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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 adversari-
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al samples for the model, making the model have poor generalization performance. When facing
the interference of unknown class targets, similar salient objects, noisy background environments
and so on, the model is greatly limited; (2) The existing methods usually use convolution neural
networks (CNNs) 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 dis-
criminative 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 sa-
lient objects with smooth edges as the adversarial objects in an unsupervised way; a distance ad-
justing 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 con-
struct 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-at-
tention to fully capture global information between features. Finally, we mix the group informa-
tion 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, demonstra-
ting superiority of our method to state-of-the-art methods.

Keywords mixup; transformer; co-salient object detection; big-data
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b AR ST B YA 48 B 4 R 0,619, 0..856,
0.911,0. 833, KM &0 5 T WAL Jr % 0.5%,4.5%,
3.7% 2. 8% s £ CoCA $4f 4 b, A SCJ5 9 U A~
F&F7 43 3 h 0. 097,0. 729,0. 811,0. 603. Hrfr, {U A
MAE #8bre AR 45 R i TR AL 452R 1. 2%. 2
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BEARY ST T B e AT DU DT, FRATTRE g AT R Bl s o 4
XoF 8 43 I PR AR ) 4528 (9 77 55308 BB (FLOPs) . &
B B AT TR AR R 2 RN T AL
T3k 5oy BB T AR SRR A B B 2% S s A
febr. NIFHi2H S
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4.4 HEZXIE
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1 2K eREC LA B 0 43 2 8000 T I Rl S 5
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L AE Cosal2015 [ Ay SEH /] LAE A8 SC3 Y
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W2 MAE &0 T M. 6], iy i 45 48 AL )
S, Fi i HEA R 5 H R AR B F e o il A
T L5YA 1. 9% MR TE, X B T B4R IR & R s
REAT RCHE THAST AL (1) 12 6 1 BE . B B 4 b &b BN 25 43
A3 AN 5 A SCRETH AR 55 1 A SR MAE 15 %]
T 1 3% MRIE T, B H AR = A5 hn 15 2] T $2
Fr. o i R R R G B E R AR R PE %
BRI T 4.7%, X ERWAA(E B E T EE
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) A S Y B A% S S i b A3 P ) 4 3 E AL
it 7E CoSOD3k I+ W S5, il LA & 3, A< SC I B4 TR
B S A — R E L MAE, B3 H 4 =4
FEPNLE/S
ST T 1. 7% 3. 3%, th FAESE CoSOD3k #
BT Cosal2015 A B Z 0 T4 H A5 MU S 44 AL 75
SR TEIRIR & B v A0 R R Y 42
TEH N B G A SOV T B AT 55 TR A A AR A AR T AR
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Rl AXFESEMERFAEZE=ZNHEFEELNKIBERBIER
. Cosal2015 CoSOD3k CoCA
MAE ¢ Sa( ﬁ E;nnx ