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Convolutional Neural Network Compression Based on
Adaptive Layer Entropy
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Abstract:  Network pruning has proven to be an effective approach to compress convolutional neural network
(CNN). However, most existing CNN compression methods iteratively prune the "least important" filters, which not only de-
stroys the information integrity of network structures, but also results in significant computation cost due to the iterative op-
eration. To solve the problems, a convolutional neural network compression method based on adaptive layer entropy(ALE)
is proposed, considering a global network structure. Firstly, an end-to-end network pruning strategy is designed, in which
the retention rate of each convolutional layer filter is directly determined based on the entropy correlation between layers.
The pruning strategy takes the convolutional layer as a whole, which decreases the information loss and computation cost of
iterative pruning. Then, an adaptive joint grafting method, in which both convolutional and batch normalization(BN) layers
are considered, is presented for the pruned network retraining to learn more information from the network. The layer entro-
pies used in the compression are also utilized for the grafting. Experiments are conducted on different benchmarks and three
popular networks, which demonstrate the efficiency and superiority of the proposed ALE over other methods. For the exper-
iments on CIFAR-10, ALE achieves 36.2%, 52.4% and 55.2% pruned rate in FLOPs for ResNet-56, ResNet-110 and Mo-
bileNetV2 while with increase of 1%, 1.42%, 1.29% accuracy respectively.
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200 %, fEAT N BUNEE L b W) iR 2 ) RN
0.035, AR/ NH 32, R softmax #1511 Zk 12048 .

AR S B IR 3 4N BA Bk D A 48 AR o R (Accu-
racy ) FH R i i X 2% 19 1T 55 2% B 5 31 55 & (Floating-
point Operations per second , FLOPs) , & 7 [ £ i [w] %
T 0 B AT A 007 B A R 3R 12 B AR AR U B, DR Ay
o [ 28 i ] 4 B B 5 280 (parameters ) FH K A ()
HKERRE.

h T A b BGAIE ALE 7k B AR SCE ] AGE
AF Sfe AR R T 45 451 e L At vk 0t AT X L A PR
SSS 32]’HRank\33\,GAL\ZI]’LEGR\SM’NISPBS]’HingeHé\’
KSE"*' FPGM'"®, ABC "2'#1 C-SGD"'.

4.2 FHiktkBR O

TE CIFAR-10 $0 95 4E |, 3 2~32 5 73 S 4 i 1 I 2%
ResNet-56, ResNet-110, VGGNet Fll MobileNetV2 %) 52 5
GERL MY RIRE T, ALE-a,, 1 a,, 7R M4 )2
IR BU B R AR B R
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2022 4F

