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WA Sk B AL B RS ROR.
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G R 2 1 FEDRPUN B Baska il B0 E& &) 08 S SR 55 T IS TR
PFITARA BT SRR FEE 27 2] 10 AR f) Wy t B0 3 , b I e K S50 AR A )1 Rl ok St
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The attribution acquired
from filter activation Causal features
Input image .

The attribution
acquired from the
original network

The attribution
acquired from the |
compress network

(2) (b)

B 1 (MERFE) (a) RERYARFE; (b) BRZAVIRFE

Figure 1 (Color online) (a) Attributional characteristics of the model; (b) attribution characteristics of the filter

BESRUR B3, FEIT JUAE R BOR R 22 (R 78 N SR IRl 2 35 BT B0 ol Do 28 A5 v 1] 2
HERNE LB, WD R S AR DA BB R4 . ISR H . S 80Tk e szal )y 20 BT DU 3
o NAESE KIS HETA 2 Mt S 50T ML AR5 A S A BT B B O ST (1) S 40 g
1728, RAARRHABEBZMIT, LMETIRAT G5 i X 28 B8, M S AR I 3E A, B it
TR 55 SR IR R A RN R A S, S5 M S B BT B R B B AR LS B (R AT B B, R85
368 T T B 0 TR O B A A 1A B B ARARAS, At iy 4 38 7 U T R 4 A5 280 s A () 2SR, A SE B
ERAE R B 5 S

AR F SR BT ARE B0 X 28 B AT 48, AT A B S B0V 138 S IEY (floating point of
operations, FLOPs) /1) H 1. AR A% 1) 51 BB PEA 72 45 40 A0 BT B o m FH L s B AR ) B
BLRE VP 45 SO v MRS AU 75 AT BUAS, A R R 1) B A 2o 0 e i A 284 1) YR 3 7= AR AN [ R 52
Wa. FEASAY B R, LA B X 2 AR 2 e 4 B AT A RO AL I R 4 LG L 3 Bl R ORGSR D R 4
BV FRAE. A SO BB R AA B A BENS CRAE B AR5 BRI RE R, RIS He g AR A 7 v S ad R vh it
RE % (R 87 JEL AR A JE R (81 ARRAIE. EERTRETEAT 55, ASSOR EMSARRAE 2 9 5 H ARP A AH SR 1) R SRR AR
5 HFRYATE R () SRR (7] I A5 7R 22 3] 1) 5 TR SRR SC IRFAERR R VA RURRALE ; FRAT 1A ER AR AL A
PRI E BVH RURRE 5 R R R AE A BRI AZ R EE (intersection over union, IOU).

TEVPA P 25 A5 2 Y S PR IS, R Grad-CAM 9] (gradients class activation mapping) 5 VGG-
16 BRI IH BRRHE, i 1(a) BoR, BN T R4EEA CRAISCHR [20] "R A Taylor BYE HIEHEAT
i) 5 IR AR AR AE R 0 B IS A DRURRAE R AR s B 2 SR AT PR mT DA HE S0 X 4 A 2R Al A2 %) P&
I, AR HAT B )0 B8 0 B R SRR AR HEAT DR S 0 s 4 Y 11 23 2R A48 55 10 9 1S BURHE, IX 3R]
Bk A S BUR AR B 0 VA AR RO 25 1 SR A BRI . 5 B0UH BRURHAIE Al 25 11 Ji BT ] 2
FEBYR G FE ot SR B TR SRR RE B, 9 T R X R DLk A, FRAT RE B BT R A )
T 25 S A AL NS TR SR ) DT B2 X —Fi A5,

PPN B AL AE RS FE TR I DRk R, R Grad-CAM SRTSFAH N SR UZ 5 ) B 1 G HRHE. B 1(b)
J&7R T % VGG-16 Mt 5 — E BRI HBIRHE, HEE N T8RP 5. Y5 G
AR BT LR R 2% b RS S AR I 22 21 31 T 3 TR IR B, B3I BB N B R, %6
FUZ AT DAAUE FRFAE R 23 B 2 AN 28 g I, BT RAAS [5) £8) 3 R B AR SR 0 DX 288 A5 e S I ) U
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FEBFEEREE BB B 1

