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Dynamic Sparse Method for Deep Learning Execution

Sun Rujun,Zhang Lufei
(State Key Laboratory of Mathematical Engineering and Advanced Computing, Wuxi 214125, China)

Abstract ; Artificial intelligence, especially deep learning,is developing rapidly. Large data,large models, complex control
flow,and more computations have challenged model execution in both training and inference stage. Practically, resources
and user demands show dynamic characteristics, and need to be guaranteed by executing model dynamically. Finding
sparsity is an important means of dynamically model execution under resource constraints and the changing user demand.
At present, the main sparse method is focused on specific problems. Most of them are used in inference. We are in urgent
need of dynamic sparse method in training. In this paper,we firstly analyzed the chance of sparsicy in basic deep learning
models and further analyzed the sparseization ability of different layers and different components of models. After
modeling the dynamic requirements and sparseness strategy, we proposed a sparse execution method of deep learning
based on dynamic execution,and did some basic experiments. Finally,from the perspective of quantitative modeling and
quantitative experiments, the future research work is prospected.

Key words : deep learning, sparse method , resource limitation ,dynamic scheduling

FEAR AT ] N L RE A A4 R 45 A0 70 30 4 of  JR Vi, BN T8 R I 19 i e T i, 2 R ) 4 (A A
TR AT ARL 12 R B A R () TS BRSP4 T PR R, TEBEUR S BRI 2R AR, A Ae] A A4 A T I 2
Wl R IR A SRR 7 TE 3 HT AL A &S 2H SRR 43 ], ] B S B AS W] 8508 S 80 2 3 O R Y
HEREE?

TR PSR AR 2 B 27345 DA s e T (%) S ORI 1T RE A5 A1) T4 5 e A s it A B2 55 1 FH VA T s 1) 50
BRI BE VMG, BARTEC A M AR B 22 2 B 2 W 28 S AR TR Re B AL rpr ) Ko (1 53 0 2 7
AR (B BEE P 1) 22 R IR SR T 1 IR 1 S A B 7 221, AF 9 N T RSB ) i P RE A8 A 289
AR A RE N T = S 2R T

AR SO M TR RERR b HAT B AR AR RO 45 48 s i M S i A 7 12 N TR REREAR 81 RO R i 1 70

Wi B #:2019-07-05.

EEWAB . K ESU& T (2016 YFB1000505 ) | 18I 5 8 s F & 714 (2017 YFB0202001 ) | [E1 5 [ SRR} 24 564: 101 H (9143020017) .
BRBERA PhanE 54 05T 5 17 . A TR B8 73R8, E-mail ; sun.rujun@ meac—skl.cn




PSR 4R (AR R 55 42 45 3 11(2019 4F)

B AT PHE BRI BB RAAE , T4 10 3 T 2h 848 S BRI B Ak 2.
1 T sURHHE T4

N T RE I B A R i 1 A 22 7 T RIS . 3 TR 28m BB 92 B o LR R R 48 B 2 A
300 ) 28 R K PR AR B 53 1) S KR AR B AL R 5l A i R AT 2, DT 27 2 A 5545 LA 4k, 8
WU HBEAS ARRAR . R R i e IR 2 B A B R B — 2 IR B . B0, K30 R i
R S RHLEE S SR B AT 22 R A S/ JEM a5, SO SCRY 8 5 2R A = 47 5 1)
(LAY A LT T B (AR 2 90% 3] 95% ) ). BEH 2y B8R T HAA RV, A 7 B AR 1E
UL BB ) T 2T A A 45 w5 B R H — 2 R A

B 5 1 FH A 2 2 0 A 1 4 v, ke i 22 1 A U T 8% st B, 4970 e 9 X PR R I T 1Y
VGG F 3 HE T IR A 218 S IR B FR ) B R AR FH 8 DeepID3 M40 SCr - 5 7 471
PETR BE B BN 2% SVDCONN'' . i3 S 22 1Y) 9 26 S 50 K, TR Sl R, o 7 B2 FH A8 RI2 47 38 1t 47 A2
ik,

