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Features related to the task
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Figure 1 (Color online) The process of redundant features generation

BB — MR DL e 4 5, TR PR B R ) SEIL . IR RCR B2, B T2 RN,
ARSCR ) R 4 SR 2 B AL BT b, 6 A L P PPN A v ) BE T 2 BT A SRS o B B R AN 5, 7T DA
BRSO R v E B A 1 7y, AT R IR B R A B 2R A R ERATTIR AR TR A A TUR B R A,
LAt 3R BV ARAE. W 1 TR, TR B RE R U, AR R 1% AR T
LAy AT S5 A SRR RN 55 TE RAFAE BP0, AR 55 To R AR R W R A8 5AE S5 TC R HIHFALE,
YT SARFAL, IXSERFALS TR R SRR MR L0, ToIRFAE B X B B AR 2 BRI 5 S5 AR 55 0K,
BERT R ISR BRI U A oh, AT155 B SR 2 i IO TUR R AE vl e = B R E M5 B
BIRT P H AR, (B9 ORI R 2 078 S B A ) e 3l BE 04T ok, WOw i St
RAFAEA VAN AL 55 TERRFAE I L BRXT NLRI AR AL, AT 70 SR SR, AR SO BT RO 453 2% bR B 52
MV SRR, B AT TP 5 DG AR (1 L REAT PP BRI B S5 AR GRS AL AR S5
ANG RN T 45 5% R R S

BAUZ S B RVRE S i RAE B P R IEA T U150 & M) RHE R A8 7 B BUZ 2 B 8 UE
JE T2 18] R AT DO oL A AR AR P A 95 R SRR AN B BRI R 1 2(a) SRR
TR AR A AR AR I, e 4o A v % B 2 BT 55 FH ORI A 6 AU 2 BB A 4 41K J&T v AR
FAHRAFE. B 2(b) JEoR T VGG-16 KIEZ DM ERIZIARRHE K, B b ar KBS SR 2 2
HIRFIEZE AR, 0 DX AU AT 5 A RRFAIE A G AU, AT e KR L3 OR B AR S5 AR O RFAIE, B SE B
MRFAE B BAE 55 R RS AL, AR S5 ORIFAE 2 H AR X B A He e 5 STk RS AL, DR A ST Y
PR A PRIRFAE B4 A0 HARRRAE A2 4R 9] AL A AR5 AR SCIRFAE, VA RIRRE B X A2 o 5 A 3 ZE ik
(RIRFAE. A SCR AR S5 A RRFE I 25 2R, FROVRFIE A, 55028 A LA E R BB UL AT 35 A SRR AE
SRR

FAIER 7B 71 SARE, SARSEAE S5 M RRHE A E SR M Z L. (B R TR 2
BRI X RFA TTRRAIE D, ZERIIE B SR RS, 1k R B SR RS R R, i
R PG AR 451 5% R B S R R B AR N AR SRS 2. AR S5 N 8 8 — i J T s 45
R R - 18], el A L BR G DL S 351k s B AL, SRAT R BN 5 R BB 2%,
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The attribution acquired

from filter activation
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Figure 2 (Color online) (a) Attributional characteristics of the model; (b) attribution characteristics of the filter

Input image

The attribution acquired

from the original network

The attribution acquired

from the compress network

AKRCEEGFHAER T AR R R, $8 Mok B 2 B & A B2 1Y) B BV PPAN AR

PR A% BB PPN AR AE LA, BURGE FERT R B M Rt AT BB 0. ST By TR R 2 2 H4 250
TURBRIZ, R o i ARG 52 1) T AR B2 A I 79 7 T e 8. (1) B 5 AR B 2R 3)1 5 PR
I AR AR J5 (kg B 071 g, A% B R AR Y 5 B N— IR S i A, B 28 7= AR — N AN T 42
SZHIRERE R I, (2) PRI R B, TR D R oo it — G RS P 1 . WOA SO0 2 Ut B A S g 07)
HIRGIABIGERRZ B R R . ST IR, #hEER RIS AR SR A2 P A S W A .
2 RMIGRCE AR B B 225, HAA 2 BN B2 BT (T s mm, PR A 75 EE R .