DRIARFAIE 7™ A AN [R] PRS2 A T B RO PR b O B TR A e S I 11 U1 DR R AR, BT SRR 7R LR B AE SR
bR A U RRHE B R, A SCETHERRRZ B A RPE LA, DA R BEEHULA PR R SRR,
ESEILIN ASCE S BT A 2% B 5 DR AE AR OC FE AR B A%, DAk SRR IR 46 i H 10, [Nt B 8 de K
71 FEHOR B SR AR B (R VA RVRFAIE. A SORE IR A 7R B SRR O U DRI B A

Springenberg 5 21 UEB] T S54F 5% IEAH G A S FURHIE S e vE R R IB BRI B S L. ARk
T Molchanov % (20:22) 32 W AR BT RZAE L, RIARHERFAE B Taylor — B & IF 2ut SM BB R (1) 5
TEE, SRR 2 PhETR B L. R BEEE R ARSI 455 TR A SCRHIE R A B AL FLSE % AT Taylor
— W R IF VP B AR X A, FORIUE AR RS B AT BRI, X AR R PPN 7 20
WG HUZ BB E N R . BT LR BT Rk AT Bud i 4518, A SO Har 4
A Taylor-guided BYA; H k.

RCAEVFAN R AR AL A R v, SRERT P AR R 4 VP A b vt AL RIS B2 (top-1) AU
245 LU FLOPs, [RIN0T HG I 23 #7173 DR B A4S S500k P s 4 5 B 0 J RS B ) U DRIARR A, AR S
AT i H 57 F VGGNet 23] Fll ResNet 4 A | HEAT 9286 560F, KA MIEHEEAN fower-102 24
H cifar-10 28],

ARSI TR 32 B AN 7 1

(1) AR, T3 AR S DAL B B AR L -1 25 A PR B i AR s 1 ] o o A Y
AT BB AR B K s SRR O VA DR BT SR 12 VAR BRI AR b Be 8 A 280 O B SR8 v 11 U DRI
fiE. AT T AR, ASCHIBE T2 5 — A I BRI L 51 B BT R AR v i TAE.

(2) 1T ReLU WU BREIAFAE, BERURHIE B E BT 0] A% 13 1 A o SR DB SRR AR EAT AR 4,
WA SR R SR IEA OGS BN S A% S 2L 1) 507 2, SIS R S AR () B S B VP 45 SR S kG
HE, AT HFR N Taylor-guided BY AL FVE.

2 MxIfE

LeCun 5§ 261 F1 Hassibi 5 271 $& H e R0 0 F 40 55002, 125305 R A M 2% th 2 5001 — B il 31
PN S B B, Horb Sk [26]) AR IS A B MIT L A, BT N 46 i EREVEL —, 2N
JELER A BB AN AE MBI AS, R AR A BT AL ST Han 45 12280 3R ACHN 15 B BI(E LA B/
?Iﬁ”ﬁﬁ'}’;iﬁ, Guo %5 29 JEH connection splicing ﬁ?ﬂg‘, jﬂTf‘ﬁﬁE%{t%ﬁﬂ%ﬁ¢7 BT HAAS 1A 10
B T5 2 5 00 R A7 R TR PRS2, DT B s b ox X 286 30 A7 B A 17 285 4 A B A RO B FEAE AT T LA 445 A
K&, WO AU 1 B 2 AR 77 3C BT DURE S5 M A BT B SR 0 e i, e oh — o R AR A 5 AU i L
FHE IS B EUZ I B2 R, RRONEEE SN BRI o5 — R BRI BRI S HUE 4 BRI
BB, MO T B R BT S 180,

B KB BTk VA Hu &5 BU 3R T APoz 53k, HFiHE B HARERE o HEE,
ISR gt R A O A Bk 2 B SRR ARG, R 5 s B S P IR AR i 1) e I ) A A 2847 B
B, Lin %5 B2 SR BIRR, 72 S AR ihn] DURR I SEBR B R IB 00, 5 I 2% A B )i 15, Lin
25 133) FE i HRank 5035, 250K FURAE B RO RR FOBAH BB AU I L. Wang 45 B4 X 1E 1] 4% 1
HRIREAE AT 125 (I SR 2K, [T AR A SR 2 45 R AN C 22 1 B 1) 2 At L BRAH LI A AR, Lin 45 1950 fifi )
A RO T 0) REAR SR T 7 4 B R HLE R IR ALY T IR 4% . Gao 55 O 7 HARFIESG 5 /40 505, T
XFBAT I B VB B UZ AT ORI RS AN B, Huang 45 BT R MR 25 M L8 #% (sparse
structure selection, SSS) FLy%, TEAH NI LS HESE F 5| AR B 1B WAL, M TATH 1 4 % 46 s it 1 AL 1)
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AL ] . Molchanov &5 120:22) 2545 7 SR I IE () S0 A8 DA S R Il B BE AR, FH A 2 BSR4
R E B, SOk [22] 25T SCHR [20) FREAR, K4 BTAL BVEHET 2] ResNet Al DenseNet 77 Bk BRI
1) R 28 A Y

