE RIS, 1% R 7 B BT R HERE 19 18 R, 18 B AE B ML A B AT HE I 2R (0 BT R O,
H BTN N S 204 80 5% W 48 /I IS RN 1 L [ W o AN T R B (L AR 00 [ A, B 22 SR
ANFESEK R P A L b X 2 Bk, T BLRE{0.2,0.4,0.6,0.7,0.8,0.85,0.9,0.95,0.975,1} ¥ &=
A LB
o ARJE AT o 40 BN, AN SOOI AR R K T G A A A R, 2 AR AT DR SRR [S3 ]88 H M BE AL NI
A N IR IE LG T AT AR 5 & N H AR (2 (R A 2R
o IR, W I TR SRR R R A R
FH T b 491 2 5 s G o 19,12 07 2 R by 3 e aUBCER B Ak 7 vk AR T4 R B I U T VETE — IR
AR AE 2 J5 I 3 B T I 2 B R R I R BT AN R M A 5 AR K b s 9 A L1 H b
T B SN B 9 s, T o A ) 8% Ay T L U A 1) D 8%, i RO Jal 4 SRS J2E I S0% (2R (L A )
HEAT > B, 4R S0%GAR (B B )i AT EYIZR. R iR/, 3R h B A B E X 2] 100%.
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Fig.9 Incremental network quantization
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FI M 2012 £ AlexNet 7 TmageNet P15 732 58 28 v HUf Sl LUK HERf 25 58w IR BEBE R R AN 93, 3L,

B ENE M VGG-16,GoogLeNet,ResNet-101.
AlexNet ff158 H DTk 7F T 5 45

T B 4 BT 2 B, b 48 ReLU B e AR £k 1 5250« £ ] Dropout

B A T MaxPooling. VGG [ DT BRTE T4 H 58 /N B 52 BF B 3x3 B4 VGG R LZ B %3
K FH R I T8 B8, A 1 2 186 K X 4% 5 i, 3 0T v 4R 7 =l 3 FE . GoogLeNet i F Inception 454 3R 58 K W 4% 5
BE AR/ TV EARY TE 4 = T HER 2 ResNet {5 fii 5 11 55 2% (bypass )2 2115 & 9L 20, AR T80 B 1 2R 1

A REPE, R AT S8R B 152 J2 IR FE AR H 2 T T e .
FLF Keras [FITUR BRI AE TmageNet 70 R HHE A L KHERG R & S MRG0 B ILER 1.
Table 1 Performance and numbers of parameters on ImageNet in typical deep models on Keras

FT 1 Keras HELL FIRFEHETILE ImageNet I (KM RE e S48 E

IR Top-5 5 i1% % (%) AN ZS B M)
AlexNet 18.90 60.9
VGG_CNN_F 16.70 60

VGG-16 7.32 138.4
GoogLeNet 6.60 23.6
ResNet-50 6.71 23.7
ResNet-101 6.05 42.7
ResNet-152 4.49 58.5

LA ] AR £ (0 45 R YR P AR B R Rl T 7 8 BB AS SO SR BN B Top-5

fabs LR T I RS B ok B TR Keras BRI GETH 4R
52 RIREGRHAITEM ISR

W2 T A DEO SR B R IB AT ROR . SRR R HER AR L B U A B R RE S TN T LAE £ T

58 (speedup) S5 THEL i (ratio), 19 5 T LA EL A% e, A SC 48— HI4R T Ee .
FAT, K FB 23 W 9T TAE 2 Dl Top-1 #ERG 2, U 5 ImageNet X R KRG 4L |4 < HUH] Top-5 #E

i

N 7 A LA AR SCAE i S8 R 8RS B 3 ) Top-1 #ERR 28 S 40U 4 R B VF I SR b BN 58— ek M s h Ty
A Y 5 K 2 50 AR AR WL A 17 RS JBE B 45 7745 (byte) 1 44, 48 3 Ok B P AL A 280807 BLVR S ABLA o A8 I 48 38 1T 2%
FJ7 I, AT LA P 25 BT 5 ¥ i 38 SEUCEU(FLOP) « 19 2% BT 5 3fe ik da SO (MULT'S ) s AL 5 36 00 45 £ I 246~1- 325 il
I A 3 BT A I TR0 3 A A BESR PP AR LR 3 R A A S I 17 I 432 AT A0 (K 4 T (ELRE AT B 2 TR AN W B DAt

