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Inter-group Adversarial Mixup and Transformer Learning for Co-saliency
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Abstract Co-saliency detection targets at segmenting the common salient objects in a group of relevant images.
The current co-salient object detection methods based on deep learning have two limitations: 1) There is only a
single target in training images, which can not provide adversarial samples for the model, making the model
have poor generalization performance. When facing the interference of unknown class targets, similar salient

A B R 81372030- Hr— N L fig 75 K30 H (No.2018AAA0100400); 5 H 4R B 33 475 H (N0.61876088, 61872189, 62276141, U20B2065,
61532009) ; TT#A33B3LFEAATH (No. BRA2020291) ; 3 & i Bl BG4 A [l 5 a5 St S8 P O 8 T EL (N0.2021SCUVS001) %l %=
W, BEBRTAE, RS0 S b R RS R E-mail: wuy98419@163.com. KEE GEIS(EE) , L, #HdE, LEHIRTSUECNEE FRE
1448 73 .E-mail: songhuihui@nuist.edu.cn. K74, i+, #d%, T+ 2 (CCF) £ 51 (42089M) , = 8 78 A5 Ay Blb [7] 5 35 PR AG I M 3 R B E-mail:
zhkhua@gmail.com. BRp%, 185, BIEER, FEFFRGEBENME . B2 ARG K& &2 BG4 E-mail: huchen@scu.edu.cn. XIFih, 1, #4%,
THENLES (CCP) MRy it, E B TS AR 25 43 #1522 % E-mail: gsliu@nuist.edu.cn.



2 it Bl IR

objects, noisy background environments and so on, the model is greatly limited; 2) The existing methods usually
use convolution neural networks (CNNSs) to extract features. However, the CNNs can not obtain a large receptive
field which makes the model unable to fully model the long-range dependencies, resulting in poor discriminative
capability of the model. To this end, we propose a co-saliency detection transformer guided by intra-group
adversarial mixup. Aiming at building the co-saliency detection network from a perspective of
sequence-to-sequence and training the model on mixup adversarial data, making the model more generic. Our
network mainly contains two parts, a mixup subnetwork and a co-saliency detection transformer. Specifically, in
the mixup sub-network, we propose an object refinement module: we set input class activation maps(CAMs) as
guidance to segment salient objects with smooth edges as the adversarial objects in an unsupervised way; a
distance adjusting module: the adversarial objects are mixed into another group of images with the minimum
overlap, constructing the mixed training data. In the co-saliency detection transformer, we construct the model
from sequence-to-sequence. In this part, we design a task injector, which can inject group information and
saliency information into the feature sequence, and we adopt self-attention to fully capture global information
between features. Finally, we mix the group information and saliency information by self-attention, further
enhancing the discriminative capability of the feature and generating the Precise results of co-saliency detection.
Extensive experiments are carried out on three benchmark datasets including Cosal2015, CoCA, and CoSOD3K,

demonstrating superiority of our method to state-of-the-art methods.
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Cosal2015 CoSOD3k CoCA
ik med s, BT FPT | meed s, BT BT | omeel s, BT OFT
(ﬁ.?z%f’s) 0233 0544  0.656 0.503 0228 0528 0589 0.363 0172 0526 0659  0.313
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KIRTF, AVAHTENE MAE B8 T M. X2 B A5
B NINGREASRAE T XL H bR, E—ERE Es
SRR [F) 2 35 B AR IR, BT LA R
PIMERARZEN MAE 208 R %, RN, #rEss
EARLYE B4 S 0 e Al 5 15 44 [ 5~ A 7 £
@W%%%ﬂTLwﬁm&%%%ﬁ,ﬁﬁﬁTﬁ
PTR A RIS e IR AR iz AL PERE, BESE I b
AEFRIN G A AN B, A SO AT S N2 1

(R R =R BURIE R . JCHE s D™

HRERTE, 23R TET 1.7%M 3.3%. mT5dE
# CoSOD3k M #: T Cosal2015 A ¥ £ T4k Hbx
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® 3 ANFGESHEMARLEZE=NHEE LVRERRILEE, REOBERS, REBOMEZEINS

TR Cosal2015 CoSOD3k CoCA
@ @ = = I N Y = o N R V7S A = N )
0.058 0.862 0.873 0.863 0.073 0.831 0.873 0.795 0.123 0.679 0.751 0.569
J 0.062 0.877 0.911 0.882 0.078 0.848 0.881 0.828 0.129 0.712 0.788 0.585
J 0.045 0.867 0.920 0.871 0.059 0.840 0.894 0.811 0.089 0.700 0.787 0.582
J J 0.049 0.890 0.938 0.890 0.062 0.856 0.911 0.833 0.097 0.728 0.811 0.603
x4 BIERETXRELROBUM, REOXKAURE, RBOTEKIMEHESR, RBOEEER
HnE Cosal2015 CoSOD3k CoCA
(ONE) ® | maed 5,7 BT FPT | omaed s, BT R | meer s, b BT OFT
0.045 0.867 0.920 0.871 0.059 0.840 0.894 0.811 0.089 0.700 0.787 0.582
v 0.066 0.857 0.881 0.863 0.074 0.801 0.883 0.761 0.123 0.712 0.765 0.585
v 0.073 0.849 0.879 0.855 0.096 0.823 0.874 0.777 0.117 0.667 0.755 0.579
J 0.095 0.840 0.862 0.812 0.101 0.810 0.845 0.748 0.146 0.673 0.734 0.534
v J 0.087 0.841 0.867 0.833 0.078 0.813 0.850 0.751 0.133 0.685 0.740 0.531
v J 0.057 0.878 0.915 0.860 0.070 0.837 0.904 0.821 0.106 0.728 0.814 0.591
v v 0.052 0.885 0.911 0.864 0.061 0.849 0.900 0.827 0.111 0.720 0.801 0.597
+ J J 0.049 0.890 0.938 0.890 0.062 0.856 0.911 0.833 0.097 0.729 0.811 0.603
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) CoOCA L2k oM, 7 sppiia SR ik
iF, $E4% MAE, Ema“\%u&%fﬁw 3.4%, 2.2%.