MOSEFHAR B R 505 Li 55 DU SR SR L1 YA B B Jl i B 23 bk L1 Yu4L
BN RAAZ DA SO B RE IR B R 4 (000 B 1. 2RMehh, He 55 B8 RHERZN L2 WHERE H HE
. Liu % B9 FJFH Batch Normalization JZ R4 A TN B AL E Z . Zhao 55 101 15 J67E I %k
B BO6T Batch Normalization Jz= (48 R i N BRI, It — 2R F 4 3R - X S B kA7 B 2
FEPPAN. He 55 B0 32 A B B AU UAAT b L 004N B B R IR R0, i Bk B AR R B = h B A U
FIERSLFEE R, DMEBTE LFBRIUR(E B, Zhuo 55 B X 28 180 b (1 5 B UL IHEAT 15 SRR HRAE, FF AN
R AN BB R ZAS DL

AT B BTR REANF T CAFAE I T A BRI, 8 9l MEER BR2E 2 5] 3 MY (R BTA
AP B AR U RTRFAIE. SCHR [20] HH B ARG S0k 2R 28 8 I 28 E I ) W00 Ao 2 v aod Y A7 AH SRR 3 — AR,
T A2 SR F Bty 2 /0 B4 AE VP BRI B B . AN A i858, A Taylor-guided BY R 5% HR
F TEAH SRR AT B AR 1 B 22 FE VTN

3 ETHEAREERITMRIEAMEERK

5 A% BE L VAN VR AR A B Ik AR A R B A A, AR R R A SO R I 7 R BT
BE, BT E M R S AL E B . 3.2 N REE T S BT R R B T R, AR
JG 3.3 Al 3.4 /N5 i A FRURZ VA DRRI KA Ak B A8 B9 2ot 190 A BE, PEAR SR A SRR HE ) VA R B
SN Taylor-guided BYARE 532, [R] A 38 5027 2 SO0k R B AL 5035 B SR00 RE 1R AT VR AT 18 B
3.1 fFSitEA

g — N EL NGRS RIA M MERE, H W, = {w), wh,wi, ... wl } € Rrxni-xkixks
TR i BFERBH, b wi e Rk JoRE 0 R § MBS, n RRE 0 E
B RRRE, bk BRBRZRAD. BRSPS N %58, N = XY 0. B 0 =
{0%,05,0%, ... 08, } € Rrxhixas FoR58 ¢ RBRREIR, 5 0 JRrP A § MBI LA of, hy A1 g; &
AFHERIF TR 4 D ABIRSE, L(D, o)) FonfENGEIRE D b HBRSH SR wi 1 K50
K.

3.2 MR

90 26% s 451 SR AS AR M B B B R AE T A2 Y LAY, RO R T BE IR A . i P R 1 4 A e 1
EAR IR RIRERE, X R P OB RIAIRSE, I Pori — Peom < € IREBIBUE LIS, Horp & 27]
BOE WL FAE, Pori A Peom 733875 065 W 48 B0 1000 B2 1246 J I 4 A R

min (8] - w})

M n;
s.t. 226; = N.

i=1 j=1

BB BB R T DAL R (1) R MR, L0 - wi) FoREABR I % & (1)
1 61 SRS H wi ——XIRL, 6, = (61,0008, 8% ), 8% € {01}, 6 FrHIBIHISBEITHE S

(1)
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FEBFEEREE BB B 1

B, p= S0 R BRG], 0 < 6 < 1, 8 EEREER (2) B3,
min 6 s.t. Pori - Pcom < g, (2)

Hrp, e FORPTERMIREERZR. 30 (2) FonBAE LA e, R KT o I, IR4iRi s 1k,
FEEERIHRAE ¢ U AR, RE S B BRI TR 2 /0 7 B AU G AU e B )
B RN EEENRAL, P AESCPR TR Oy 7 e RO 4, f i B ERDEUE Buin.