AICHT VGGNet B F1 ResNet 101 (028 B0 EIEEAT IR, FF-5 ) LR FH 1 F 45 SR ng 16T 1 g
Xt Eb, A O EE SR 45 flower-102 18] cifar-10 91 FI1 ImageNet 2. ZE{FANPERE L, A SCAMR &
DL e 4 PPAN T . A 2 SRS S B S8 | I RO SRS AT R HEE I LE, T BB L& T AT
25 FHORAFAE I IR B AR L.

AT TR EAT LA A J7 T

(1) ASCHRNIR TR O R A 1 5 ] o BRIE AR BT S A ARHE, T NERZ BT
55 RH SRHE IR FE AN BARZON 451 25 R 50 520 5 07 TRLN T, S th R TRME A RN Z2 8 R T 51 B
1% BB PPN AR

(2) ASCH UK IR I SRS 5N BB FUZ BT I TAE . S0 BT R A o Rl — 44, A&
BB PAZAE NGRS AL BB, FRAC 7 B R RS B T %, JF H 2B 17 2R oI A2,

2 MExIfE

BN 0 255 [ s A s 2 200y 5 28 L — B THREEU) T/ aldth & 280k & 2, 8 —
EACHAR 231 3 A o5 A A B B BT AR 32 i s B A AR s ARSI 24 B Sl
AN K HOT N 2% 188 BRI 2 A2 W 2% A B AR B RO T RS B () SR BUBL AL (25.26] D)
IBBEAE H . SIEAE AR SO T R, S TEAR T R4,

ALY g (125,17, 27~300 X BN ER A A 24, JF HARMIERE R LA B 25 N . BTRUIE D N
FRGEM BT A O7-28:290 ARy BT A (111527801 Hp RGBT B A Han 4 28290 15K
BEREIFEX TN T BHER S E0EAT BIRG Ding 4 17 52— st (L 588 GSM (global sparse
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momentum SGD), % H WA T H I 73 B L7y, IF BN BC R 2 IS8R, R — AR
o r] SE A, ARG R BT AT AR I AR A I 2 B & R, (HLA R S i IO BT & 4
T

SR BT B L R P SR (BN T, B 15270 FfEaE M), Li &5 O —Sar e
MRS TEE AR I 28 10 L 45 . SCs MERIR A BERR RS T N IE I 5 R BUL Z AR &, 32
Y e A AL P MR A R 4R s I AR R AR AN AT RN B IR DL T R 4B I 4. R B TR R
BE— DT R IER, SCBAG AR I 2% ) R L A5 T8 548, Ding 55 271 J9fl ik BT RS FE T A ] 7,
R T AHRATE: FORENUEE TR, WG e B 2 BRI T 21 S Mo w)
R —A> . B2 2N ZR5E U, I ERAH [ G ARAZ P DAAS = AR AT RORS AR R, DRI A 7 BRI A
A e TAEFE ARSI T8I TAE. Yeom 45 B0 JET-HM 22 2% 1 T e 1, 42— Fioin vy
BTRCAEN: TR AT R N L RERE A BRI OCTE, B SR B B bl A E 8. Zhang 55 1) 21
DAL SN BIFE BUR BRI AR, 48 1 — A A PP U L] PP S AU Bl SRR S F AR AR (AR K
FE, SRR AR vh 5 H AR AR LA 6 B BRI S UL AT 88T, DA R IR 4 1) H i), R g
i DR B UL A VA DR AR AL, S5RGBT B T B I 1 e (1) MERRITAS S5 IO BB (2) FAfIkBY
BCER AT A BORE B K. A SRR IZ A 1l A, FRATTHI A 5 .

