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Deep Residual Learning with Information Refinement
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Abstract: A novel extension of residual learning is presented for deep networks which effectively improves
the robustness of the learned representation. The method integrates a plug-and-play module, that is, a
grouped convolutional encoder-decoder, as additional shortcuts to the original residual architecture. Due to
the down-sampling in encoder stage, the decoder modules are driven to produce focally activated feature
maps, which highlights the most discriminative regions of input images, and imposes local enhancement on
input features through element-wise addition. For efficient model design, we exploit lightweight
counterparts by removing part channels of residual mappings, without showing obvious performance
degradation. We obtain consistent accuracy gain for various residual architectures with comparable or even
lower model complexity.

Key words: deep residual learning; deep neural network; machine learning; information refinement
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Fig.1 Distributed representation of input image in conrolutional neural networks
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Fig.2 Convolutional block with encoder-decoder architecture and activation maps
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Fig.3 Convolutional block of ED-ResNet and ED-ResNeXt

2.3 ARUEFSH

2 B figp B A e S A A PP T AR AR AT Sk SE AR TR DR R T A R I R R £ e iz (] 40
TR VRS BOWE I o 1T 2(b) P A R T R AR AR 1] Bk 2 W A R AR [ ED BEBURRAE 18 LA R B AT 4L A T
JEL U S AT B R o A A RRAE o A AR 22 B0 R X B0 U TR 2 TR SR 1 R X,
Je ED BEHR U SR 8 o0 3R U0 B9 AR N5 AR L vk B R S A B ED B R AR I OE



WRF FATRASENREREZSTT 445

3 KB5S

£ ImageNet UIEE I, ST RE AWM AlexNet!HI ResNet W S 517 2 o B R 9k 57 £ 224 i
K, Bk P A AR L U v 1 I — Ak IS Bl BE LAY K P B0 R D an A o B4 T BE LB B2 T B (Stochastic
gradient descent, SGDWE A LT , Momentum % # i 0.9, Weight decay 1% # A% 0.000 1, Batch size 15 &
B 256, IF H A 8t GPU I ZR M 45 , 91 i Ak 2% 1 %202 0.1, Bk & 30 8 I 25 J5 45 2% > B LA 10, — 3
HEAT 10088145 . 14k B FUS , FIH T Batch normalization 3 #4710 — 1k , B4 % & ReLUPZ . %
T a5 o 7 219 3K B BUB M I, 2P K B8 T 2k AT B4, S i s it 33K e B AL L, B R i
92, B A MSE .

1E CIFARBEAE L HEAT T 2058, N ZRE Rk I S E R 78 4 4 O, A5 B R RS2 36,48 5 Bl AL
TR 32304 M R AR R AE . XEEBGERGESH T HETRZ A A BOE (ResNet?), BT A i BALAR
25 30058, WA i 21 3ok 0.1, 7856 150 6 FIEE 225 504424 2 IRk DL 10, Batch size 5@ 4 128, A4 T
£ ImageNet $tdli4E A9 EMR 432528 A6 CIFAR BT 258 A1 2E MS-COCO Y H ARG I 5256
3.1 ImageNet EFyXTEL 056

£ ImageNet b #EAT T 34> 3 51 1 5250 5F 1E B A SCH R 19 ED BEE G A 20 o b 7905 1Y 1 2, 41
$e 5% T EDBHA M 450 ED-Net, Ry TR IEA -1, FT AT i 55 50 #0852 90

(1) 5 A Y g X L 92 55 . ResNet Fl ResNeXt& X 4 it 47 LA &L 5% 22 M 48 3= e
MIFE AR SCH R HE S8 o 36 1T , AR SCHY ED 58 i i 1 B JLifF— 25 3 = R 32

F£1 EEREBESEDWAXILE

Table 1 Comparison between baseline and ED-Nets %
7 JE I 8 Nets ASCHE 1 ED-Nets
Top-1 error Top-5 error Top-1 error Top-5 error
ResNet-50 24.41 7.36 23.14 6.58
ResNet-101 23.22 6.57 22.19 6.19
ResNeXt-50 22.61 6.43 22.07 6.16
ResNeXt-101 21.37 5.70 20.89 5.28

(2) 5 SE-Net i %} Fb 8255 . Squeeze-and-Excitation #5 5 (SE)OR 1S T f¢ J5 — Ji ImageNet KA 55 &
BRI L . ACHK T3 & EDFEHE) SE-Net 5 BUE R 4 591 BE L 3 2 A 45 1 W8 A ST ED
BEHAT 2 T — b RS B 2 T

(3) FE i P MU ARL S 5G o B AR SCI ED AR B S0 T B A B S A B L T LA T A

*2 SEMASED AL

Table 2 Comparison between SE-Nets and ED-Nets %
.- Jr hf A5 T A SCHE Y ED RRA
Top-1 error Top-5 error Top-1 error Top-5 error
SE-ResNet-50 23.25 6.56 22.40 6.21
SE-ResNet-101 22.39 6.17 21.68 6.01
SE-ResNeXt-50 21.55 5.68 21.16 5.58