FIRA RS E SR SEON 6, ASCHHAOVERZIEN. SRETHRE R NERZ W ik
— AR w, RPN GEPIBIES S 0 2or; S8 0 WS ZERYE G B 2T B0E, &
FEARI BRI RN 6 BV 0, BREMNERRRHERR, k2, BN 1. AL 3.3 fl 3.4 /N5
RUEPIRHE 6 B5.

3.3 VAHEE#

S BRI 99 B B of, STV P LI o ST T X I A DR, 9 HE 2007 PR
AE SRR U B I, 2 Bt 6 (8, TR BB 0T b 5 5. 2 T
U RV S5 AL T, IR 3 BB U 0 T T P SR 0T 50

. 1 K& (o
Gig = hxg Z Z 9ot ' ®)
= o

J

0 (3) PELUTEEN c WEGENE 25 j MR LAAEERIREE, XH A g 7230 380R
iy RS I L P v B R X 5 TR S T AR E AR B 5E @ Eh 5§ BN 2R ¢ I DTHRER
& af 5, RN T

G55 VA DRI R AR N A U ) A R AE I, (S RT DUAR 258 0 258 NS AU T A AR AE R 1 o 1)
A PR X Sk, B

CAM; ; = ReLU(af ; - 0}). (4)

CAM,; ; AT RN 2 PIREII R KL RO ERATT R @3RG A R S H 45258, preliE
DR AE A R SEARFAE () TOU 550 ] LG oy

1
valuate = — XD: zg: zh: (CAM; ), , - labelg (5)

HH labely j, = sign(ReLU(label)), label JYEMR MR ERBARZE. B 5EXT label BEAT T RAE, (L AENS S
FURFE EIHEAT Rafert 55, AR5 H] sign BREONT ReLU RRHORK Ay A & 0, 1 E R —ABFEFE label,
Forp BRURAFE X O 1, B FAFEX DY 0. num AEHEEPE P EE. X (5) Bk« BH
AN ERAZ BB X CAM, ; AR labely , #E47 M3fe, 3F 200 s 4 RAE N EPUZAE
SRR LA L, e a X BN BUR R L TR R DR KT AR PR R, RIS (5)
[¥) valuate. BEEEXT T2 (1) H 6 MHUA AT LRI K

5 {1, valuate > T,

0, otherwise,

(6)
Hrb T NBA, T = valuate, KIRIEXT valuate H/NEIRHET JEEUEE + AMEMERNBME, + Ronfikik
RISFE R BRI BRAZEE, YRGB RN E R T 8055 T R T W, %45 B Fot b
S 6 BN 1, RZ BN 0. BARTHEBBWE 2 Fik.

17



HKIGAE: FE TR A R B VRAN R AR N 45 BT L

Feature attribution map

Feature map .
A —
° —
°
°
A .

B 2 (MEMFE) AEEHREEER

Figure 2 (Color online) Illustration of attribution pruning method

K 2 NARBIESEE R B, 2R T B AN E RO N R IR A B B, ARAE S AT
K RE IS5 SR R PR, e M AERUZI 6 8, H 6 RBZEPZMTTE 5. B REA
KPR, A BEERAES REURHER) IOU EHm, T B 5FRFIER 10U EEIK, T2 %
B B X R HERZ. B ©” RORIZEPIRE, <7 BWE Z G LR

AN AR B S AR S S DR AR BRI A o I R B VA R RFAE 5 D8 SRR A S P v
BRI, TR A% BTG SR IE P DASE AR B 1) F 4 L A8, £ e A 289 AR VR kG [0 Rt P DA KR B AR
B SRR 1) JH DRI AR
3.4 Taylor-guided BU#%

1B & 7 BRSSP UL B AT VOE, TRATLOK o EREREF Oy EIUE BB LR
MRAE T RS I AT IR P, BRI EE R LA (7) tHEA R, RIS AR B ST B ) L B
PG R SRR 4 Ik 2 72, AR R B0 6 AR AE I 2 A Y vh o 8 BB AR A, U4 2
IR 2 ZEBOR, RN,

[AL(0})| = [L(D, 0} = 0) — L(D, o}, (7)

HAA Mg e 1 BN BRERZ w) JERMEHL, 5 2 BUEBMZ L. X L(D, o) = 0) £
—F Taylor J&Hun

. . dc . .
L(D, 0} = 0) = L(D,0}) = 550} + R (0} = 0), (8)
J
o Ry(o} = 0) AN
) oL o’l2
Ri(0t =0)= —5—— 2, 9
=0 = S ©