22 LA, ALE 761155 8 K45 %8 36.2% 1Y

#3 ResNet-1107£ CIFAR-10 LR

TEOLT  HERRAH L TR KL T T 1A 20 k. A fm R | O IRESS) | RO ES%)
T GAL-0.6 F1 NISP, ALE J5 ¥ 78 T 46 5% K E0H [R] i) ResNet-110 93.50% | 252.89M(0.0%) | 1.72M(0.0%)
WERRAE T T 29 1A A 43 45 . A EF HRank2 1 KSE, GAL-0.12" 93.59% 205.7M(18.7%) | 1.65M(4.07%)
TEHH AR R4 R4 T T 10D A 43 S s LT, fEr 3 NISP™ 93.329% | 143.35M(43.3%)
MARBETE T 0.4 F 20 5 . PFEE I i SC U6 3 1Y o 28 45 GAL-0.5"" 92.74% 130.20M(48.5%) | 0.95M(44.8%)
TR A AR R, B3R B3 2 X6 I 4% ey tE sE i R, SRS FPGM™! 93.74% | 121.00M(52.2%)
TER AT 1L o0 5 e R AN HEA TR 0T, e rh PR-A 5 il ALE-80% 94.92% 120.290M(52.4%) | 0.89M(48.3%)
J&JE"116.20,38,54], PF-B 7 “ U2 " 416,18, HRank™” 93.36% 105.70M(58.2%) | 0.70M(59.3%)
20.34.38.54]. %22 F LEGR1 5 LEGR2 J il — S 6 ALE-60% 94.36% 92.68M(63.4%) | 0.69M(59.9%)
LEGR L 1 f5 2 40K [ JE 4 58 T (945 5 . HRank1 5 ABC-60%' 93.58% 89.87M(64.5%) | 0.56M(67.4%)
HRank?2 4 [f]—%5 1 3C HRank AR LAY 2 20 R 7] 15 45 % %4 VGGNet7E CIFAR-10 L2558
TRYLE R, SSS N B4 ) WEFR | FHROESR) | SHORUESR)
%£2 ResNet-567E CIFAR-10 258 VGGNet 93.96% | 313.74M(0.0%) 14.95M(0.0%)
oo WE | RS | BRI ) SoR 93.02% 183.13M(42.3%) 3.93M(73.7%)
ResNet-56 93.26% | 125.49M(0.0%) 0.85M(0.0%) GAL-0.1%Y 93.42% 171.85M(45.2%) 2.67M(82.2%)
PEAT 93.10% | 11200M(107%) | 0.77M(9.4%) HRank1™ 92.34% 108.61M(65.4%) 2.64M(82.3%)
PR 93.06% 90.90M(27.6%) 0.73M(14.1%) HRank2™! 91.23% 73.70M(76.5%) 1.78M(88.2%)
o 0339% | 8935M(28.8%) | 0.59M(30.6%) ALE-90% 92.85% 71.29M(77.28%) | 2.87M(80.8%)
HRank 1% 93.52% 88.72M(29.3%) 0.71M(16.8%) LEGR™ 92.40% 70.30M(77.6%)
EGRI™ 94.10% | 87.80M(30.0%) GAL-0.2P" 91.89% 65.85M(79.0%) 3.35M(77.6%)
ISP 9301% | 8LO0M(35.5%) | 049M(42.4%) ALE-80% 92.81% 60.23M(80.88%) | 2.46M(83.6%)
ALE-100% 94.26% | 80.10M(36.2%) | 0.54M(32.9%) T 5 E By e e | 7R 5 TR R 2% Mo-
GAL-0.6*" 9338% | 78.30M(37.6%) | 0.75M(11.8%) bileNetV2 |47 T 8, 136 5 s, il LL& B, e
HRank2"*” 93.17% | 62.72M(50.0%) | 0.49M(42.4%) T JE 45 55.2% W, BRI R SR S TR T T 1.29 5 4%
Hinge" 93.69% | 62.72M(50.0%) | 0.44M(51.27%) B RS AR 64% L% B I AT AR A L
KSE™! 93.23% 60.00M(50.0%) 0.43M(49.4%) HLLR [ 48 TR R . R R 2% ALE J R I
FPGM"! 93.26% 59.40M(52.6%) T A6 75 L A 2
LEGR2™ 93.70% 58.90M(53.1%)
ABC-70% | 9323% | 58.54M(54.1%) | 0.39M(54.2%) &S5 MobileNetV2#E CIFAR-10 EZ5R
ALE-60% 93.64% | 49.53M(60.5%) | 0.36M(57.6%) TR A% HAAR(ESR) | SEOR(ESF)
C-SGD™ 93.31% 49.13M(60.85%) MobileNetV2 92.25% 91.15M(0.0%) 2.26M(0.0%)
2 3 7T LB 51 ALE 72 BUE 4%l 52.4% 19 ALE-90% 93.54% 40.86M(55.2%) | 0.94M(58.4%)
ALE-70% 92.79% 32.66M(64.2%) | 0.83M(63.3%)

TEOLT , HERR S AH L TR ML TH T 1,424 40 0, 3
FATHTRD, e B AT R R4 P i R B A LT
FPGM, 7RI R4 R KB G BT, ALE J7 e
FITET 1184 E 435 . AT HRank, 763158 1R 45 %
P T SANE SRS ERRIETE T 1A E 05

i # 4 7 LLFEF), 1 It F HRank 5 LEGR, ALE 7£
205 S5 RN B 2R 7 T Y B TR R L. M T
SSS, ALE J7 1 7F M 4 55 1 4 22 0[] B, AER SR AN T
FEANEN 0.2 H 43 0. HHEE T GAL, 4 GALEZSHUH 0.1
B (GAL-0. 1), ALE J5 VA 7E IR £ w55 1 40 22 1 [ s o
R T REAR LA A 550 2 GAL#E S 508 0.2 /)
(GAL-0.2) , ALE-80% TE S EUR 45 242155 T 6 41~ H 43 5%
BB O A BEAR AR T3 1A E 40

1 CIFAR-100 5045 4E |, 2% ResNet-56 i 5250 45
BN 6 i ML F PF-A 5 PF-B,ALEZEH A 5%
B Y R G R T S S LR MER R T

TE SVHN 0#E 4 I, [ 4% ResNet-56 5 ResNet-110

HYSEGG A RN R T s, Ry 1 B AF L LU, 6 GAL 5 i
%6 ResNet-567£ CIFAR-100 E£5 R
Al HER R WS R(ESE) | S8 (EA2)
ResNet-56 71.92% 125.49M(0.0%) 0.85M(0.0%)
PF-Al 70.42% 112.44M(10.4%) 0.77M(9.4%)
PF-B!Y 69.95% 90.85M(27.6%) 0.73M(13.7%)
ALE-90% 70.91% 64.77TM(48.4%) 0.53M(37.7%)
ALE-80% 70.72% 57.97M(53.8%) 0.47M(44.7%)
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FE SVHN A7 T 5056, o] LIE £, ResNet-56 7E 11534
55 BB 4 I 20 60% I, WET FRAH L T 3R
KIRTFT 0.14%. AT GAL,ALE FiEfEHH AR S5 S
B R 45 580 K 41.4% vs. 60.0%, 34.1% vs. 58.8%
LT ERI T 0.7%. ResNet-110 76 HER 5 — 31
TEOLT , ALE i TR 5 280 1 R0 R 3

£ 7 ResNet-56F1 ResNet-110 FE SVHN E 4R

R HIRTIES IR ) | SRR )
ResNet-56 96.38% 125.49M(0.0%) 0.85M(0.0%)
GAL-0.6"" 95.82% 73.58M(41.4%) 0.56M(34.1%)
ALE-60% 96.52% 50.17M(60.0%) 0.35M(58.8%)

ResNet-110 96.36% 252.89M(0.0%) 1.72M(0.0%)
GAL-0.06"" 96.63% 120.77M(52.2%) 0.83M(51.7%)
ALE-60% 96.65% 98.50M(61.1%) 0.71M(58.7%)

R Y S AE YR ALE J7 5 098 MR AT i A
ASCHE M T AT N U BCE 5 Market1501 F1 Duke
S, X2 ResNet-50 %) 52 56 45 S 4N 2% 8 A1k 9 i
N, AT LAE B A 2B AE L i 5 S50 E R
4t —2F I, mAP $8 45 5 Rank1 845 4 HO2FA T
K, B0l T ALE 5 i ANMGE I T3 AT 55, [ R T T
HABAT55 .