SE-ResNeXt-101 21.35 5.56 20.81 5.24
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AR T iE— B R AR TR SR 68 1 AR SCHE 82080 T 5% 22 3 3 — 2 A 8 4L, #8212 ) ED-ResNet-
50-B. % T ED-ResNeXt-50, 7 34K W 20 T H 20,40, 80 Fl 160 4> 5% 2 43 37 A4 38 38 %5, 7] i 15K 45 40 1
153 41, B B0 8 ED-ResNeXt-50-A 3 48 3C X i — 2 /D> 1 5% 22 43 3 — 2 19 38 38 %%, K Hod o ED-
ResNeXt-50-B. SZHr 4 B2 3 i/, 45 0 £ W ED A B T R AR R 50 (4 3155 53 2= B, B AT g 76 B 0 R

4 s A 2R H .
x3 ETHESHATFHRE
Table 3 Apple-to-apple comparison
A Top-1 error/ % Top-5 error/ % GFLOPs/10°%&
ResNet-50 24.41 7.36 4.1
ED-ResNet-50-A 23.10 6.49 4.0
ED-ResNet-50-B 23.97 6.97 2.1
ResNet-101 23.22 6.57 7.9
ED-ResNet-101-A 22.24 6.25 7.8
ED-ResNet-101-B 23.19 6.53 3.9
ResNeXt-50 22.61 6.43 4.2
ED-ResNeXt-50-A 22.13 6.20 4.2
ED-ResNeXt-50-B 22.67 6.45 2.9
ResNeXt-101 21.37 5.70 8.0
ED-ResNeXt-101-A 20.95 5.34 7.9
ED-ResNeXt-101-B 21.61 5.73 5.4

3.2 CIFAR EHY 9 #rL18

TE CIFAR EiEAT T S8 5 , WPRASJr HER] T ED BIsh i 2iete . (1) BREHE - HE R 5 2
G RZ B LR T i — AR B ED B He X 8 RORS BE B2 T i A RhE | 2 46 BUZ 48 ED B 1Y G
o R g8 H o 1) SR G RUZ B, R4S RRHED RS —FUL T 240 R)Z . MU,
7E ResNeXt iy 525 v, & 3 2 45 BUZ AU Be A SR b BE £ Th , 10 23 400 3 JEUBE A % 410 3 58 0 L B2 AR 3¢
1 ED BEHA SR T RETY BT M T . (2) i T IR R A BRIk 1
A5 SRR W], 20 45 TR Sl e Pk AR 00 IR, 3SR B A BRI, e il A AR 404

%4 CIFAR EHINEREAS ED WA IR ZE X b

Table 4 Comparison between two-convolution and ED-Nets on CIFAR

MRt — BT TRR T, RS

P JEUUf RRAR ED fiiA XA B A
ResNet-20 7.81 7.33 7.57
ResNet-32 7.32 6.67 6.83
ResNet-44 6.95 6.21 6.36
ResNet-56 6.47 5.93 6.27
ResNet-110 5.78 5.63 6.15
ResNeXt-29 3.66 3.57 3.79
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Table 5 Trade-off between accuracy and complexity with and without grouped convolutions

_— JEUf A AIF L) ED A B 4L ED A
R/ ZROR/100K . BERR/ Y SROR/100 BRR/ Y SROR/100K
ResNet-20 7.81 0.27 6.77 0.56 7.33 0.30
ResNet-32 7.32 0.46 6.46 0.94 6.67 0.51
ResNet-44 6.95 0.66 5.97 1.34 6.21 0.72
ResNet-56 6.47 0.85 5.79 1.73 5.93 0.92
ResNet-110 5.78 1.70 5.53 3.40 5.63 1.84

3.3 MS-COCO LR B#ri& N sLIE

Jg 7 VA ED BB B9z AL E ), A SO E MS-COCO 19 HARK AT 45 b HEAT 7 S2 86, A SOl FH e 7
25 1 8 T Rk I R I 2, 4 07 ik R o AR SCfdt A9 55102 Faster R-CNNM L fili #5270 ResNet 2l g
ED-ResNetJ& , 6 (45 5 W A S0 ED #EH fE 95 18 f vz Ak 21 H bR A AT 45

%6 F Faster R-CNN 7 MS-COCO _# B 54 il 216

Table 6 Object detection on MS-COCO using faster R-CNN %
FE 2 mmAP AP@0.50 AP@0.75 AR100
ResNet-50 31.2 50.8 33.4 43.8
ED-ResNet-50 33.0 53.2 35.6 45.9
ResNet-101 32.3 52.1 35.0 45.6
ED-ResNet-101 35.2 55.2 37.7 48.1

4 ZERIE

AR SCHR T — ORI SR AT B A AR B0 T U O b B JRE AR 25 ¢ o) v A AR AR G IR, RV A
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AT LA A — b A B R A K I 2 ™ A A W R AT AR, B SRR A X S £ B
FeE TR 53 AR AR SCHR I i ED BRI TR FE (A5 SR R AR O i H R 1T A A
AR N o AR GRS (0 25 SRR WA SCIY ED A5 n] B8 70 4B i 45 U A Bz T o 7824 T AT i R LA
R AR 1 B0 R S R W, AR SCTT vk B 2 ) T B T 5 22 T 2% ) P R A AR IR R A 1) A% i O
$ v He G RN AR T
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