Hoym b s 4, 1Z3000] UL RS e AL faial AR BB AU w! (K E PP, B

dc
~0%| . 1
803 K (10)

|AL(0j)| =
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FEBE EERE HS51E B 1

WRHEZ (10) FTRURIN, R0 (10 B 22 B 7T LA el I 1) s (A0 s el ik B 2 R R . FER AL ) ok SR
FE P AR AL & R AR ORI A R AE S H AR R OG, T U E R T e, AR ) 6 7
HRERTUARIRA 05 = f(Lioy, Wi), Fem Iy FORHIANBIE @ JRIVRAE L MM 5 0 SR AER
ITEERIRAIEG, AT i + 1 ERMEA I, = ReLU(O;). M I BT E 7T LAE H, Bz 4t
FAIE B A 8 IEARAE R, PUERIA R IE SO TCAR B BAETH S R h ad JERR 25 T RAEVEAN M 25
WIER GBI LIS, Oy T ORIIE S PP 45 R ORSHEPE, FATE0E 9 AR A IEAR SRR AR 6 A ik
T, TRAN D BRI E RS RZREN

|AL(0})| = |ReLU (aaoi) -ReLU(0})] . (11)
J
HEEXT 0 (1) s BIEBUE R LR
i {17 |AL(0})| > T, 1)
0, otherwise,

Horp T ONEEERE. E SR EEE NN KIEATHT, FRE T = |AL()|,, R E
5 MENBRE; LR EES KT ZRER, 0 B 1, BoRREEFRZ, RZWEN 0.

AT R IE A SRR 2 VPN B A A R S R (O EE B, SRR PR 45 S R v, X [
It SR FH L AH A A A 7R R4S AR BEAT VAN 1 7 S B s .
3.5 BEIEER

PR BB Sk Taylor-guided BYA HVEAE NG RAZIEN L, EiHELRE T BT 825

b . A TR P IR, R ASCR T L2 SO BB R S E AL, va
W RS BRI AR R BRI W E LA
. UCL;-
5, (val)

A28 52 RO SR AR AR 2 JE Bt 1 3EAT BT BB 4.

Algorithm 1 Pruning algorithm for convolutional neural networks

Input: Datasets D, convergent MODEL, accuracy reduction boundary e, the number of filters pruned 7 during iterative
pruning, and the minimum proportion of filters retained Bpyin.
1: ¢ = 1 represents the number of filters currently retained/the number of original filters;
2: while P, — Peom < € and ¢ > Bpin do
Dataset D is input into MODEL and computed forward;
Evaluate the importance of each filter in MODEL by attribution or Taylor-guided pruning method;
The importance is regularized by L2 norm,;
Sort from small to large by regularization result and set T' = valuater or T = |AL(0)|r;

Update 6 according to T

S B A Y

Use ¢ to prune corresponding filters, and finetune MODEL;

9: ©=p—- % and calculate the accuracy of compression model Peom-.
10: end while

Output: The compressed and finetuned MODEL.
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F 1 VGG-16 £T flower-102 HIBENTRER

Table 1 Pruning results of VGG-16 on flower-102

Model Top-1 (%) FLOPs (PR (%)) Parameters (PR (%))
VGG-16 76.86 1.56 x 10° (0.0) 1.35 x 108 (0.0)

Attribution (low compression ratio) 76.62 3.86 x 10° (75.26) 4.42 x 107 (67.26)
Taylor-guided (low compression ratio) 75.76 4.40 x 102 (71.79) 1.09 x 108 (19.26)
L1011 74.23 2.03 x 109 (86.99) 4.20 x 107 (68.89)
Taylor [20] 71.00 1.07 x 10° (93.14) 2.66 x 107 (80.30)
Taylor-guided (high compression ratio) 72.36 1.11 x 10° (92.88) 3.36 x 107 (75.11)
Attribution (high compression ratio) 74.90 5.55 x 108 (96.44) 2.34 x 107 (83.04)

4 SN

N T AEBIA ST HR S A R, A SCHE flower-102 BHEAE 5k R BT A ST HEAT SEUG 3G ALE,
FHNKH cifar-10 $4E4E RIGUE Taylor-guided BYAL FLVER) B 48H Ve, FAT PR B8R FLvE N H T A
[F] () R 24 Ky e b 145 VGGNet, ResNet. 4.1 /N5g5 7 ARS8 BARE S U I B AEN; 4.2 /N5
X H AR SIS 45 FHEAT R UL, BRI Ah, iR 7R R4 R R, cifar-10 WA — 2RI top-1
ALK L.