3 EHRHREZETM

PR S ARZAE 0 2% o (1 2 2 R R AR BIR R0 AR, ARSI W U 0 B 2 132 A 95 AH S RFALE
)27 STRE AN E A B AR5 K B AU R MR IR R D8 . ORI VRS 2 A SCHR Y 1 2 TS ) A
ANZEENETT 5| T MG AL E VPN AR E DL TSR, 3.0 A 3.2 /NI Bl 4 T T AL B
FRIAE: 55 R RARFAE 27 SRR FE RSB AL R 10 5% s BRI 3.3 /NTRUR T 52 BE B AR 22 XL

— ROk, WIEBAERRIANECN LA A W = {w], wh, w, ..., wl }, BRIAKE O e
Rri-ixhizowio B g ik R OF € Rroxhixws fEIXH W, RoRE @ RIIBHL, wi e Rrimxkixk
TR i B2 MBS, BRSSO N, n, BRE § BREBEANEL b R85
i ERIERIE RN, OF = {o],0%,0%,...,0% } Fonsh i JEREH AR, 5 0 BHE § DERULKI T 45
RETRA 0f, by A w; 73 HIFRTRHS i R4 YRR 1 B R A9

3.1 BREIMESZSEXRFIENFE IEE

A BAEIZ M RHE S SI R RO AR o, SR EE T E XGrad-CAM BY {1 55 R0 B H
FRAE B AR, FEARSEAR R PR RS, 1L D8 TS S A RIRMIE, 19 BF 55 M0 SOAFAE, JHARHE Foat 5
L RUZIRIE 22 ST BE . RHAIE B2 Bh A AR 77 i), RRAIE BT b (R AIE B G R BB L 5 B RR
ik, WA LB T SRR B A B AR S AR OCRHIE AL T, 15 B0 N A UL 2 BT S5 AH R L. 4
UL AL 5 AH RHIE 2 )RR B TSP R A R

22:1 22:1 (% : 0§)q,r
O‘f,j = R — ) (1)
Zq:l S orei (Og)qyr
Hri, s TR ¢ RMBMFE, of ; Rond i JRE § DERRIISN ¢ KITTiBCE, FOARER T, 1A
HFr@d s« 25§ MR HES R o FEE RN ER SEAETRSE H, A 1 g 2 51%R
AN P B R A SR, A DT ] P R VP A % 2 S AAE NS T DR S B0 B AR
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AR FH VA BT R 50 % 5 AU B R R BN, B PT AR ZIES i JREVER j DB E BB S
TUHRATRFAE, WAt H PR, T SRR T

XCAM; ; = ReLU (a5 ; - 0) . (2)

BRI 22 A3 25 B H AR X3 ATV DRARFALE, AT D AR 2 B R AT S5 AR SRR, T AR SHRFAE.
B S5 RRFAIE 7 S RE AT BRI AT 3R g

DCij = > (XCAM, ;) , - labely p, (3)
g h

S label AREAHIR RGARE, WRIKHA 0, HARKIEA 1, % THRIT T SRR bR AT R <
HIRL, ARJF 5V R PR A3 SR, R85 B, S BIIE TS0 MRS 4 228 5 AN BATAE
S5 HISRHIE S ST, BUASERR F DO, .

3.2 ERBRIIRK R HAIF

— R, BEIRTE SURFEFME S5 AH RRHIE Z A AN AE RS 8., (H S SORFIEAT) ] R AL 7 X AR e
FAHNERE R, SR HEEFILE S S 2UESS A RRHIE 2 R 5 X BE 8UE B, AT 520 i
LR, AR SOR A R R B S AR TR SR 2 D10 &R, I8 SRR 40 2% B B 52 i T B RO R A
R, W ORI S 4, W W NSRS Z 8, | L(z,y, W) — L(z,y, W')| NBIECRT G0
REFARL, BUR R B R BN |L(x, y, W) — Lz, y, W)| f/INE W, A SO 288 o1 U &
BYA T JE P 2 R A A4k, DA RS B A AN 40 2k R B ) 5 ). I B R bR R AE TR 2 I 2 AT SR T AT HL
THE /N, TR ERZ AU A AL A FE Ak m]