R 2 RARIBAT A AU A P B AR

EAT A 194 2% 28058 vh A — I 57 58 PO Dol X I S e 1 P P K OB R 28 8 1 22 A 1 BT O HLA

FFAT IO, I R PR SRR
T BRI AR AT K S T AT AR 6 SRR RS B D K e 2R 8 o 18y SCHR[33] 2 0K ARk

FEPE K I JET Budi4E LB vEff Rt 43%42 714 45.90%.
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Table 2 Overall compression performance
FT2 BAEAHER
22 ik A Top-1 HEMIH (%) | Z8(byte) | E4HH (%) BATRCRRT
VGG-16 F:uE 93.25 1.50E+07 -
VGG-16 JE 45 93.4 5.40E+06 64.00
ResNet-56 Ji 7 93.04 8.60E+05 - f# B FLOP VA 4545, %
Ref [24] ResNet-56 [k 4 93.06 7.30E+05 15.12 NG e SRS
' ResNet-110 J 93.53 1.72E+06 - 34.20%,13.70%,38.60%,
ResNet-110 Ji 4 93.3 1.16E+06 32.56 15.5% )i
ResNet-34 J& 73.23 2.16E+07 -
ResNet-34 [T 4 72.56 1.99E+07 7.87
LeNet 99.06 1.96E+07 -
T i A 96.5 1.65E+07 16.01
UERINIE 91.37 1.65E+07 16.01 T A 3 2 2 0 M 4% 18
Ref.[20] HH T R B A 98.35 1.65E+07 16.01 ﬁﬁ{ [l ;;upawj;,pﬁ bLx
AlexNet JE#E 57.84 6.09E+07 - LR AR B2
Xt FC6 i Jo 5% By B 56.08 4.23E+07 30.57 (&
X FC7 B¥i 6K B A% 56 5.37E+07 11.80
X FC6 Rl FC7 Hdls o R By kL 55.6 3.97E+07 34.89
T CASIA Hdhs g S v B ) 86.04 1.30E+04 - A5 S 6 00 43 SF 2 i 1)
Fitnet 82.08 8.64E+03 33.33 A& 35 e 5 B R A R VF
Ref.[25] Rk 43 fift 84.79 1.17E+04 9.91 EER T T7r [Fi) ¢ J5E A
Inbound Prune 84.74 1.16E+04 10.71 B, 0r A 3R A 59.51%,
RR Prune 85.08 6.14E+03 52.61 25.93%,37.11%,57.81%,
Hyb. Prunne 85.32 6.06E+03 53.27 62.26% 1) J1id
LeNet-5 1k 80 4.31E+05 -
B R+ AL 77 3.60E+04 91.67
AlexNet FEHE 57.22 6.10E+07 -
Ref.[22] WAL 57.22 6.70E+06 88.89 -
VGG-16 F:HiE 31.5 1.38E+08 -
By b+ AL 31.34 1.03E+07 92.31
AlexNet 57.22 2.40E+08 -
Fastfood-32-AD 58.07 1.31E+02 50.00
Fastfood-16-AD 57.1 6.40E+07 72.97
Collins&Kohli 55.6 6.10E+07 75.00 BN T JE 45 KAk (1 7
SVD 55.98 4.78E+07 80.00 P 25T T SR 5
Ref.[21] iR 57.22 8.90E+06 88.89 JiE 5 2 oK K [ 1 3K 75
L agRid 57.22 6.90E+06 96.30 EAT R R T
BRI AL+ A 57.22 6.90E+06 98.97
VGG-16 F:Hi 68.5 5.52E+08 —
VGG-16 [k 44 68.83 1.13E+07 97.95
Teacher 90.18 9.00E+06 = i | MULT JEA 6 4%, %0
FitNet1 89.01 2.50E+05 97 FitNetl,FitNet2,FitNet3,
FitNet2 91.06 8.62E+05 90.42 FitNetd, 73 7l 3K 1§ T
Ref.[37] FitNet3 91.1 1.60E+06 82.22 92.51%,78.45%,27.01%,
FitNet4 91.61 2.50E+06 72.22 34.21% ) I3 (FitNet 1~
Mimic single 84.6 5.40E+07 - FitNet4 KA A T
Mimic ensemble 85.8 7.00E+07 - BEVH 1) 4 2% 2R 44))

53 DEEHYAITEM

T W9 25 43 fift IO RFF 0 R A o 3R FBE TN 4% v [ 36 2 R 4 32 0 J2 B o SR R IR0 11 7 i TR T 388 )2 43 A7 vl LA 33 )
ARG — Lo 50 VE 1 A 8 )2 BT SE B0 A0 B W R O (1) 18 )2 560 R S8 [ e H AR B 2, ot — 2 b AT
FE 4. AT AKX 48 5 ROR$ETHIAT AT VRN, W3R 3;(2) HEAT— IR 9UK, Gt K4 ai MR 46 )5 (M % )2 5
BOHCR NI 3R AT R 45 % 454w, LK 4.

T D 258 3 gt P 38 2 56 BRSSP 0] A5 8 T2 1 IS 45 26 0 AN I 1) S5k T AS AR (R B B/ T A
1) SVD 4 fiff Hi 5 46 R 350 AE SR FH i1 a2 46 R A% 6 I 11 7 2, 3 DN G 1 4 R A2 2 O 10 s i 2 LA — s IR A
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(ENSEE w351 LR VAT PO T 7 K /P N o v

Table 3 Performance evaluations of compressing single convolutional layer or fully-connected layer