4.1 SEIGRAEAR

AR SCAESEG WA T ARAIE BT S R BTSSR o] LLIE & TAE, 75 AR BT 5 PR e, BIPR e A
JE 45 Je RS BE R AR S L RIS O 17 B LB AR e o 2 e 4, AN SO W B BB UL R /MAR B EE B HIHL
{8, 7EBI RS AR B ASBEAK T b AR LA CRIIEASE Y [y e 1 1200,

TEMFRE. 8 T P R 40 5 B AL TARIRES, A SCR A E - PR ik Z ¥ & (parameters)
1 FLOPs K HJE4GE# (pruning rate, PR), 1IHMM S5 & DL LT EE. HAMRANTIEH top-1 K
FEVPAS A R AR A5 20 5 T A B 2 [B) B 22 B[R] IR xeg Bl 77 TSRS AR [R] B A s i 455 28 1) VA DRI AE

BLE. ASCHH PyTorch U2 HE AL SIS Ap Birish A (RSB, 2 R AR A5 A I 2 LA B e 4 A5 284 i
B, KHIFENUES B N F% (stochastic gradient descent, SGD) FiEdHAT W25 (R4, 78 VA BRI 8Y A7 53 DA
e Taylor-guided BY L FEL LGt [ 2% () 27 S BB 0.01, ZhEN 0.9; LEUIZRIT B LA S R 4B
WORBT B, B IEL 64 5K — K. R IRITESE R, KA 10 UGS J7 200 e 4 5 RS A1
ASCHTAE 26 4E 2 H NIVIDIA TITAN Xp GPUs 52K,

4.2 ZERM9
4.2.1 HF flower-102 HJSLISLER

A/NFITE flower-102 FLHEEE L3 A% VGG F1 ResNet 1 Fh W0 8 1R E 4T IS 46 36 01F, FR45 & JLRh
W R 48 I SE IR 45 1, 6 B E AT BT AR B B MR RE AR 5.

VGG-16. AEpt, WH e = 5%, AN Bun=10%. & 1 XL T JUR BT SVE ) S48
fe, B4 Li 25 M B L1 VS BT B Molchanov 45 200 $2HU) Taylor BUA &V, #HELT L1
JUE BB BVE AN Taylor BYAL &, MK ml UG HAR SCHE A H R BY A BE AT Taylor-guided BY AL
RAE R R AR LL B B RS T DUR BRI top-1 . JUILAEXT b L1 S8 A3 S v R0 U 8] B Al 59
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HEBYERRE Bl E 1M

Input image Original network Molchanov et al. [19] Attribution compression

Bl 3 (MERFE) REREFEERIDRRAETESHE T LT L E

Figure 3 (Color online) Illustration of attribution features in inference between the original model and compressed model

% 2 ResNet-18/ResNet-50 £T flower-102 HIBEBIRER
Table 2 Pruning results of ResNet-18/ResNet-50 on flower-102

Model Top-1 (%) FLOPs (PR (%)) Parameters (PR (%))
ResNet-18/ResNet-50  75.39/85.68 1.88 x 10° (0.0)/6.59 x 10° (0.0) 1.19 x 107 (0.0)/4.02 x 107 (0.0)
Taylor (20] 70.62/81.67  7.06 x 10% (62.45)/2.27 x 10° (65.55)  2.46 x 10 (79.33)/1.29 x 107 (67.91)
Taylor-guided 73.86/82.96  7.51 x 108 (60.05)/2.30 x 10° (65.10)  2.07 x 108 (82.61)/8.73 x 106 (78.28)
Attribution 74.53/82.95  6.03 x 10® (67.93)/2.11 x 10° (67.98)  2.58 x 10° (78.32)/9.48 x 10° (76.42)

I, FRATTRT LA AL e 4 A5 A A BAHIE 1) top-1 B, JH BRI B A BE ] LIRS HEAIK FLOPs M4 E 1
YERETY (96.44% vs. 86.99%, 83.04% vs. 68.89%). BLANKGT EU U R BY K By AN Taylor BYR 5%, FATHT
DU H A R B S5 B FLOPs MR R L (96.44% vs. 93.14%, 83.04% vs. 80.30%) 2
T Taylor BB EVERIELE L. KA AR B HVEF Taylor-guided B Sy 6 1581 AL HLEY | £ FLOPs
RIS BRI T3 5N 75.26%, 71.79% Fl 67.26%, 19.26% I, BRI top-1 {H AT PAIA $1) 5 JF kA R
HAAE AR BAb 85 R 78 73 Mt B VA R BT R SRR Taylor-guided BTRLSHVE AT ARSI T T VGGNet HARI
G, TEBA T PR B AR RV P A AU Y e 4 (e R R