Bt R ARAZONT 400 2% B B 52 R AT e/, AT AR UEA Y SR SR FEARRIFAA. 228 0 B3 j A
BRI wi MSEONE, W BRACRETEEE o JR58 § DB, ANEX (4) hRHZE
BRI, K GHUZ L BRETE B s A SR, I 3 I ZEAE VA S AR T 40 A% ek B S
ZEER, WgZmR, Bl SR E L R ZBITUR.

L (:ry Ww;ﬁo) = L(z,y, W) — W (0—wt) +o(w;ﬂ2>. (4)

e I AR B HLE — U, SR R I, 5K (4) Btk

%

OL(z,y, W) s _ LC; . (5)

‘L (x, Y, Ww;;<_0) —L(x,y, W)‘ = ow' J
J

X (6) METERE « ZIE j DERBUR RS, LS SIE AR 5 K s 2 LG, .
3.3 EXNERBREZEE

ERUZI E T P AR5 SRS AR A 2 S R E ARG BB 4 5% R BRI 2, 9 1 42l
THEIPE, ASCESIN T S B T BB EPUZ EE AT

1
valuatem = nuim E (Lci,j + 8 x DCi,j)a (6)
D

W ERENE, BT AR BIERUL I E L, valuate; ; RN @ B § MERRRMEZE B D %
BAHHRE, num ABIEEREARNEL. BB R B Y R AN R T AR A, Dy Gt 32
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A FE TG MO, ASCRA Ly VO 2 TR Hn 46 B 0 BT R ORI, &G E
N

valuate; ;

\/Z;l:l (Valuautem-)2

valuate; ; =

(7)

4 BETEZEERSBERIK

AT A SR B B B SR 0] 7 B L VN R S IO B AT BT AL 4.1 AN RUR TR
TRBY A SRS 4.2 /N TR T 58 BE I SRAAE S,
4.1 HERIFIRE

RTEIR G g AR S BT R  VE AR AR B 2 A8, AR SR YRR B SR S R G AU BT R |
I B U H bR R B R B R AR 2 I 57 9], AT I8 281 18 1R 45 26 1 TR BT e RS 5. UL M
AP P SR B B B AU A /M EH bR sR 0, [FIBS XE TL R B AR AT 1 0, A R ein T %

BB ERIEAER C, H Q= N x C ICFARA rp EEFIERZANE. FRINGITaER, R E—5
T E B BRUZRI 5 R ER7r. Be NREIGER, E R G N —/NRUREA, a1 B 0k
WIS IE, Xt Q AN EE B AL AT I 5 5 3 RIS E 3 08, 0 LR 7 RAAT B B0k, ol Ly 1F
Mk, L Rox BARREL, B RonshE R, n RO EZIRAL, o RonFR B2 E T

B S HT AR R
oL

7(k+1) 7(k) 17742
LT E (8)

WD k) gz (k+D),
ARSAE P F R BENUGA BT BEFEAT Ak, ANITTINIE T U AR BRI I L. O T Bk s AR 4570
REBUZIIRE LN, E5INT —ANMERDFIER B = {b1,ba, bs, ..., br}, H b € [0,1)™, BN IR AR
R i BRI — R, GRZEEE 1, BWE 0. B MitHEERNT:

1, wvaluate; ; = Q¢n (valuate),
bij _ { J th( ) (9)

0, otherwise.

