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Abstract

A powerful neural network needs to consume a lot of storage space and computing resources,
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which is unacceptable for mobile devices and embedded devices with limited resources. In re-
sponse to this problem, this paper proposes an efficient GreedyPruner algorithm based on the
greedy strategy to automatically prune the network model. The algorithm first pretrains a Super-
Net, which can predict the performance of any given network structure; secondly, the precision
queue and the compression pool are introduced to preserve the network structure with better
performance and higher pruning rate respectively, and the greedy training strategy is proposed to
train the SuperNet work twice, and the training space is greedily transferred from the whole solu-
tion space to the precision queue and the compression pool; finally, take the optimal network struc-
ture in the precision queue and the compression pool to fine-tune the weights to obtain the pruned
network model. Experimental results show that GreedyPruner can greatly compress the parame-
ters and calculations of the model while the network performance is almost unchanged. The com-
pressed network model is more conducive to deployment on mobile devices and embedded devices.
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N A% GreedyPruner wJ LI FE & UL AR 4 £ 546 v, AU 7 =M A s E B s 1R,
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Figure 1. Three types of shared channel blocks
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Figure 2. The network structure of SuperNet
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IEA SRR W T B AT T 45 SIS T I 2R SuperNet.

TERTIAARRE R, BEALAE B — AN 1) 2 (R W 248 25 1 (1 A3 2 B8 20 /5 SuperNet [N, 5 4miY
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ORI R BRI AT I BE AR o A SCAEBR AR PEAG I 5] N SPHTE +, 7EBLAY B R AN AERfA 2 il 717, B
IEHER R AR S E R4 R — IR I . RS ARG, v DAE B2 A% 3% BA B A 448 i A 3R 1S 5
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CERLGHATHER W00 K SRR MR L AR TBONAR o FA A AT o 5 S X 10%BE AR, Xt m 2%
FEAEREAT IR, PR R O AR RE A 1/10, Bt AR AR 20 I R BEGE s mi o A — 8k AR 4R,
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BEE N ZR BT Bh ST . WILERHEIEATI NS, e=1, BEENIZRABEIT, K5 DA AS T [ 4 2% 4% 25 1)
S, MO, WS e BHA, TUEERIIZREEEBNII R R B ARE, M e D B B FR RS, e MEA R A
A5, BEEINGRMIREAT, AT S 2 Z I 25 M 4 18 2 2 [F] S 3R 36 7% B % BA 51 v o

FREBIELFER, KGR TR RN fEEARM R k ZEEIMAREES], 2 H
PRGSO 1) KEREBAZIRE, X IRATE k 2 B840 R ANTERE B2 AF B I B8 4, INNKE BEBAF s X
S CAAFAERE FERAS B AT I DA B R AT S0 : 2) i BA B 235, kS B2 BA S o M e AN (PPAT (B A1)
(5 k SEEBRARIEAT SR, BRI AR I B (R B A2

1t GreedyPruner H1, 0V 51 & 4 26 AERE P55 A T B AR 1A X 48 ZE A IR A7 CE DR 1 B G s PR R 300 v i 4 6
P ZeRe, FRATEE RS, AR, K m ZRBA% b IR 40 R B I P AR AR TN IR v, B2
N F R AR T AR AT ISR SRR T DLORIIE = TR 4 R M R AR B 25 B 78 0 I 2k 5 DA R8T B0
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B BTRL 2B, ANHE 75 B0 P RE 8 R 500, GreedyPruner S8R, fRjBLERL, AETEAL
LRITI, 1530018 5B 2 8 o

3.4. GreedyPruner BB R

GreedyPruner [J5EIERFEMN T FR:

1. ARIEZEBIR 2R, #4543 SuperNet;

2. Xf SuperNet #:4T il 25

3. X} SuperNet #t47 — ¥kl %k;

4. WG FEBNBHN i 4t fe M RE e DR IR 488 254, 04T BUE ORI 73 B B 22 RS BT AR R
B R AR Hb

SuperNet [ 71 %5

BN: T WUISHE, C=louc, ) 4 & SRR i
SWHE: WABHER, batchsize NI, itr AAATEAUE itrs MECRZAAEL.
B itr=0. W FIBENLEA A AL

X

1. foritr <itrs do;
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2. BHALYIESL R Z 54 C, T, "FEEHLAH batchsize 4B A K
3. W C ORI SEIE S, el IE A T RIR A

THEL C X SRR AR R R AL

fHEH Adam HRAG 25 SE BT E 24 -

end for

2] [$3] ~
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SuperNet 1) X Il %k