AR5y 43 530 F) VA R B A AT Molchanov 25 29 2 Y Taylor BIR SV VGG-16 M4 FAZEL
RSB AR 20%, FE0T L R 4 i A (1) U DRARFAE, 45 R W1 3 B, BT EEn] BRI,
SR P VA DR B9 A B0 e 4 PR A ) FL VA DRVRRAGE AR B AR B AT Taylor BYRE BVE 45 U8, X AR T
A SCHTVA PR B A SR AR B ABE 2R U ER AR AAE BT 30 1 s 1

ResNet-18. AH5RHZET ResNet-18 L5 AR (VEAH M 28 S50 DLP % A) EATIGHIE. SE58
HOBEE Buin = 33%, HA e = 5%; L4 RUZE 2 s, i8id Taylor-guided BiF 5745 Molchanov
2 200 FEH ) Taylor BYARSHIELS BN LRI LUK I, Taylor-guided BY b By AE i I 25 A5 8 | 77 5
N (WIS EE 5 R 82.61% vs. 79.33%), [RIFFEL top-1 & T 5 & 1 top-1 (73.86% vs. 70.62%).
AR VAR B A A AT B BTG R, 3L top-1 B3R 0.86%, 5 Taylor BIR LA, L FLOPs
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Table 3 Pruning results of VGGNet on cifar-10

Model Top-1 (%) FLOPs (PR (%)) Parameters (PR (%))
VGG-16 93.96 1.56 x 100 (0.0) 1.35 x 108 (0.0)
L1011 93.40 2.06 x 108 (34.39) 5.04 x 106 (65.71)
SSS 137 93.02 1.83 x 10% (41.72) 3.95 x 106 (73.13)
Zhao et al. [40] 93.18 1.90 x 108 (39.49) 3.92 x 106 (73.33)
Taylor [20] 93.20 1.28 x 108 (59.24) 4.20 x 108 (71.43)
Taylor-guided 93.21 6.50 x 107 (79.30) 2.05 x 108 (86.05)

JEAR 2T ) (97.93% vs. 62.45%). ARAE L SLE0 AT DATE A AR SCHE HE 19 BETE ResNet 48 4204 R 45 i 72
Hh BB DL K s 44F 2 1 A7 A R [ B ] DL GRS B 46 R 1) top-1 B ML SRIR 3R B A S AT DATE
A BRROE R R i .

ResNet-50. A#B45 K ResNet-50 F A BEATIAE. 20, WHE Bmin = 33%, ¢ = 5%; L4
RNFE 2 Fros. MLET Taylor BYEEE, IHFBIA S Taylor-guided BY A7 7ELRFFEL I Y top-1 (82.95
vs. 82.96 vs. 81.67) I}, A LAUIG B m I S UL A L (S EURSALL: 76.42% vs. 78.28% vs. 67.91%). 1R
#& ResNet-50 fIEAFE5 R, FATAT UL BLH K BIE AT Taylor-guided BYA LA AR vh [RI A T AR
I H AR 1 R 4 P R

4.2.2 EHT cifar-10 PSSBER

KT cifar-10 FHREXT VGG MEHELLIAT K46, LAIRIE Taylor-guided BY A% HVE LR
RN R EUGAE NN REE) E48 H A Bk, VGG-16 MZRIET cifar-10 MBTRSE INE 3 iR,
I Brin = 10%, 2 & = 2%. MWRHAILIFE ! Taylor-guided BIA BIEIE FLOPs /D> 79.30% . S%k
JE4E 86.05% HITEIL T, V3SR AT MR BB 1 top-1 18 (93.21%). M4IEZEBA top-1 2L 93.2% I,
BATAT LUK BT Taylor-guided BYAE AR AL, H FLOPs FIZ4E (79.30%, 86.05%) MK 4 % &
T L1 YRS (34.39%, 65.71%) A SSS BYF: vk (41.72%, 73.13%) HIE4E%; MAMAX T Zhao
SR HEA Taylor BIH 5%, Taylor-guided BYFTE R 46 LLAUIEHL T (FLOPs FR46 3% H 79.30%
vs. 39.49% vs. 41.72%, ZHEIE4EF 86.05% vs. 73.33% vs. 73.13%), ARAEWSIRIGHE T top-1
1 (93.21%). X HEK ] Taylor-guided BYALTE AR I /N RS B R ISR 2 i), 0 mT LRI HS LBk v
PERE.