A 248 T B A — AT 00 87 Ak AR 1k 3 a9/ i 48 TT =2 R I Bk i S 8 TR R E R A
Thom "V BIFSE T 3 T-Hi B 267 B DRIH 4328 | 22 2 A1 OO s 80 128 22 RIPE SR S A 28 B AR 1L, 45 15 B0 i AR F
B AL TUAR LU, A g T AVE R iE A28 5 5 AT DASRAS B S B 4 43 2 25 3 5 U R0 2R 3R I T30 02 2= ]
FEAR R 20— B B BT P AT ) 8 2 i 0 1 28 X 45 0 9 B 2 5 B 28 T 4% 1 s i A 1T Ll el 7
GRZZHTAIN bias J2XTSEWI AL (H 5 28 H G BAZ S BREAL 90% , H &% ILSRVR2012 /9 5255k B
X TR BE BRI 0 T 191 B3R 4o 22 R 4 AR Ak R FH— JBE RO T 2 B9 TN 2R i, | B A 5K
5 UK I S HCR D ) 178 HLT- S5 MG B0 B 5 1555 TR R4 5 A5 100 TR i 28 0 45 R A i1
A LI i 3 LM B0 (ReLU ) SEER, 16 B2 22 [A) 8 7 2R M3z 422 , XU I BH 78 %o s 7 IR 445 0 £ 5165 B o
BN Z G, o] UFEASREARMERE MG DL N KW R T oK. AET IR Z BRI FPGA I, dl i L1
TE A AE 4 FRUZ T R ASCHE AS AN AT D2 5 2R G0 A o 2 | T EL I ] DAHE— 2Bk /D J5 ek 4 i 4 R 0T 5
B WANEAH H s g e iR s AL IR R A S N g B R AL R TR AU A s s Ak A, 7R
TR REEMBETT LA B X AL A R RS54 , 4 Cambricon-X'"".

2 N IEREBSM MR AE s B

ELULHL B, < AR SR R 07 AY EL (0GR UL N T4 REA L A0 45 Mt BT A 4 S 24
7T

Wi L TR R O A S RO 5 B SR U, N T RERERL rh | a2 6 5 g A KK
i RS R SR B R BE | 25 K i Rl 5 S 0, [l A KA .

T RN T REAE L (O 0 LA 025 (R B , 7 Se 70 Br 4% A L RUBERY A9 25 M AN S48 X BLHT ONNX
RIS 20 R S AR (Y 43T X 5 IR AR 5 T AL 35 SO R R B 285, m] o S L 1 S 58003 A
et %

R (4 S BRI AN O 1D N T 150
RESIU BRI BE T T35 T e T A BB 7Y | 32 47 1.0 :
I R G TR TR B Ak ek 3l /& 7 2 gz 05F J
L B TS R IR AT A AL A § 0
WAEBA AR R T iLE T R E R 057
A fE M XA HEAT 45 B0 AR A ke SRR -Lor
1 J& GoogleNet Inception V3 Tl Il 245 ¥ 4% _1'8.0e+oo 5.6e+06 1A0‘e+07 1.5é+o7 2.oé+o7 2,5é+07 3.0é+o7
BT SR A 1 00 DT P T L 4 K soried index
SRBBE 0 (T , LA M/ M5 B 4 Yo 1 GoogleNet Inception V3 & # A 1ER

Fig. 1 Parameter distribution in GoogleNet Inception V3

B SLbr E A 0.4% S84 HE R T 0.1
(B RBH 10%) ,44 3% B 504 S HE /N T 0.01 (Bl KRS8 1%) .