&8 ResNet-50 7€ Market1501 F 4558

" T SR
TR mAP Rank! . )
(4 %) (45 %)
4087.14M 24.99M
ResNet-50 65.1% 84.1%
(0.0%) (0.0%)
1577.95M 8.28M
ALE-90% 62.2% 82.1%
(61.4%) (66.9%)
1419.49M 7.48M
ALE-80% 61.5% 81.7%
(65.3%) (70.1%)
&9 ResNet-507E Duke FZ R
» RARG AT SR
mil| mAP Rank!
(FE4E%) (E45%)
4087.14M 24.89M
ResNet-50 52.3% 72.1%
(0.0%) (0.0%)
1639.11M 7.41M
ALE-90% 51.7% 71.1%
(59.9%) (70.2%)
1508.50M 7.22M
ALE-80% 51.0% 70.5%
(63.1%) (71.0%)

4.3 HRRSEIE
4.3.1 ALEZS¥45H

ALE 3 i 8 2 8 o, VA HE W 45 40 % 5k B
ResNet-56 7 CIFAR 10 b 19 52 55 45 58 43 B e R A B
Ko, S MEEVERERI R . N T AL o, 195
ﬂﬁl,%ﬂﬂﬁle?ﬁwllﬁmﬂﬁﬁﬂféfﬁﬁ/zt(l% o, B

], ol 3 — B0 #4750 5 . 45 5018 11 Frs , A&
B, Bl e KPR B 5 PRI B 268 4 L T
TS S0 ARG R 5 W AR, N 25 7S [R] 4
RGBT A5 R EE YIS T R AR, Ui ALE J7
HEA RIFHE R . AP 25525 IR MER 5
1A I R4 FOR I ERZE AL BN, £ B ALE-60% 1E
RS A R R AR 2

] o N3
(=] (=] =1
1 1 1

YRR & HERR/ %

30 T T T T T T T T T T
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
@ Max

Bl 11 ResNet-56 7 CIFAR-10 L KRB 2R a,,, o 25 L AR I 52 1R

FHT) 2 0 26 A5 B B A, d B2 2 2T B 15 B
MCEE . N T T L I IE 4% R 4 RS 2 B R/
X Z 11 A5 4k, , 1% B MobileNetV2 7€ CIFAR-10 I ft K
“”Kﬁ%% F10) 5 A U A T 05 R 4 1 2 TR 2

BV, I 5 R 46 A 1 SR 2R B R IE 1756 He , an &l 12

\,AﬁTﬁQﬂZ%‘zTﬁ”ﬁFlﬁﬂ‘%iﬂ,mﬁej%i'%TﬁQf*i
AR L B, A L T B R R 4 N 45 B3RS Y N 4%
J2 A5 B0 3 3 20 i I T4 B SRR T T A At

HREN B
LS}

8
HHZ
€112 MobileNetV2 7E CIFAR-10 | JE45 R0 J5 J2 15 SR 4 £ A

AT B XN [R) 9 46 FEAS [ Bl 4 L ali AT T S,
X EE T B R A 2% S 1 AR AR B, B UE T ALE
J5 15 B AR AR 38 sk X e KR B R o, B AT BE T
ALE J ik e etk .
4.3.2 ALE &ERGEMHESH

