52 S F ¥ M Vol. 50 No.2
2022 4E2 A ACTA ELECTRONICA SINICA Feb. 2022

BT 2200 LA AN 1 Jar el 1 R T PIL

Ve O S N Y S SR 2%, R : by
(1. KEERFF RS T2, O 3003505 2. R8s (47 B> ], K e 300380)

 OE: EJUERRFSE RIS T AL IR TR E S 2 RS PERR A RGER . AR, BUA L 0E R
FITFETE Z M B T AR A S PO TE 2 (R AR DG 7E— @ AR EE F R TR AR . Ak, ax 2y vk i R
B 2 A DA AR R R O s Ml SR S L Bl X T D MILIR A2 AR R ) AR E M T T AR R . A bR )
B PR T —Fh 2245 3 i i T 1A (Multi-Branch Local Channel Attention, MBLCA ). i 12 4530 115 22 8] i) J5) 356
AH I ME 24 2 AW 8 AU, 3T TR AR R0CR . 1R SRR 1% (Monte Carlo, MC ) Dropout 1 {8 1 3R J& U1 347
2 3 J5 PR RS T T R ARSI T AN R P A, DA TN AS 30— 22 43 S R R A R AL 4R ) MBLCA
Hon] L3 s F T4 R R 2 4 B 22 I 25 ki v, 55 (RIS 1Y) A AR LG, 50 A MBLCA #5552 1) ResNet-50 ¥ 2% 25 14 /£
TmageNet-1K Il MS COCO FE4E b SIBUAS T 2.58% 53 FEKE FEHE T+ 1.9% 1 AP $E 7t .

KR BB RIIILE BTN 2038 RIZER A%

RESES:  TP183;TP391.4 MERFRIRAD: A XEHRS:  0372-2112(2022)02-0374-09

FE F 23R URL:http://www.ejournal.org.cn DOI:10.12263/DZXB.20201204

Multi-Branch Structure Based Local Channel Attention with Uncertainty
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Abstract: Recent researches demonstrate that attention mechanism is an effective way to improve performance of
deep convolution neural networks(CNNs). However, most of existing attention methods more dedicate to modeling the cor-
relation between all channels, which limits the computational efficiency of the model. In addition, these methods have not
considered the impact of uncertainty in the correlation modeling process, and lack the exploration of the generalization abili-
ty and stability of the attention mechanism. A multi-branch local channel attention(MBLCA) module is proposed to handle
above issues. MBLCA learns channel attention by capturing correlation across channels in a local range instead of global
ones, improving the computational efficiency, and models the uncertainty of local channel attention by deep Bayesian learn-
ing, which is approximated by Monte Carlo(MC) Dropout, leading a multi-branch structure. The proposed MBLCA can be
flexibly adopted to various deep CNN architectures. For example, ResNet-50 with the MBLCA module has achieved 2.58%
improvement in classification accuracy and 1.9% improvement in average precise on the ImageNet-1K and MS COCO data-
sets against state-of-the-art counterparts.
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FRSIITE R T MBLCA J7 3 ] LR TH 22 b 9 45 28 4y
A UERA R, TR 42328 R0 S .

i T B iE MBLCA J7 5 7E B8 R A i 9 4% 1 i AT
B 7E B SIS A LA AR DL ResNet-18 £ A4 1
%5 LR RGBT TR, SE R A R R AR R

55 ResNet Fll ECA-Net JL-F- #H [ /) 45 0 42 A% B #) 4% IL
T, MBLCA J7 %43 547 K T 0.48% 1 0.1% 1) M g #2
Tt RIS, 78 10 R E A S5, MBLCA J5 i HA H R
1 RE .