NG, A5 R T 3SR T IR 2 T B B AL AT O 1

Kl 2(a) ~ (1) 735 220 1 iR Pl ZRas g p s AR AN A — AL T I S B A

1.0+ . 0.6 -
| 04} X
0.5
g O g O
-0.2
-0.5
0.4+
_1.0 1 1 1 1 | _0.6 1 1 1 |
0 5000 10 000 15 000 20000 25000 0 5000 10 000 15 000 20 000
Fe 5 FF 5
(a) AlexNet convl (b) GoogleNet Inception V3 Branch3 conv2d
0.15 03r -
02} -
0.10 K
o1:r "
o i o
= 0.05 = 0 :
-0.1 1"
0 .
rﬁ —02
_0.05 1 1 1 1 | _0-3 3 1 1 1 1 1 1 1 |
0 20 000 40 000 60 000 80 000 100 000 0 20 40 60 80 100 120 140 160
Sorted index Sorted index
(c) DenseNet161 denseblock4 denselayer18 conv2 (d) DenseNet161 denseblock! denselayer2 norml
0.20 0.25
0151 0.20 |
i w015 F 4
= 0.10 - =
-~ <010+
0.05 ¢ 0.05 -
L 1 1 | L 1 1 1 |
0 500 1 000 1500 2 000 0 200 400 600 800 1000 1200
FF s Fe 5
(e) DenseNet161 denseblock3 denselayer32 norm1 (f) DenseNet161 denseblock4 denselayer2 norm1

B2 ASEHIETFHSHIE
Fig.2 Parameter distribution of typical operators in some models

X AlexNet M4% 5 M EFLUHIT , GoogleNet Inception V3 P 4% 98 N FLFA T DenseNet161 4% 160
MERBTTIIS BT . KR SHERTE 0 BHT , R /DR i RHE R R 2880 4 XHE AR I S8 57
TZHOPI LLBITE 5%3) 25% , IR “ 07 B EULBITE 75% L.

H— AT HAERS R P A AE P 280 30% D T2 0, LA E s S AR 1 4317

LA _E7 0] DU N T e R b B A — 7 F IR E00E 25 1 0 BB 0. 55T 0 A9 Eidls A AR AT
DIAEGTEE, THET 0 OEUIE RERS ELERT U 0, F SO ATk — 20 508,

3 FARGE TR TE S

TEDRBE 2 A vh  BEASE F—Mo3 A 4 28 BB (B R HROTHR T (At A A% | sigmoid
55 ol PR (i —A4k ) BdEHE CAnEE S 1) -

PR TR A A, LT R O (n) . BRI SEBREUE 5 SR TR B T R R 45 1)
ZE(BIIMNAE RN B K

FOCHR IR R ARIE 5OURA S IHRA ¢, S8 AUA R LT JE5E. BN exp 7524 TI0
R E TR ENICER K e HIRF, power T 22X TIOUR BCH M & TN LR KRR, “HWMITAERES
exp FI power PREUA B (A1 7% FISEELA K.

i Dy TR T BT R AT B SRR E A IR TR RN — 2 BRI A0 L RS SRARAE
SRR 2T, HAELRM PR R A A 2 AR 5 B sl 44— D BRI, E 2R R T,

— 13 —



PSR 4R (AR R 55 42 45 3 11(2019 4F)

HTR R WAL
WG HEAT X RO B FEA R ARSI AME 0 JCER Fror ik 5 R A5, HAEA A R U A7 FIEE

Fek% R AR, T DU AR 2 (R 7)) B AR P AR B 8 3T 4.
DA 2SR B FEA T v, BR B HE AT 22 50, HR Y

AT

A K BN A R R R e A 3 e R R A T o | ey
L. A4 M A 8 4 57 6 B0 < S S B (B [ s | st P s |
D) BER s A B TS s e, R 3 TR, B3 HEFHITRHEE

%% 1 §|J %&T’;Hﬁ %? \@ﬁ%if%: \]ﬁ}ﬁﬁ“% 3 % %Z'K%: Fig. 3 Data in operator execution

TS ECRHE SBT AL RE 01 B e AE i B . R SR Z T (10 cony,
bias, Istm, BN) 48 S8 g AL . dropout , relu THE A 5 Al LU i o B A s fb. X T4 AZE R 0
HIIEOL, $E ORI R T A AR R Re O R4 th o 0, B8 25 55 A T H 3 il T S B AR SRR, iR 7
B LB AR R AR Y 5 .