ARSCHE T — AL TR G B R IS A
JriE o0 TR 7 Al b BT A S BRI ZR DL
Pl 5 B2 MR |, 7E £ 5 48 CIFAR-10 5 SVHN
AP XA F RS AT T IR, LI U B BRI AN
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[ A5, Hoaxdh— 80, L g R E 13 fros , Hdr, gl %10 ResNet-56 7€ CIFAR-100 45 8
PR N B R AL AR “VGG-C10” /R 1E CIFAR-10 |-
VGGNet S J 4 5L T LB, 19 45 19 60 4 45 4 B | R TIRRURARR) | SRR
— T RS BN T SE A5 1 ResNet-56 | 71.92% 125.49M(0.0%) 0.85M(0.0%)
IRAG T Bl I MERf R R B ALE-80%-10 | 69.31% 69.93M(44.3%) | 0.52M(38.8%)
ALE-80%-15 | 70.06% | 68.31M(45.6%) | 0.53M(37.7%)
o TG R e ALE-90%-122 | 70.91% | 64.77M(48.4%) | 0.53M(37.7%)
8 ALE-80%-60 | 70.48% | 63.74M(49.2%) | 0.48M(43.5%)
7 ALE-80%-20 | 7026% | 61.97M(50.6%) | 0.50M(41.2%)
6 ALE-80%-90 | 70.93% | 61.67M(50.9%) | 0.49M(42.4%)
g3 ALE-80%-30 | 70.19% | 61.50M(51.0%) | 0.47M(44.7%)
x4 ALE-80%-122 | 70.72% | 57.97M(53.8%) | 0.47M(44.7%)
B ALE-80%-150 | 70.65% | 5535M(55.9%) | 0.44M(48.2%)
2 ALE-80%-5 | 69.17% | 5032M(59.9%) | 0.36M(57.6%)
; F11 ERMRBENBN
VGG-C10 Res56-C10 Res110-C10 MobileV2-C10 Res56-SVHN D A=Na
K13 It H s B s o LAY R R T E(ES %) %%M;()}Téﬁ
ﬁxﬁ%ﬁﬁﬁéﬁ%gﬁﬂﬁ Méﬁ il éﬁt*ﬂﬁ , ﬂi] TE ResNet-56 93.26% 125.49M(0.0%) 0.85M(0.0%)
A R [ K T A T AL D0 7 B ALE-60% 93.64% | 49.53M(60.5%) | 0.36M(57.6%)
U 51 B AL B MBS AR 5 epoch MK 20%-ALE-60% | 93.50% | 52.80M(57.9%) | 0.37M(56.5%)
FUT B LA LN B BE 458 304+ epoch i ResNet-110 93.50% | 252.89M(0.0%) | 1.72M(0.0%)
Be— YR 1L ResNet-56 76 CIFAR-100 1% i .t 1t ALE-80% 94.92% | 120.29M(52.4%) | 0.89M(48.3%)
B55.10.15.20.30.60.90. 120. 150 46 H0AL T HE /704 20%-ALE-80% | 94.55% | 131.50M(48.0%) | 0.96M(44.2%)
™ o MobileNetV2 | 92.25% | 9L.15M(0.0%) | 2.26M(0.0%)
RJTE R B 524 0 80% , HLoR RS 120 #6 AL ALE-90% 93.54% | 40.86M(55.2%) | 0.94M(58.4%)
R JHARS BE Jic s () BN 2 MO i (122 %) BT 9 ) 20%- ALE-90% | 94.11% | 46.20M(49.3%) | 1.08M(52.2%)

KEEM e A — B, LI EE AN R 10 TR, & ALE-
90%-122 F /N e AR B R K 90% , >R FH S 122 58 I 45
. ANF 10T LUE R A AT 30 & I 24 &,
ALE J7 8 2 U X 22 L 30 6 22 5 B T 2540, ALE
D7 S RE A B ) A B, B A0 AR 90 F8 1 I 2R A
T BEARAT A T 358 H e v A ) TN A B A S 3%
IUREAT . MRS DA R S R A AR SO R e — 1)
TE S A, B DA SR e R B A I e A B gk AT

ALE 53 BRIA Y )22 B /ML BE 2858 10% , A S i
PN DR SO PRYE ava oy i i IS < 5 L Rl 8
AN R R 10% (1) 4 BRE AR SO AS R 19 09 2% 78
CIFAR-10 kA7 1 5256, SEgu 25 SR 3k 11 o, &rp
20%-ALE-60% /18 fie /MR B R 20% , f KR B R
60% , 76 HA S S5 B3 —BUW B OL T, Kb G
JZ Fe /MR BR A3 O, I 48 BRI AR /)N {H I 268 B O
BeA BRI, 255 % IR 450K 1 5 BT kG B 2 MR AR,
ARSNGB/ MR BR B AR S