Qum TARTLERPE Q KIVE, AT EEE/NTREMNGPIZIEILE R, BWE ANHAERES e,
FINHERD 2 J5 ST ) % 38
oL
20 = 20 a4 B x g (10)

Wkt k) az(*’ﬂ-l)7

KHEFANERAZKRUE, B WTHE R BOEIRRE, #5408 1, WIAH T35 38 1 sh & BE LR B T B

AN SR Gt FR RS B R ), TR BB M E S IHZE, G2 A TF g
Ja BEEBRIRERGR, BT B EA S 1E AT RS FE P, T Lo #29F B T Ei ek
GHUNZ, 1B TR REIR DR T FRFERE.
4.2 EEEZR

AS/INTTR B 1) B R VAN b v AR B VA B R SRR &5 A R — A SE B R BY R RE, B LA
W 1.
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Algorithm 1 Pruning algorithm for convolutional neural networks

Input: Dataset D, convergent MODEL, compression ratio C, iteration epochs.
Output: The compressed CMODEL;
1: for i = 1 to epochs do
2: for batch in D do
3: Input batch into MODEL and compute forward;
4: Evaluate the importance of every convolutional filter in MODEL on the batch by attribution and Taylor-guided
pruning method;
5: Perform weight decay to penalize unimportant parameters and both the objective function related gradients and
weight decay to update others;
6: end for
The importance on the D is regularized by L2 norm;
8: According to the importance and compression ratio C, the convolution kernel is divided into two categories: the
important and the redundant;
9: end for

10: The convolutional filter with weight close to zero is deleted.

5 SLWEHER

ASCFIH Pytorch HEZESZEL SR M 525, FF HAE flower-102, cifar-10 Al ImageNet H(Ha4E X}
P Y BEEAT A BRSSO IR, FATIERG BYBC AN T AR AR T HESE 6045 VGGNet A1 ResNet.
5.1 /NSRRI AN 5.2 /N BAR R T BEEIGIE S EE 4 IR 5.3 /T R TR 43 2K BEBE
SR AN

5.1 SCIGiRAR

AR BY A S5 A BT B 1R AR, RICR R S AERA 2 0] ()P4, @S5 0 2R
LGRZEE A G SR UZ S AR I LOAE, SRy hIE Y 1) R 4R F A

AR, SEIGHT T flower-102 AR B 102 2577 H B AL AL, B35 40-258 Tk A4
J. BREME LA R AbRAE 2 A, Bt S 60 & Rk B R MR R A28, cifar-10 AR A HR H 10 43K
(R /INEY ] R, Fer I ZREELFE 50000 K, IR B4 10000 7K. TmageNet )48 ILSVRC 2012 H
KE 1000 MAFEIZERE 4Lk, HrP I ZreEads 128167 sk R, IIFSEMEE 50000 5k F, Mt
F4% 100000 3K & Fr.

VRO ARUE. PPl R 4R BRI A B, RATAMAER B R (top-1) S8E . 77 R80T EIK
K, DAKHT ) A3 TH X e F FE AR AR R 48 F 5 24T 0 B, GBS B T AT S5 AR SCRFAE R AR B AR
.

FC . S5 A BT ISR B A B Ao I B, 350 SR F BE A LRGP T B S0 20d 47 W48 AR Ak, X T2l
£8 TmageNet, 87 B 7 1R LRI BN SR, ERORITEL, 2% 21 %65h 0.005, &N 0.98, B LL 128 kN
—AMEYGE N, BOREEECN 50, BT 10 FIIZREERCNZ /T 0.1, BUE R R ECN 0.0001. 5t
TIHAREAREE, FEVIZRH B, IIZREEEC 500, MZE 5 2 208 0.1, 40 100 $e I 255 ) 2 WA
HIEY 0.1, BhEA 0.9, BUE R ECH 0.0001; ERGANT B, 52138 0.005, &R 0.98, B AL 32
sk A—ANEUCE AR AL A ST SEIGIIFE 2 Bt NIVIDIA TITAN Xp GPUs 58K,
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%1 VGG-16 £TF flower-102 KSIHLER
Table 1 Pruning results of VGG-16 on flower-102

