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Dual-stream Reconstruction Network for Multi-label and Few-shot Learning

FANG Zhong-1i, WANG Zhe and CHI Zi-qiu
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Abstract The multi-label image classification problem is one of the most important problems in the field of computer vision,
which needs to predict and output all the labels in an image. However, the number of labels to be classified in an image is often
more than one,and the changeable size,posture,and position of objects in the image will increase the difficulty of classification.
Therefore,how to effectively improve the accurate expression ability of image features is an urgent problem to be solved. In re-
sponse to the above-mentioned problem.a novel dual-stream reconstruction network is proposed to extract features from images.
Specifically, the model first proposes a dual-stream attention network to extract features based on channel information and spatial
information,and uses feature stitching to make image features have both channel detail information and spatial detail information.
Secondly,a reconstruction loss function is introduced to constrain the features of the dual-stream network,f{orcing the above two
divergent features to have the same feature expression ability,thereby promoting the extracted dual-stream features to approach
the ground-truth features. Experimental results on multi-label image datasets based on VOC 2007 and MS COCO show that the
proposed dual-stream reconstruction network can accurately and effectively extract salient features and produce better classifica-
tion accuracy. At the same time,in view of the sparse effect of reconstruction loss on model features.the proposed method is also
applied to few-shot learning. The experimental results show that the proposed model also has good classification accuracy for few-
shot learning.

Keywords Multi-label image recognition, Feature reconstruction, Deep learning, Few-shot learning,Image attention mechanism
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Spatial attention network

Overall framework of dual-stream reconstruction network based on spatial and channel attention mechanism
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Table 1 Comparisons of classification results of each method on PASCAL VOC 2007 dataset
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RLSDM Al WARPEO!, Hiv RLSD™ /] DLl i $2 I 5 45 % B

T R SRR Y X Ok HEAT AR 2 Y 43 2L T WARPS U3 it
56 5 TGS RS S bR 28 HE R 7 ok Ak 45 2R .
F 2 HFITPEAE MS COCO S 4E b4y 245 31

Table 2 Comparisons of classification results of each method on MS

COCO dataset

CHLp 2 96)
Method CP CR CFl OP OR OFl mAP
CNN-RNN 66.0 55.6 60.4 69.2 66.4 67.8 61.2
WARPL] 59.3 52.5 55.7 59.8 61.4 60.7 —
Multi-CNNE29J 54,8 51.4 53.1 56.7 58.6 57.6 60.4
Attend and Imaginerzm - - - 59.1 71.9 64.9 64.7
RLSD!Y 67.7 56.4 61.5 70.5 59.9 64.8 67.4
DSN (ours) 78.6 45.8 57.8 84.8 51.1 63.7 66.1
DSRN(ours) 80.4 48.5 60.5 86.7 53.7 66.3 68.9

& 29,CP,C-R,C-F1 &Pt 8 br Bl H R AR S B8 1k R
By AR PR . 78 MS COCOM™ # ¥ 4& I, DSRN 4 43 2 1k ik
A DSN AL AT B K 4R T, 38 8 T AT K. M 2
A LU H S DSRN 1 B — A~ TE A 48 b (19 20(H 46 22 8 F DSN,
X5 7E PASCAL VOC 2007 B 45 1 A 5256 45 S A0 11 . it
) g 451 2 o 455 700 ) B TH 2 4 O S B L B AR T RRAE X 45
B RHR 53 580 DT 4 o T 8 Y 1) 45 5 TR M i
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(] 5] 388 2o 5 H Al vk B R L R B AR SRR AL L R B T
AT i R B FMEBE L IEAE O-P M C-PiEM H547 L T
HA TR, P AR ORI C-P IS E T 80. 4% . M HAL B B
FBem R 67.7%;0-P W ik 8] T 86. 7%, FAb 55 ok & & A
70.5% . AHJEAS SCHIAL Y A [0 A — 5 19 F R, 7T RE & R
AR SC Y RO I W 4% A — 8 R R 2 T /N AR R
I A Rl g 2 FEAE R — 8 ) R AIG, fH K FLE D 42 5
TEHEFERE b A SO H ) DSRN AE — EFE B A &
Y ARG B L 3k 2 T BTV 5k M 26 Mk
6.3 HEE/MEXRFEHIHRER

M B AR X I 45 A 0L R O R 3R RATT IR AR AN T
i T A SRR R AR /N RE AR 3 5T 32 Ak M RE L I 7 PASCAL
VOC 20075 #4848 L i s 45 sk 3 s,

# 3 RONETEMEAR S BT 4 R4

Table 3 Classification results of proposed method in few-shot

scenario

Ratio  Method  C-F1 O-F1  mAP
VGG 77.1 79.4 85.0

DSRN 79.3 81.9 87.5

. VGG 76.7 79.0 85.2
0-9 DSRN 79.1 81.8 87.1
VGG 75.3 77.2 83.6

0.8 DSRN 78.1 80.6 86.3
i VGG 74.5 78.6 82.5
0.7 DSRN 77.6 81.0 85.9
VGG 75.1 77.9 82.7

0-6 DSRN 77.0 79.9 84.9
_ VGG 75.5 78.3 81.6
0-9 DSRN  77.2  80.3  84.8
VGG 73.9 75.8 81.6

01 DSRN 77.3 80. 4 84.6
VGG 72.9 75.3 80.5

0-3 DSRN 75.2 78.8 82.9
o2 VGG 72.0 75.5 78.7
DSRN 73.8 76.9 81.3

VGG 68.1 71.9 74.9

0-1 DSRN 70.6 75.2  77.0

2 3 1, Ratio R W B 4 19 SR AL LL 4], 1. 0 KR (i
A BN ZRE AT ISR LT 0.9 FR 18 T 90 % (¥ Il 45 4 3k 47
ARG SR, S T B0 DR S5 56 09 R0 FRATTHE B K R BE AT
HB 2 28 e FT ALY 24 B R L 97 2R I C-F1,0-F1 fil mAP
3 FR T 6 A ok 4 T b AG: 0 A5 R 1 1 6

MFE 3 Hha L& B, DSRN i mAP #4; F 3 VGG,
It HAE C-F1F O-F1 M f8br B MG PERE L/ T VGG,
WA 7E U R4 W SR BE LE Dl 70%,50 %, 40 % B, DSRN
mAP 82 VGG K2 3% M3 &, [7 B 76 2R L 4] Ot /) B
WAHBKIERE ., B, DSRN B A 8 5@ d 2k, BE 4 i
I R NEEAR S 5 T IR A 5

GRIE  ZAR2E EUR 53 25 RW5E U — AN AR o]
AR SCHRE L T — R ] 22 bR A /NRE AR 2 S I B E A P 4 . %
FIETRR T 5T RAE B8 2% o8 B0 30 0] d5e 2 45 R 5
3 3k T 8 T 0 AR B 2 R B 3 431 R AT e [R] i L R AT
&I AT B2 B T O ) (B R AR . SR 2 AR % O Tk
BA RS HERE.

W e FoATT S Ak SRR R T 2200 X 45 O BRBUTE M 4 R 45 vk

B TR OF 78 5 £ B9 BOHE 4R b HEAT SE B OR SRR AS SO VA Y A
Rtk Meoh BATTIE K R T £ FRAL S AR L Wk T R K
/NI A UL ) 2% R AT £ A L of R g IR 2% A 4 IR AIE £ B
T B, I3 — 25 B R G TR A o A A 95 2% v 00 B2 T 3 3
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