BA: Too T MU RIES. C={0,C,0 ) MINALE HIBIHH

SHE: WNBTUZIUE, batchsize LR, itr Ny aasAUREL itrs JuleoRis RS,
m NEREEHUR B AR B, kK OV BRI AR RO, n OEIE n RUIZREGTE, « AR
511356 HR R A2 (RO RER

purH

1. foritr <itrs do;
2. MR E A BN m-e 25842, ARG EEBAT FHBENTILHEL m-(1-€) 25842

3. WA AXE)N m AFHAIEAT P, IUAT k SRBRASINAKE FEIASY, BT R R B (RO BR AR I
Jediits, EFRAR IR

4y FEARFENGRAT, XX k SRR AR LK P 25 S5 A3 S0 5, DGR RGN K SCBEARINNHS [

BAFs

5. W itroen =0, AEZEMHEL m %215
6. Flies

7. end for

4. KBS 5

ASCAE mnist A1 cifarl0 ZilE4E EXT lenet5, vgg, resnet32 1 resnet56 34T 5256 K IGIE GreedyPruner
(A R o 263X — 221 L, B S VEAIHNIR T S8 SuperNet (S804 E ; AR5, B A CE R 45 15 SOTA
TIEHAT TG WG, RR TP 7R B I 48 S5 R (R 52 o

4.1 KB E

ARSI TR /& NVIDIA Tesla P40 GPU, {4 A pytorch K531 GreedyPruner. S T fR1IE BY £ f5 (1) )
25 BA A, VR mnist A1 cifarl0 HUIZREEREAT HB I, BUSECARUIZREET 90%1E Jif (Il 254k,
Pl 4% 10%1F NIGIESE . Al IGIESEXT SuperNet SRS 21 (1) B 423047 M BE 1EA -

% SuperNet [T 25, A ¥ E batchsize 4 256, #IIH 1N 0.1, I RFZEWAE N 0.1, ZhE
KN 0.9 ARE . 7E mnist Btk b, FIZILikAR 300 4, & 50 AMal& 27 ) F 9 — X, 150
[l 5 25 S R R/MRFFAAR . £E cifarl0 e b, B2k A 1000 &, AFEAR 50 AN H] 52 =) FR L
—K, 600 [El5 a2 3 R RPMREFAL .

£ SuperNet ] R IR A b, 3 2@ RS BA S AN  4g tnt ff B AT BEAT ORAF o« A ST ELKE 2 A1
K/NA 300, Heaiti RNy 150, e BB WIZRAIEAT RATE R, ) 0.2 N IREFAAE . SEEUIZRNT,
FLIEHT 30 K ERATHEATVPAL, HOPPAE B AT 10 25 BRAS SR A BRAT, INAKEEERAS . o4t 20 $Ei:4K
WEE—R. (EJFHKISEI Y, FRATEAEEEPE 709 0.5, KT AR B4 A 70 B kL f5 1Y i 52
BATHAE 4.3 FTVEANTHE
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4.2. SRRREER

AR S GreedyPruner 7 minist 24 45 E X LeNets BHATEIR;, 45 R U7 1 fizn. GreedyPruner
7t LeNets bnf CAFEREEHURAUA 0.80%MTE ML T, FEFR 82.39%[1 &A% IEE S . 63.98% 14 & Al

92.67% it H & .

AT A E AT GreedyPruner B 5PE, ASSCLE cifarl0 HE5E L, £ GreedyPruner X =472

i F I 4% (VGG16. ResNet34 1 ResNet56)i3E47 T M4 Bk, &8I R O/E#R L HER.

Table 1. Pruning results using GreedyPruner on LeNet5, VGG16, ResNet34 and ResNet56
5% 1. GreedyPruner 7£ LeNet5, VGG16. ResNet34 F1 ResNet56 _EHIEIHE 25 R

A TOP-1 #Eff %+ MEHAEEREIR R HEEATERIER  SYESHEIRR
JE 46 LeNet5 99.20% 142 61706 150,110
GreedyPruner-0.5 97.259%/98.40% 25/82.39% 4526/92.67% 54,068/63.98%
J5 45 VGG16 93.56% 4224 317.44M 15.25 M
GreedyPruner-0.5 88.90%/92.33% 1378/67.38% 71.68 M/77.42% 1.46 M/90.13%
J5i4f ResNet34 94.10% 8512 1187.84 M 21.28 M
GreedyPruner-0.5 93.79%/94.26% 5651/33.61% 491.52 M/68.10% 6.15 M/73.85%
JR 45 ResNet56 94.40% 26,560 1341.44 M 2352 M
GreedyPruner-0.5 91.839%/93.60% 21,300/19.80% 471.04 M/64.89% 6.15 M/73.85%

Table 2. Comparison result of GreedyPruner and SOTA method on VGG16
%z 2. GreedyPruner 5 SOTA 75347 VGG16 ERILLEER

ik TOP-1 HER R [+ HEAHEIERE SRESHEHER
R 45 VGG16 93.56% 0 0
L1[3] 93.40% 35.11% 64.59%
G F T HTH;
Sliming [4] 93.66% 50.94% 84.92%
ABCpruner-80% [15] 93.08% 73.91% 89.04%
T AutoML [ E 2 8 GAL-0.1[12] 90.78%/93.42% 45.85% 82.49%
GreedyPruner-0.5 88.90%/92.33% 77.42% 90.13%