Model Top-1 (%) FLOPs (PR (%)) Parameters (PR (%)) Speedup (time)
VGG-16 91.18 1.56x1019 (0.0) 1.35x108 (0.0) 1x
Our method 91.37 1.71x10° (89.04) 1.06x10° (99.21) 4.22x
Attribution [15] 88.43 3.18x10° (79.62) 2.10x107 (84.44) 3.81x
GSM [17] 90.49 - 1.35x107 (90.00) -
LRP [29] 87.67 4.50x10° (71.15) 3.75x108 (72.22) 3.65x
Taylor [16] 87.55 3.03x10° (80.58) 3.48x107 (74.19) 4.12x
%2 VGG-16 &T cifar-10 FISIELER
Table 2 Pruning results of VGG-16 on cifar-10
Model Top-1 (%) FLOPs (PR (%)) Parameters (PR (%)) Speedup (time)
VGG-16 90.65 1.56x 1010 (0.0) 1.35x108 (0.0) 1x
Our method 89.01 1.53x10° (90.19) 1.83x106 (98.64) 4.52x
Attribution [15] 87.79 3.11x10° (80.06) 1.92x107 (85.73) 4.01x
GSM [17] 88.45 - 1.35x107 (90.00) -
LRP [29] 88.15 5.02x10° (67.82) 4.51x107 (66.59) 3.24x
Taylor [16] 87.50 2.28x10° (85.38) 2.14x107 (84.11) 4.04x

5.2 FEAMEEIUERXTEE

A/NTTE VGG F ResNet P A28 5804 EXTERATR BEREAT T 300F, I BLAE 7 JORERE . R4 %
T T HE BRI EE AT 55 A0 SR S 48 AR BT EE T UM PR RE 0 e 4 SRk

VGG-16. AR/, g %A 1.0, C &R 0.3, TATHE H M H LS AR BT A 5 JE T3
££ flower-102 IR R REXS LU A5 SR WK 1. IR a] LIS A SCIRIEAE 43 KRG Top-1 b, BIRALT
Attribution H%. LRP (layer-wise relevance propagation) B iZA Taylor Bk, tHBEAR T [FIFE 4 H £
FEVLBIAL A GSM Bk MIHEINECRE, GSM BE)E T ARG A BT AL, 75 E45 Ik R A AR R0 AR A1
B RERC BN I RCR, B I B B A IR, SIS A Giit GSM SRR BT RO .
BEAMFHEL T HoAth 3 X RIS, AV T 4 v s Ao SR B R K (89.04% vs. 79.62%, 71.15%,
80.58%) H.AT M HERRI [AIA0H. X T A4 =, TATHZEAL ResNet 5 AR, F 4R Pt ik /=40
Bz, MR EH RS T SRR ZNS IR, MESHE b, AR/ T HARBH H
5 R 2 BN THT cifar-10 HUEE B R, 7L B B A SCRELE & R 485 TR ER T HiAth
XPEEEE. Z5G DL 4 DMEFREMANBEREE EIZE R, FATIE I EETT AR T VGGNet F H4RE
PRk, MNTIEBH 7 bRk T DL T 8 AT AR AL I R 4 A

AL, SEESIEXTEE T 5 VGG-16 1581 A & BT A 550545 2 1Y R 4 B 8 1 A RURRAE I, an & 3 .
MBS AT DUBF R R AR ST ) SRS T A A AR G AE A DX I3 9 U DR AR A1 B AT 2% AH DGR AIE £ BE R B2
3T Taylor 1 GSM. X iIEBH 7 FRAT 142 i (1% 550925 mT DA S e b R B9 £ 25 AH SGARFAIE.