B, W0 5 TR T A A ) 4 B 20 I 4% A AR kA 7
TX I, s ResNet-200° R DenseNet'”’ , Inception-
v3 N2 2 iR, 5 ResNet-200 48 Lt , MBLCA J5 i
JH ResNet-101 7E A J il o 265 U HAm — 2 (AR A0 57 4
B AH R AE Top-1 MHERRR 4T T 0.65%. 53 4b, FEF
ResNet-50 i) MBLCA ##1 LY Inception-v3 #1145 T AIK A
WA 2 B AR AU PERE . 5 DenseNet-161 #H H , #: T
ResNet-50 1) MBLCA A5 B AT AR 23 2545 B IELRAY
) 323 — 2 i 313 B (FLOPs ). 3£ ResNet-101 ()
MBLCA #5515 DenseNet-161 H A7 JLF—FER) 8,
{HJEAE Top- VK5 FE FARTF T 1.2%. 25 LRk ,MBLCA J7
TRAERERL A3 IS R R SRR AT % B 2 (R SEBL T SR AL
A AR AR A B 0 A R BUR T 5 BT R
T AT R AR Y 4 S

R2 BEMYMRMAHARETNTENTLER

Jrid BTFM4 | S8 | s Top-1 Top-5
ResNet 11.15M | 1.70 G 70.40 89.45
SENet 11.23M | 1.70G 70.59 89.78
CBAM ResNet-18 | 11.23M | 1.70 G 70.73 89.91

ECA-Net 1LISM | 170G | 7078, ,]89.92, .
MBLCA 11.ISM | 1.70 G | 7088, o | 89.89 ., ¢,
ResNet 2437M | 3.86 G 75.20 92.52

SENet 26.77M | 3.87G 76.71 93.38
CBAM 26.77M | 3.87G 77.34 93.69
A2-Net 33.00M | 6.50G 77.00 93.50
ANe | N0 ssoM | 4156 | 7770 | 9380

GSoP-Netl 28.05M | 6.18 G 77.68 93.98
ECA-Net 2437M | 386G |77.48,,,.|93.68,, .
MBLCA 2437M | 3.86G [77.78,, ,|93.89.,
ResNet 4249M | 734G 76.83 93.48

SENet 47.01M | 735G 77.62 93.93
CBAM 4701 M | 735G 78.49 94.31
—— 1 ResNet-101
AA-Net 4540 M | 8.05G 78.70 94.40
ECA-Net 4249M | 735G |78.65,,,,|9434,, .
MBLCA 4249M | 735G | 7885, ]9448,, .
ResNet-200 74.45M | 14.10G | 78.20 94.00
Inception-v3 2590M | 536G 77.45 93.56
DenseNet-161 2735M | 7.34G 77.65 93.80

4.3 MS COCO i HirteN 5 L6452 3£18

AR A5 FH Mask R-CNNVWE Sk ZE RIS I 28 76 H 45
R I FN 52461043 AT 55 _F 3630F MBLCA B 32 fLBE 7 .
S T T A R U R 2 AE MS COCO2017 Yl ZR4E
S, IAE MS COCO2017 B iiF 4 b #E A7 . 52
WS R NE 3 s , AR HESEE BRTE s H D
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F3 KFITIEFEMS COCO2017 IEE F K B AR MIFNSLE) 43 Bl 45 R

. i e SR ioaill S5y

7 SRR | IR - e - —
AP AP, | AP, | AP, | AP, | AP, AF AP, | AP, | AP, | AP, | AP
ResNet-50 4418M | 27558G | 372 | 589 | 403 | 222 | 407 | 48.0 | 34.1 | 555 | 362 | 161 | 36.7 | 50.0
+SE block 46.67M | 275.69G | 387 | 609 | 42.1 | 234 | 427 | 50.0 | 354 | 574 | 378 | 17.1 | 38.6 | 518
+ECA 4418 M | 275.69G | 39.0 | 613 | 421 | 242 | 428 | 499 | 356 | 58.1 | 377 | 176 | 39.0 | 518
+MBLCA 44.18M | 275.69G | 39.1 | 612 | 424 | 233 | 428 | 50.1 | 355 | 57.7 | 375 | 17.0 | 38.6 | 519
ResNet-101 63.17M | 351.65G | 394 | 609 | 433 | 23.0 | 43.7 | 514 | 359 | 577 | 384 | 168 | 39.1 | 53.6
+SE block 67.89M | 351.84G | 40.7 | 625 | 443 | 239 | 452 | 528 | 36.8 | 593 | 392 | 172 | 403 | 53.6
+ECA 63.17M | 351.83G | 413 | 63.1 | 448 | 25.1 | 458 | 529 | 374 | 599 | 398 | 18.1 | 41.1 | 54.1
+MBLCA 63.17M | 351.83G | 414 | 634 | 452 | 248 | 459 | 533 | 374 | 599 | 399 | 18.0 | 41.0 | 54.3