HiE ﬁ%n&@ﬁﬁ AN FEAR 73 AR T
2.8%, 3.3%, 3.2%, 0.3%. 7E &N H =50
P FRES , ERASREIR B e EMERE, oIl RIS
TAEAR T EOE S AR PR AR, DA PR bR B S A
RAERE BIAAIREE T 3.6%, 4.4%, 7.1%, 7.2%fH)
ZERR, TERCA N BRI BN, JIZEdE 2
AR Z e, SEEPCRA 7[RI N %
ﬁ%%ﬁ%ﬁﬁﬁﬁﬁﬁ,@WﬁﬁT%m,ﬁ%
=N bR R A R BRI 2 B 0.9%, 0.1%, 0.6%.
[ IS 87 FH AR A4 B AR R B4 ) 458 B B i, DY
Metr SHRAEMEREMZRA 1.4%, 0.9%, 1.3%,
0.6%. Al LAEH, &AL ERIEREA BB,
B A B B 2% U AT DATE A 25 o
Hibr, ARERAEAVERE . EICIERE L, (RFERER
AUl MEEFRES, RIHEIRRA A S, 3t
—BIRTHE R . FEFR IS, FHRIRS &%
ik MAE, ARG G B — e fE B A p A
AR EEIGE T ELE Bir, £0E0FEEE

HARRIANST B Tk . B EZ At Refe 2 T
o, EHR A IS T KR .
4. 4.3 XX @Ik R BB

N T IR AE A SCH A VR AT RN 4 AR A R AR R
BRI Rt AR SR A2 OB B % R R 7, i 5
0.2, XFHA T IHESLLS . K 5 Fs, A

F 5 XXIBFINKLE A CoCA LRISEIE

38 X )i CoCA
BREE | \agy s, T SN S
0.109  0.692  0.791 0.574
N 0. 097 0.729 0.811 0. 603

I A5 % oR B R AR B B G b AR A HTAT 55 R AL
BE LT A, BIUANMERR S RS T 1.2%.
3.7%. 2.0%. 2.9%. & 13 JE/n 7 AT Rk
AR AR S X AR . AT RANLEE R, AN AL
IR R R B B I SR R, AR 2 Sy R
B BRI X, 1A E DR H bR AR X 3
4.4.4 BEDH
% 6 TN t {H7E CoCA LHYERESIIE

t CoCA

B wagy st BT RT
6 0. 100 0.719 0. 798 0.597
7 0.102 0. 722 0.811 0. 596
8 | 0.097 0.729 0.805  0.603
9 0.097 0.727 0. 809 0.602
10 0. 096 0. 730 0. 802 0.602
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MAE on CoCA S-measure on CoCA E-measure on CoCA F-measure on CoCA
0310101 o011 0.0% 0310719 o730 o070 %31 0812 0g07 0sl3 03170611 0607 0.606
N 0215100 oob7  00b7 NO2T ohs oo 0734 021 057 osi 0806 NO21 0605 0603 0.603
011 0006 00b4  0.004 O 0h 076 010 O 0811 os0s 0505 011 0600 0shs 0.9
0.7 08 0.9 07 08 0.9 07 08 0.9 0.7 058 0.9
A 4 4 A
RPN NE PN X ERag Rt i FiinAn|
% 7 T o {H7E CoCA FhI MRS ITZH . ASRE el DO R], DU FE bR
. CoCh KEHT 5N 0.7%, 1.4%, 1.2%, 1.6%, PR
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Background

Co-saliency detection aims to find and segment out the
salient objects with the same semantic information in a group
of images. In this paper, we propose the intra-group adversarial
mixup for co-saliency detection transformer. As far as we

know, our method is the first pure vision transformer design in

co-saliency detection field. The network mainly has two
innovative designs: a mixup sub-network to produce new
training data and a co-salient transformer with the task injector.
In the mixup sub-network, we design an object refinement
module, using the CAMs as guidance to segment the salient
objects with smoothing edges. We further design a distance
adjusting module to mix the adversarial objects, producing new
training samples. In the transformer, we design a task injector,
which can inject group information and saliency information
into the feature sequence, and we adopt self-attention to fully
capture global information between features, enhancing the
representational ability of the feature.

Experiments are carried out on three benchmark datasets,
include Cosal2015, CoSOD3k and CoCA. The results show the

excellent performance of our methods. The ﬂmax is increased

by 2.8%, 2.8%, 0.5% on three datasets compared with the
second best-performing methods, showing the leading

performance of our method.