®1 BEXREFHRGIENAHRELST

Table 1 Sparse analysis of basic operators

B oL i T
EART conv absval  bias  dropout eltwise exp  relu power scale  sigmoid  Istm tanh BN Im loss  pooling
28 A 7 > 7 J x  x x 2 & Ak f X Ok &
S T e
L6 ] el el el A A A A A A A A z L 2 b

4 BRGNS

Fivgi e R T B IR B AR B B, T8 3 — SRR i Ak 773k, T LA I+ 38 B0 0 i B A T i/ 2
i A EBEREALECR.

FEAR G R g2 2] Gk, AR g A 7 v 46 L1 IE Ak Ff gt DUt 5. a6 5 it 2 DAVR FE M 48
W28 AR N T e B R i A 1Y B 45 .
4.1 HUIEWLR

L1 IENAL . — i L1 TE WA 32 SRR R AR ) £ T A 25 U 3R A X B2 RN AR 2% s B 33
o ISR B 54 2800 L1 IERITGR AN, B0 X' =X+A3 1w, |. PR, J5 & FI7E 0 2k s 800, LAXE 2
BOHAT—LERR . ZEAEGERIPLAR - 2T L1 IE DAk o] DAy A s it A 250 (R i A AU 22 %% , IRk T DL
AR R

Mg DU 35 3% < A DL B 5 A S S S0 187 293 AE RN A 2 v ) B I AR R AR DR
AR A SEERL. g D e > vp (B I 28R i X 2455 65 SEU Y = W e A 388 2 i 8 5 1
B, KT 0 IS ECE N O(FRBiAL ) . 3XFF , 7645 T A2 A X i 19 SE 30 o AR A T R A SE Ak b, 1A DL
SR U] AT SR AT IS 55 1 0T 0 A1 A S 880, SR ik P S e B o0 A ) T (B4

PR A 15 SRS (mask ) K B o AF A RS 24 SR 4 B A 8 e R A TR, DT 22 A
Bl FERG VLA AR R RS R [ 15 SRR TR

S A JE D LURR R OR S8, W DASE IR/ N N AR
4.2 HEHmGWL

AN TR S5 S EORFRR. S5MRRsifbTs D 5EE 0 IS EUENUCH 0, I BRFE fh o0
ST Bz 287,

SERORR B R4 A 28 N 45 ) B8 5 1% B8 3l 5 A0 A8 A ) o 28 DX 8 A A0 2 T IR F B82S R 1 [ A
— AR5 SR 2R E TR A R 4 2 2k RIS

T3 A — PG A 0 1R BN R B TR B PR P 22 I 2 (R AR I 25 ) < ZE DI 2R3

BB, i O ph 2 e 2 E BEALBOE — DB % 4 B — A0 U 2R e N R A 5 /N ) 32 422, PR AL N

A— M M — 45 AR TSP R, nl il AT R s e



NG, A5 R T 3SR T IR 2 T B B AL AT O 1

BEAN 38 0] LB B b 72 8 R S B B4 AR B0 ( Associative Array Algebra ) I FH 1% B #2825
DAY S B KRS 18 s 4o 2 P 2422
4.3 BUTHEL

N TR G B2 T4 2R R 5L, Bl a0 SGD | Adagrad . Adadelta . Adam , Adamax . Nadam 5. 7£
PATB B, Mg A 2 M. H— RS EO0, U1 AT ST R S BT U &t 2R 2 5 R
B BRSO TEVN AT Sh SR A ) RGP Uk b i B e PR A 20, T DL T Y
ARSI (e

X T HLAR A ] SR NP SRR ECE EM A5 AT DL RO v 4 IR ) B0 R, LA A
A7 5 BHANZE DU Xt e DT 3R 28, AR BRI T2

5 FThie Bt st i ik

TESEPRBLHI , H 2B B BTS2 BR (152 BR O 2 52 BRI TR BEVI 2R oK, HoX SemqoRnl AE2 52
7 A AR, MURIRG BAL I 7 1% , AT LA SE PR LT AT s 52 2% 22208 4175 0 B A3 s 280 140 T S .
51 HEFRER