FOPEHER R (mAP) 2 N80 EXT A kit iE 5 &ip

i . SCHRZE FE R, MBLCA BB 7 H A kG 00 A1 52 451 4
FT 55 L #HS W A8 F IR 4R 1) ResNet. JH ResNet-50 I
ResNet-1011E 7 B T M 4% , 4 H 19 MBLCA J5 354 H bR
o ) (S5 43 D) AF 55 L 43 1) L SENet #2551 0.4%
(0.1%) F10.7%(0.6% ) 11 V- B HERA 22 (mAP) |, 7] B A
TR E 24 . 5 ECA-Net50 (ECA-Net101) 4 [,
MBLCA J7 ¥ 7E R UEAR [F] A HE 3R A2 2= B AT 32 4
SHFENT 0.1% PP WERf R8T . IR gs SR 4
) MBLCA B 7 Z R EAT 45 13 A RAFI R IR
1, BERS A SR TP 2 N 45 76 T IAT 55 BRIz Ak fE
4.4 EEMEMBEMELE

J T B MBLCA J7 36 %0 e 75 K0 o e 1
FRERE M, A8 SCH ] ImageNet-CH I e dm 42 0047 1 A1
S . ImageNet-C:”]ﬁ%ﬁ%T’{ ImageNet—lKB:E{ﬁiE%%(
PEEFEERE I AT ISFORREIPE A, 3220 75 1
7 (Noise) A (Blur) . KA AE 5 (Weather) BT 4
(Digital) UKW BN, BEANHE B 058 73 SANG] . 3
A i BER F SCHR 34 19 I PEA 48 7% mCE SRR ()
ALRE T RRR G P SR I BB A R R B (1472 Ak
REJIAIRRE ME TR . SRR AE R ANER 4 s , AR 4 T L
E3 .24 ResNet50(ResNet 101)VE HB T M4, MBLCA
J7 B T BLA1AE 7 ResNet50( ResNet101) i) mCE {8 43
SIEAR T 5.5(3.77) ; 5 SENet Al ECA-Net #H [t , MBLCA
J5¥EAE mCE #6845 L 43 BIBEAIL 17 1.6(2.6) F10.87(0.54).
RG] T MBLCA #55 m] D45 Ay B i b 2
TR XS e 75 )5 A R 1

R4 BWFELE ImageNet-C HIRE F KR

HiE: R ZE | ImCE | |Noise | [Blur | [Weather | Digital }
ResNet50 24.80 76.70 | 81.67 |80.50 69.00 77.50
+SE block | 23.29 72.80 | 73.33 | 78.00 66.75 73.25

+ECA 22.52 72.07 | 73.67 |77.75 67.50 69.75
+MBLCA 22.22 71.20 | 71.33 |76.25 66.00 71.25
ResNet101 | 23.17 70.30 | 75.33 | 73.75 64.50 69.00
+SE block | 22.38 69.13 | 70.33 |75.00 62.50 69.00

+ECA 21.35 67.07 | 64.67 |73.00 63.25 66.75
+MBLCA 21.15 66.53 | 64.33 |[73.25 62.25 65.75

RSO T — Bl 22 SR H G T )RR
(MBLCA) , A% JEARR A Jay e 3 7 Ll T A
AN E PR A, DT B T 0 B R B AL RE T AR
SEVE . SCRA R RN 2T A F B 26 BRI L
Lo S o AT 55 AR EAT RAFROPERE . ACEBHRR
R AR R ML e R P S LA LR B AN
SEVEFRA TV AR5 T AR S5 10 i 1 5 4 [ 2 i
83 LTI LA X AT AN B P AT — A
FHIFFERYTT ] . RACKEAEIZTT 1) L AT IR AR T4
2 AR FH 3 5 22 B % B A5 R 22 I 4 A v, 4 Mo-

bileNets ** Fl Inception >33,
Sk
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