Taylor-guided BY Y FLVEAE 56 BB A BYR: I, HURT R A6 1 top-1 A 93.21%, FLOPs FIZ$ &)
WD RN 79.30% F1 86.05%. AT T REBIBLFE XS AN [F A IR s i, AR cifar-10 4 —
NN top-1 FEAT AR, G5 R ANER 4 Fros. MR A AT DU IS AL s 4 i R x5 AN 20 1R 52 1 A [
(1), FATRT LU B Deer 2817 M4 < 5 B (R4S FEAG BT 92 i, 110 Car JE5I RS B2 ORI AR, AR
RIS B3 A FIREEE I BRAG. DL g R — 20 Hh R W X 2 Hh R [RI S RS X A 2R DT R R FE A R
(22 5%, MIBR— NS RUZ T B RO 5 — 2800 B A s, RIZ s AU o] B R B 301 200 BT AU (AR A

5 R4

AR T A S A R BT SRS MR A RS AE, S 1 — R R BRGNS SRR
BRUZ S SIS IEAE B RV AT R 2R, S5 BB R BR BT A A S Ak 5 U R AR AE T0U 4%
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Table 4 Precision comparison of Taylor-guided pruning and original model in cifar-10

Class Class of original model top-1 (%) Class of compress model top-1 (%)
Plane 92.86 89.29
Car 94.00 94.00
Bird 87.34 79.75
Cat 82.19 80.82
Deer 85.45 89.09
Dog 84.75 79.66
Frog 92.86 87.50
Horse 98.44 93.75
Ship 94.83 93.60
Truck 93.59 92.31

IR B ARAZ, TS B R 4 1) H K B KRR FE R B T SR ASE A (1 U DRRRAE . AR SO o IR 46 5
VRN PR BT R SRk AT S IR0 b BAR I BRI AT AR 3 7, UE W 7 5 BRI B Sk A O B TR Y VA PRI R e A
FEEE LA R, 51 THRMEE Taylor —B I E VPN B AL EEZ TR DT, AR
H 5 B R S5 IEAR G IR A8 FIRR BE R E 22 PN G R B2, 2 50R 5 TR 4a SE AL, W LIRS
R4 AT top-1 M RZEBAY, FATTFRZ A Taylor-guided BYAL HIZE.

AT SR A SCHR Y I RNE S B RTBOSIRAT BT B AT LU, UEM T AR R ) S AE

B AR 20 5 2% P8 DA S AR T 25 B 5 T R A D0 S RO R B RV AT 0 VA A1 B AR B0k T L e AU 4 Y 2% )
DRIRFAIE 10 i 5 R B, (EL A IR FERFAE (K DR AT B R I BR T 2= ). AR FRAT PR e vk AT A Ak
F AR v AR SR REAT 734, DAE SR 45 SR 1)/ U X 28 A .
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Figure A1 The ResNet18 architecture
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Convolution network pruning based on the evaluation of the im-
portance of characteristic attributions
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Abstract Although deep learning models have recently achieved remarkable performance in many tasks, they
require massive memory footprint and computing power to achieve efficient inference. The researchers propose a
number of compression methods to compress the capacity and computation of the model so that deep learning can
be deployed to resource-constrained mobile terminals. Based on the pruning framework, two pruning methods
are proposed from the perspective of filter importance evaluation. (1) As every filter can learn unique features,
we propose an attribution mechanism to evaluate the correlation between the features learned by a filter and the
causal features. We prune the filter with low correlation so as to compress the model and retain the attribution
characteristics of the original model; the process is called attribution pruning. (2) The second pruning method
uses positive correlation features in a channel and gradient to evaluate the importance of the filter, which is
based on an iterative optimization pruning framework. This method, which is called Taylor-guided pruning, can
improve the accuracy of pruning redundant filters. We implement two pruning methods in VGGNet and ResNet.
Extensive experiments demonstrate that attribution pruning can greatly retain the attribution characteristics of
the original model. Moreover, the two pruning methods can achieve better compression than current mainstream
pruning methods.

Keywords deep learning, network pruning, attribution, compression, Taylor expansion
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