S AR TIOR3 T o AFREZS ) m) (BSTE) (o) AR EE (p) B RS WA, S PRiafT P E7E
AR R Y L3k 4 MRS ECS P IS B LA B MG S r oy

c m t

sparsemodel sparsemodel sparsemodel pnparsemodel
r.= s> Tm = s I = s 'p T

m
€ currentmodel M ¢ yrrentmodel t(:urremmodel P currentmodel

XK, LU R T RE B B 255K B R ek s B i TR R 4EEE RS H (5 B
52 RERBHRUFTE
BRI T OS5 AT LSRR 3k 2.
R2 BREPITEMERRUER

Table 2 Sparse execution model

BEAIRA TS5 2445 Mg AL 77 f g A
SNEPATIT R SGD Sier CAR S
P2 AlexNet aaph Ty 70) g
HAR T conv i o Sumit_ont (Fe s s T it
ESHL funn,weigm (Te Tt polt ) unit_weight

WAL T V5 f 2 th Z2 )2 A TES A LU — RS TR, 5 2 S5 AR T LA & 2 SEA BT, A~ BT i)
DM 0 sk AR Ab oy, BRI, — R0 0 27 A W52 e 5 225 G AT

FESE BRI b i AT SR 7 A R IR T 2 A5 T, B A0 < 38 5 BREE A B i RS (BRI 5855 )
FO FHAT I R (A B S R R SR 254 PIA T I ] BTG B BT RS 55 ) . iSRG SR AEAE W] LLiE
i RGEEIR G O sCE P U AR

BT AN TR BRI T — D 205t LA B 1k 72 S48 AR BUAEXT T 3l A8 75 K 1Y SE i
W] .

ZRG Bh AT RS AVR B Ak 3R W PRy T AR AT LIAR B T 3 A8 4R S iR B RR B A 7 I 3R0R

argmin {JI Laemana(t) — g(1) | } .

T3 E bR 2 R R S oK. R a] DL B R Y B N () RS 32 e ) 28 1 ) e KR, T SRRy
G emand PV IB IS SHL r SRAG. SEBRPATHS , “ SEAFFT R BR T 520 77 R Z 40 i s A i AT oK, AR
grak FEME DL SE B a B e, B B AL B 7 25 3R R O i B R AW R I 2 e, 15 308 R
ﬁ?argmin { gdemand( t;) _gf( ti) f.

=9y SR BT A Mg A 7 2k 1 248 A Tkl e B Tk rp . ik —20 Mgk 7
ARG T FH SRR N AEME LAER SR A, DR A 3 AR sR iy =X

TEUTASK A R 5 2255 LA Rt 5 XY TF A8 FIASCR %) i H bR AT e 4.

— 15 —



PSR 4R (AR R 55 42 B4 3 191 (2019 4F)

HiE1 BEAFFECAR

%/\:rc ’rm ’r[’rp

iU
8 e m,e,p IISERRTR R

EFRI I e 2SR ARAE S U—U, N U, NU,U U, , 525 s I el 2 Hrp £ R IE S 6508 Us
P U P& TR ERE R FFI I AR

2 wiwtk U,U,, U, U, U, %

3 for require in {r_,r,,r, r, I do

4 for fin { 1f;miLweig}n§ s }f;miLom} ’ {fgmph} ’ {fim} { do

5 TR require Z&PFINZ RN f£IF AN HEZWT, INAXT RS U, i
6 end for

7 end for

8

9

6 SEIG
6.1 SLIRINE

SEYRTE Intel Core i7,16 GB 1 867 MHz DDR3 58, C++%iifts M clang—700.1.81, JFUGHESE caffe 1Y
A Ay 128797 eb.

H AT TR REVIZRAT 55 48 K 2 8RR SR 008 0147 , SRALRR I8 25 98— 1> 58 BE B AR R GE I W AR
ARLBEROR 1T e AL B AR R R N A 7 PR SRS T R 20 R W S T b B b A T4 55 19 SR 5
K. BEAN, il AR A 2 R AT S5 PR AT LT U R G T R R, 7R FRAL L 5 AR
S RE UL AR T 1 A 8.