kT G b U B 8 N A I A A PR AR S
TE R 4 CIFAR-10 B X} 9 4% ResNet-110 #E47 T A [
IEAE AR SE 5, SE A5 R SR 12 s . S5

I, FLE LG A R 57 AT AR 0 LR, R
AR B0 I ST, 500 7
0, SR FRIN O L5 2 % SR V8 L) B
SRR W 1

R12 HEMEANBEIRN

A IR B HIATES
ResNet-110 93.50%
1 93.39%

2 93.86%

ALE-80% 3 94.55%

4 94.21%

5 94.71%

6 94.92%

ARTC 3.2 AR AT I 4% BRI XA B0 X A AT
TYFE, B FE A5 B0 DX A B 0 B, X S A )
P TP SR 4 CIFAR-10 B 4T 17 S50 % b, 4G
RF 13 PR . NEFAT LIRS, g R w9 5T,
ARSI B RESE MR, BB ARG RO ROR | (HE i3
5 B HEATY E , REAE PR B R4 R Y[Rl IR, 75 31 3 i )
WU R A
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F13 REY RESHIWIIL Computer Vision and Pattern Recognition. California:
SRR IEEE, 2019: 4943-4953.
S TF) YRR 1 H(E45 3% o s
L o HRRORER) | [5] G, BRI, TRINES, 45 . —FIOET 3t (LA VR i
ResNet-56 93.26% | 125.49M(0.0%) | 0.85M(0.0%) ZE MG AR A A SR, 2019, 45(10):1960-1968.
ALE-100% 94.11% 81.47M(35.1%) | 0.59M(30.6%) tion coding based deep neural network compression meth-
ALE-60%(#") 93.64% 49.53M(60.5%) 0.36M(57.6%) od[J]. Acta Automatica Sinica, 2019, 45(10): 1960-1968.
ALE-60% 93.37% | 49.38M(60.7%) | 0.36M(57.6%) (in Chinese)
ResNet-110 93.50% 252.89M(0.0%) 1.72M(0.0%) [6] ADRIANA R, NICOLAS B, SAMIRA E K, et al. Fit-
ALE-80%(1") 94.92% 120.20M(52.4%) | 0.89M(48.3%) nets: Hints for thin deep nets[C]//International Confer-
= 0 . 0 . X ‘0 . . 0
ALE-80% 94.81% 120.88M(52.2%) | 0.91M(47.1%) ence on Learning Representations. California: OpenRe-
= 0 . 0 . . ‘0 . . o
iew.net, 2015: 1-13.
MobileNetV2 92.25% 91.15M(0.0%) 2.26M(0.0%) view.net, > 3 .
[7] ZHANG X, ZOU J, HE K, et al. Accelerating very deep
ALE-90%(#") 93.54% | 40.86M(55.2%) | 0.94M(58.4%) ) oo i
ALE90% 034200 38.90M(57.3%) 0.89M(60.6%) convolutional networks for classification and detection[J].
- St : =z . 2 IEEE Transactions on Pattern Analysis and Machine Intel-
5 '%“l\gﬂnr ligence, 2015, 38(10): 1943-1955.

ARSCHR HH — B IE T I8 R B AR R 45
2, FHZ 5 B 2 18] 8 S S 25 2 0 B AR 10 £ 7
RSB SE 0  25 25 A0 f i R R B A 1S
MR AR T R AN BE . AR AN 5 UL
F I M4 VGGNet Fl ResNet P HUS R UFAY R, (R
R 2% MobileNetV2 LB TARLF AR, BLAL, 67
B EAA YR, SIIGER , ALE J7 B AN AR S 408 A
B TEAT NEE IR AU RIS T RAFIIRIL. Ak 4
B IR ] LA AT 55 MER R AN R 4 R F6 b, 5% 15K
PRAEA (A B 4 - B AL H — b HLAT AH 5] f% 1"] 5
I, M AR R 4t R P S A TR A

S 30k
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