I ASCHE 1 SR R G 1K VGG16 M4 (13 NERZ, 3 MR Z) TR, BIRS I M 441
HeF IR M 25 kb 1 67.38%(1 B FUZIETE, 77.42%0)1H 5 A 90.13% S 4 &, (H27EMR4E 1Y Top-1
K BEATY AT LA $) 88.90%. AH LTS8 AT 5B RIRFRAK, TN 4.5%10kE 128 & T LA 21 .
NT IRANBY B X4 2 R RORS FE AR O, B BY IS 10 X 4 AT BB SO o S8 A T LUK R R R e 3
92.33%, MLLT 4G VGG RIFIK T 1.23%. [FIF, A% GreedyPruner 7 VGG16 45— Z (84 %
HBEAT T 9007, 45 B An 1% 3 Fias. 4 3 57, GreedyPruner X VGG16 (IR LEMRE T2 BB IS 40,
M Conv8 TFAS H I R B4R s . XEHF A VGG16 HIRTJLZE T EH THHERE, (R BB L i
MSHCE BT IR 48 )5 RS B e R s e 28, T2 10 5 JLZTE R TH I AR S & KRR LR s, kR
XL TTRAM AT A R (E 00, [RIB ak 5 In AR R 45 11 25
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Figure 3. The pruning rate of each layer of VGG16 by GreedyPruner
3. GreedyPruner 7£ VGG16 B —ERIBI# R

Table 3. Comparison result of GreedyPruner and SOTA method on ResNet56
3 3. GreedyPruner 5 SOTA 75347E ResNet56 FEJELIREER

Jiik TOP-1 #EW e+l THE BN BIIEE SR E/ISHEIIRE
JR 4 ResNet56 94.40% 0 0
N L1 94.20% 27.56% 14.12%
TSR NF LTIk
ThiNet50 [5] 93.56% 66.11% 73.62%
ABCpruner-70% 93.55% 56.61% 57.14%
MetaPruning-0.5 [13] 93.08% 56.72% 60.28%
HT AutoML ) B 3 8L
GAL-0.5 92.92%/93.10% 48.52% 44.76%
GreedyPruner-0.5 91.83%/93.60% 64.89% 73.85%

% GreedyPruner [FJBIF; 455 HAD ML, g ik 2 fion. 78 VGG16 L, GreedyPruner
TS8R 5% LL F sliming, 7T LUK S @ T R8T R RIS 8E B A 2. i, L1 nfRAME
57 35.11% 5 R 64.50%Z $ &, {HiE GreedyPruner 7EA%E H FFMK 1.23% M50 T, # it 5 &8I R M
35.11%%% 5 3 77.42%, S EREIB I 64.59%4e i F] 90.13%. X &K N GreedyPruner 7] LA H 334K
AR 251, W AR LR G MK BIHAT SRS, FRIC T AR R4 a5 R T ol B 5 ik
M E BB 5L GAL AHLEL, GreedyPruner 7EFEEFFMKRA 1.09%M1TEM T, Wit HEERER T
31.57%, SHURLIZHIEE T 7.64%, B85 R AL AT LLTE & 1 S FH 72 7% 3 g AR ON 203 o

TR LS, AR SCFEH GreedyPruner 1285 T ResNet34 1 ResNet56 i iJ A [R] 7% B 1 WX 4% 45 44
P LB T ORI R 0 285 45 K R A8 BT 45 3 5T ResNet34, GreedyPruner 7] LLES Bk 33.619%/1)5@ & . 68.10%
(iHE AN 79.80 M4 . BIRJS 1) ResNet34 7EAGEAT U 155 T 1T LAIL 31 93.79%F] Top-1 A5,
T JE G FEAR LG T B4R 1Y) ResNet34 #2151 0.16%. {H/2&, ¥ GreedyPruner B H7f ResNet56 I, 1ERE(HE
AT, LT ResNet34, ResNet56 )75 & BTG F# MK 3.21%, S 4SBT [#{K 6.04%7f H. Top-1
A P BRAIG 1.77%. 30X 2[R 2y ResNet56 A7 5 18 1) I 265 435 1 Rl 5 22 1) 2 40, S W T 4% 45 0 FAD R P DR R 39
< 3 J# 307 GreedyPruner A1 HAth 557 ResNet56 [ ) Eb i 45 B . 5 & 48 i BT ki 50925 L1 AT ThiNet50 A EE,
GreedyPruner 7] LUA RS St RS HEEI . 5EZNEEIEME, GreedyPruner nJ LLETSH
B EMSHREER, TEAUEMIAE, Top-1 /54 m T LR B sh BTk 5k,
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F ) FLOPs S HUE BT R, ML T UIESR 5L, GreedyPruner 3 H 54 /7.
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Figure 4. The effect of x on pruning results
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