6.2 HHMSHmHL

SEE 1 S5 A S EO AR FH TR ALK AlexNet [4% , 4T T-5 50U YIZREHE 2 14k M) Mnist (42
T 0~4 4L S FFEEET) . MG 41 700 DMLESEL, Hob layerl A5 BT /Y& FUZ L 32 000 7~2
B, layer2 L& T A W) 2342248 2 500 NSS4

FEXFRBLE SR s, HEUEERZ[0,1], HRME w=sxlw,, | LTS WEE p, =
Cobelon_threshold” Copatl » BEAE BB L X B AE T KA ZEXHE R s LLFILLTF BIZECh 0.

Kl 4(a) ~ (d) FTRAEREMEESECN 0.1,0.25.0.5.0.75 4T, A0 B i fs et 22k, hTa
2 4™ layer, B4 layer M5 KFREREE A 1, R HL B e I R LR EIE X R B0, PTLAE B, PR R 4 XHE R
HYAAE AT DA S 25 b SR R S A R B2, RO MBS s = 0.25 BYZ%k, S i B2 4223 0.999.

layerl ™ layer2 layerl ™ layer2
10 y y 20 y y
1.5
il il
B 05 B 10
© ©
0.5
0 100 200 300 400 500 0 100 200 300 400 500
PAREIK BRI
(a) s=0.1 (b) s=0.25
layerl ™ layer2 layerl ™ layer2
4&5 =
B 8
® ®
0.5 0.5
Il Il Il Il J Il Il Il Il |
0 100 200 300 400 500 0 100 200 300 400 500
BAE HAE K
(c) s=0.5 (d) s=0.75

B4 WHmiSSEEREE(ERSENE)

Fig.4 Sparsity in parameter sparse method



NG, A5 R T 3SR T IR 2 T B B AL AT O 1

6.3 HHSHBEHRL
S 2 (K i S ER BAL ) R caffe HEZR X T Lenet P28 #E4T Mnist T-5 507 IR ). 5256 base loss
rate =0.01 ,momentum = 0.9 , weight decay=0.000 5,Ir policy="inv"” , gamma=0.000 1,power=0.75. $ IR A
T4 AR M A N — D RRERAY layer f7 A S UG RO 25 i HEATSE 5. ANIR] 5, 7E Lenet W28 AU FRZ |
WAL)Z A2 b AT R A s AL A0 SE56: IR 0 28 S5 R A2 B W 48 45 4 23501 R R R 23
SEGHY BT RANIE 6, BUE FEA T T4 AR - X 3 57E 0.1, 0.01.,0.000 01 LAR B N 0, #iik
ARG FE loss (MM A1 ) thZk. FTLAE H 0 T BAS i 13 25000 A B N R B A AN S S 3 25

|input |——| convl |——| pooll |——| conv2 |——| pool2 l—» reizll)lil ip2

ipl .
i it [0t s L poot2 o retot (= Bl outpu]
input 0012 output

B 5 HRKERBEHRTHR, b TR, T . TiRRE

Fig. 5 Model structure transformation in sparse method

—o— t=0.1
—— t=0.01
—8— ¢=0.000 01

SE555 Sasas T aas

LAHU
PR T4 | Tenet , mnist
6 R TIERLRE
Fig. 6 Convergence in operator output sparse method
6.4 ETHTHESHEERBRL
IR TSI T SR, HRTC A M TR REEAR 2 /ST, R BERL R Sy — il
45, BIR DyNet 558 SHELSE SR ol ST HA B (R T S AE RS R R M T 38T, 5 R T RS RO
Pl 7 Rl 8 vl S g R R /2 HLICAB AL AR AL AT B2 e BEAC” — 1) 4Dl — Ay fh 19 55

x 10 x 10° x 10°
3 4 8
3 6
w2 i i
Bt o2 = 4
QN () «
1 2
0 0
GREEFs “Eg5f=s GREEFsS
(a) convl (b) conv2 (c) conv3
x 10 x 10’ x 107
10 8 8
8 6 6
H 6 i i
& &4 = 4
& 4 K\ i\
2 2
2
‘ ¥ I E3 ’ K I & ’ ¥ I ES
H oz = & = @ ‘ Z =& = © C S =8 =0
2w 2% °° mw $SE°° =x 2S5 °°
(d) conv4 (e) conv5 (f) &9