F3 BRURMAERZIE R I S5

2% LR R4 R 48TV JE45#(%) HE % T R LE (%) AT NI (%)
Conv Monochromatic, C=4 87.90 1.90 66.33
Conv Monochromatic, C=6 84.52 0.43 66.10
Conv Monochromatic, C=8 81.13 0.20 65.99
Conv Monochromatic, C=12 74.36 0 65.64
Ref.[43] Conv KU S+ A4 92.54 0.68 23.07
Conv KW H+SVD, 71.42 0.90 37.50
FC SVD, K=250 92.54 0.84 20.19
FC SVD, K=950 71.42 0.09 17.31
Conv Sparse CNN, kernel size=11 92.70 0.62 61.69
Ref.[46] Conv Sparse CNN, kernel size=5 95.00 1.43 85.99
Conv Low rank, kernel size=5 89.00 0.61 60.00

FERCE SR b Han ZE4T 7 R GUH SR, APl UR 45 ) — S22 10 VE 1 4510 285 2 S HUR R A NS B
B A U e N B 0, T L X i 2 s 447 2 1) D iR e 22 e e s R TR I, SOk (220 1) 5 ik — 2 et R,
RINHS 4 55 R 20 A g 1 77 5, B et vl LUIE B 97.95% 1 [ 46 %
Table 4 Compression rate of convolutional layers and fully-connected layers

x4 BRI AT 40 %

2% R JE 4R 225 FE 45 )51 IR (%) | REES (%)
AlexNet,Conv R+ Ak 67.40
AlexNet,Conv B A+ AL+ g D 79.47 48,89
AlexNet,FC B+ EAL 97.00 '
Ref[21] AlexNet,FC B A+ b4 i 97.61
VGGNet,Conv Bk + AL 60.00
VGGNet,Conv BB+ AL+ Y 70.03 9231
VGGNet,FC TR+ Rl 98.40 ’
VGGNet,FC B A+ b+ i 98.90
VGGNet,Conv Bk 76.20 98.97
Ref.[22] VGGNet,FC Wk 89.80 97.95

6 KEMRAE

P 25 BT ) 208 K R D 44 5% 0 AR 0 RE A — i R PS8 I S o 4% s 4 6y D [ 0 380 2R R 199 0% s 4 F) A It H )
L RIS 2% A A A S LA S AR SRR 1K ).

(1) BUFE S HORT 45 F R0 52 W0 52 B % T 9 246 1) e 24 5 Rty 4 P RO BCEE S B IR A TR )i, H R, 2%
AN U /A U TR 10 T S £ R 7 AR A A T o 18 7 3, A SRR [14) P & 07 S0 4019 1K)
I AL H T S PR K, I A 52 P AT b, e e A 8 T ORI AL E e AN S BN T [
Wiy, LA R L

(2) S G IO HE 3 2 A A I S R R 3 RIS AR A e N TR O 1R AR T, AN [ 18 2% 2 R 2% 254 (1
U5 e 2 AN [, o 25 RE 6 3 1) R 8RB A 22 St TRLUBE, 1 e AR 4l 280 o 5% 5 0 e v 5 B o) 0% 45 ) 1
AT RE R 10 2 A1 T SRR vy (1 B 2R P R, 2 R SR 10— ST ST

(3) B BT 4N SRR G 237 0 4 R LT 45 Mt SR BCIS A ABE 7Y 7 — SO0 M B SR v K 3 S

RERR A AR — AN ST i)
(4) 55 B T 2 55t 2 THD B s 20K 20 ) 206 3 5 2 A i S0 BOR IO B 4R N R 58 1 B, L A, 7 TmageNet
FAIZREIBERL R A8 %E 1000 P44 (73 28 ABAE — 28 BARS S N T b w) B AN 2 — A e onl L
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JUZE I /N BRSSP, G ) DA — A4 T e 110 I 8% s 406 4 3810358 43 D) R 10 1 I 4%, e 008 0 W AR 22 S B B
355 (1 7 3R

(5) A% e 45 2R (R VEA . T, X 5 R R 88 1 28 s 44 S0 10 DAY 2 L A 5 o 1) 0 3 0 0 s 4 11 K 7Y
WA 29 A5 2 B MUZ AT I 1) L () BUASE AR SR AT 98 AT LA AR H S A 1) s 446 F b 4 b 5, — 7 T~
338 AT 3 PSR TR K /N A AN [ N2 390 35 (0 56 W g — 77 1, W LA AABE TR AR B () 495 4 P S O, 0 T 4

J5 AR AT VA
7 HRIE

0 20% LS 245 155 A 02 B 20 2 00 AT A it 2 1) R gk 2 3 ST, R 199 % £ 5 s I8 P e e 48 B AR l  22
(RIVE AR SOV T 2% BYRE . I 2R PN W 265 2 X 3 ATy [n] IR FS 4 g 125, AR IS 4 PE B3R A T A0 N 6
PR T, 90 208 B R O T 25 A 2R o S A (10 AR5 5 X R TR O B T AN/ B 2 A W 6 5 &
ASEAUNABE R 1R B0 A 6% () 1 3 1) 4% 9 gt i ] AN 300 £t R0 g LA B3 SEDRA 1) i JSEOR PR T A B0 I
A_E A2, 15 BE A VR B 199 208 S A AT — ANk A 1 0 88, O B AR DR 3R TR LS R 1y S B A 45w LA
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