ResNet-18. A#7 3T ResNet-18 BRI HATSRIGINIE. SLIGT, g WE N 1.0, C N 0.3, 5k
SR SRE BB A PR BE T U 25 R LER 3. % T kIR 3 422 45 1 BY A3 B 1) 117 J5 R A1 B RST AS DL ) R, 3
TTHAAEEERKE (HEAE) th4a KPR R, /0K E. ittEE. 25E, DT M
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Input image Original network Our method

3 (MEMRFE) FRESERERRSHEFRFFE TR

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

% 3 ResNet-18 ET flower-102 BIBIRZER
Table 3 Pruning results of ResNet-18 on flower-102

Model Top-1 (%) FLOPs (PR (%)) Parameters (PR (%)) Speedup (time)
ResNet-18 78.82 1.88x10° (0.0) 1.19x107 (0.0) 1x
Our method 79.18 1.71x108 (90.09) 8.66x10° (92.72) 4.36x
Attribution [*?] 77.16 5.32x108 (71.70) 3.17x106 (73.36) 3.86x
GSM [17] 78.62 - 1.19%10° (90.00) -
LRP [29] 77.82 1.09%x10% (42.02) 4.68x10° (60.71) 2.99x
Taylor [16] 76.96 4.18x108 (77.77) 3.12x10% (73.78) 4.03x

B A] 4 NEbR B, BATFT IR EAL T H AN BRI VL. HeSRISIE AR SCHE Y (55095 R DAE &5 A 8k
RIES K rh S O HAR LA .

ResNet-50. AH70# H] ResNet-50 BRI T R MBH S ImageNet AT SLIIGE. ST, 3
WEN 1.0, C 4 0.4, 5HAMBIHEFEBAIMEREX LLAE R IR 4. RT3, 1250 FHE . 1t
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% 4 ResNet-50 £T ImageNet HIHRER
Table 4 Pruning results of ResNet-50 on ImageNet

Model Top-1 (%) FLOPs (PR (%)) Parameters (PR (%)) Speedup (time)
ResNet-50 75.72 3.44x10° (0.0) 2.56x107 (0.0) 1x
Our method 74.51 6.45x 108 (81.23) 4.29x10% (83.21) 3.67x
Attribution (15! 72.47 8.51x 108 (75.26) 8.29% 106 (67.62) 3.19x
GSM [17] 74.30 - 6.39x10° (80.00) -
LRP [29] 73.82 1.44x10° (58.28) 1.09x107 (57.25) 1.98x
Taylor [16] 72.23 1.08x10° (68.47) 9.36x10° (63.43) 2.34x
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Figure 4 (Color online) Comparison of test accuracy in different methods as pruning rate changes. (a) VGG-16 on

flower-102; (b) ResNet-18 on flower-102; (¢) VGG-16 on cifar-10
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Gradient flow pruning based on the evaluation of the importance
of characteristic attribution and Taylor-guidance

Chang GAO2, Jiaqi WANG!'2, Liping JING"?" & Jian YU2

1. School of Computer and Information Technology, Beijing Jiaotong University, Beijing 100044, China;
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Abstract Compressing convolutional neural networks (CNNs) have received ever-increasing research focus. In
this paper, we attribute the redundancy of the model to the fact that some filters have not learned features
related to the task. In order to remove this part of redundancy, based on the pruning framework, we propose a
novel evaluation criterion of the importance from two aspects: the degree of features related to the task learned
by filter and the influence of removing filter on the loss function. The proposed evaluation criteria are used to
quantify the importance of filters and to guide the pruning of filters. In addition, the gradient flow strategy
is introduced into filter pruning. In each training iteration, filters are divided into two categories according to
importance and compression ratio that will be updated using different rules. For the redundant filters, we perform
the update with no gradients derived from the objective function but only the ordinary weight decay to penalize
their values. We comprehensively evaluate the classification accuracy, compression, speedup and retention degree
of features related to the task of the proposed method on VGGNet and ResNet. Our method demonstrates
superior performance gains over previous ones and superior in the case of high compression ratio.

Keywords convolutional neural networks, compressing, pruning, features related to task, gradient flow
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