B 7 ZhiSHEBIILSLIE AlexNet —XIAE-SHE

Fig. 7 Quantitative parameters in dynamic sparse method of AlexNet



PSR 4R (AR R 55 42 B4 3 191 (2019 4F)

Yise AETHFEPAT I RIS AERMB 2R, FE TP T 2008 e 5T 15 80 Ak R B 5 SR 43l R« i
(FEAS MRS RL A 25 0F F R Ei Ak ) L0.001 (i8R BI{EA 0.001, J5 1)) L0.01.0.1, “ 50 (Mgt -~ 0.5) 0.5
(WMBEEEHR 0.5). FE(a) ~ (e) il AR B EF RGN, 7B (f) RS, v/ LA 15
A FEAR ] LA B 4SS R I T .

HAHAG R T SRS RN (B 7() ), R4 K2 BB ECRRTE FC 3B+ (HX T A8
AT R AF ST oK (B 8 (1) ). e Lt B Fisifnd) B AR 22 ul i B x 58
f7 H A B S TR AR A L.

x 107 x 10° x 10°
3 5 3
4
¥ = 2 E
1
"t Hzz®s3 “$wMzom 3 "t ®mzo® 2
g 3S¥ S #g3S¥ESS xS
(a) convl (b) conv2 (c) conv3
x 10° x 10° x 10
3 2.0 15
1.5
g 2 I i 1.0
gﬂ_ﬂ; o 1.0 g
e 1 905 '_\0.5
O%JI]EH'“”%%”‘” O%EH"”%”"‘ O%W””ﬁ”‘”
2% 335 °° 2% $S%°° FgS¥E e
(d) conv4 (e) conv5 (f) &=

B8 BHEHRLER AlexNet —RIBE-HHE
Fig. 8 Quantitative computations in dynamic sparse method of AlexNet

PSR caffe 71 0 FERIHESIF B2, o 1 W0 S AT 5K, TERAT B9 4 —%E (epoch ) TFAR RTINS
AN

9 J& Lenet Al Cifar10 quick Bi4~MZ&7E Mnist £ Cifar10 P8R 4E a9l grad #2. Hrp R g1t T
23 B (conv) IENME (relu) JH—1k (ip) X LRARBEAR AR B AR 2R 28 — @ kU 2 )
A B R AT SR BEA T IR 181 9 (a) v bl TR 7 o o v B SR A8/ 0 DR e s/ s i o B8 2 T A 4252
(45 B 9 (b) e AL B TR AL AT oK B P71 1 8 4 1 3R 23 TR

0.6 0.6
04 0.4
—— convl —e— conv2 i
ES =
) . )
3 relul —=— ip2 S
021 02 — convl —e— relul relu2
——relu3  ——ipl —ip2
o gy oy oy J J
0 500 1000 1500 2000 2500 3000 0 100 200 300 400 500
AR AR
(a) Lenet, Mnist (b) Cifar10 quick, Cifar10

9 BREANGERINHIERRETL

Fig.9 Sparsity in training iterations

7 REEHAR LR

Wi AL AR N TR RE U — A BB R 3. A SCHR N T T 3 898 T YRR B 1k 07 125, W]
AT PRI TR AR T BE ) [T s 52 4% 2272 1) IO PR 17 0 02 3 v 280 940 7 X SRt 2 3 B P P A R 45



NG, A5 R T 3SR T IR 2 T B B AL AT O 1

s SR B AL, I TEAN AL PR AN A T BT EE 27 ~J BT ER AL 1 1 3 N7 ) ) 4 7 8.

AR A SO AR H S WA B B AL B — 3853, TEASR IR, AT St — P R ITF o8 e i

A TR AL T 5, R BN E N TR il & 5 UL N TR Eas 7 35 .

[ &% 3Lk ]

JAEAe. pLasz T [ M]. JLaT dE AR 2= L, 2016.

JENKINSON J,GRIGORYAN A M,HAJINOROOZI M, et al. Machine learning and image processing in astronomy with sparse

data sets[ C]//2014 IEEE International Conference on Systems, Man, and Cybernetics, SMC 2014. San Diego, CA, USA,

2014 :200-203.

DHILLON I S,MODHA D S. Concept decompositions for large sparse text data using clustering[ J]. Machine learning,2001,

42(1/2) :143-175.

YANG C H, LIU F,HUANG J,et al. Auto-classification of retinal diseases in the limit of sparse data using a two-streams

machine learning model[ J]. CoRR,2018,abs/1808.05754.

ANTHOLZER S, HALTMEIER M, SCHWAB J. Deep learning for photoacoustic tomography from sparse data[J]. CoRR,

2017 ,abs/1704.04587.

HAN S,DALLY B. Efficient methods and hardware for deep learning[ D |. Stanford ; Stanford University,2017.

SIMONYAN K, ZISSERMAN A. Very deep convolutional networks for large-scale image recognition[ J]. CoRR,2014, abs/

1409.1556.

SERCU T,PUHRSCH C,KINGSBURY B, et al. Very deep multilingual convolutional neural networks for LVCSR[J]. CoRR,

2015, abs/1509.08967.

SUN Y, LIANG D, WANG X G, et al. Deepid3: face recognition with very deep neural networks[J]. CoRR, 2015, abs/

1502.00873.

DUQUE A B,SANTOS L L J,MAC&DO D, et al. Squeezed very deep convolutional neural networks for text classification[ J].

CoRR,2019,abs/1901.09821.

THOM M. Sparse neural networks[ D]. Ulm; University of Ulm,2015.

LIU B Y,WANG M,FOROOSH H,et al. Sparse convolutional neural networks[ C]//Proceedings of the IEEE Conference on

Computer Vision and Pattern Recognition.[ S.1.:s.n.]. Boston, MA,USA,2015:806-814.

NARANG S,ELSEN E,DIAMOS G, et al. Exploring sparsity in recurrent neural networks|[ J]. arXiv preprint arXiv; 1704.

05119,2017.

XU L,CHOY C,LI' Y W. Deep sparse rectifier neural networks for speech denoising[ C]//IEEE International Workshop on

Acoustic Signal Enhancement, IWAENC 2016. Xi’an, China,2016.1-5.

SALDANHA L B,BOBDA C. Sparsely connected neural networks in FPGA for handwritten digit recognition[ C]//17th Inter-

national Symposium on Quality Electronic Design,ISQED 2016. Santa Clara,CA,USA,2016:113-117.

NG A. Sparse autoencoder[ J]. CS294A lecture notes,2011,72(2011) :1-19.

ZHANG Y D,HOU X X,LU Y D, et al. Sparse autoencoder based deep neural network for voxelwise detection of cerebral

microbleed[ C]//22nd IEEE International Conference on Parallel and Distributed Systems, ICPADS 2016. Wuhan, China,

2016:1229-1232.

KORDMAHALLEH M M,SEFIDMAZGI M G,HOMAIFAR A. A sparse recurrent neural network for trajectory prediction of

atlantic hurricanes[ C ]//Proceedings of the 2016 on Genetic and Evolutionary Computation Conference. Denver, CO,USA,

2016:957-964.

ZHANG S T,DU Z D,ZHANG L, et al. Cambricon-x; An accelerator for sparse neural networks[ C]//49th Annual IEEE/ACM

International Symposium on Microarchitecture , MICRO 2016. Taipei, China,2016:20.1-20.

Open neural network exchange (onnx)model zoo[ EB/OL]. [2019-03-01]. https://github.com/onnx/models.

MOCANU D C,MOCANU E,STONE P et al. Scalable training of artificial neural networks with adaptive sparse connectivity

inspired by network science[ J]. Nature communications,2018,9(1) ;:2383-2395.

KEPNER J, GADEPALLY V,JANANTHAN H, et al. Sparse deep neural network exact solutions[ C]//2018 IEEE High

Performance Extreme Computing Conference , HPEC 2018. Waltham,MA , USA,2018.1-8.

LIU L.,DENG L,HU X, et al. Dynamic sparse graph for efficient deep learning[ J]. CoRR,2018,abs/1810.00859.

CHICKERING D M,HECKERMAN D. Fast learning from sparse data[ J]. CoRR,2013,abs/1301.6685.
AT R



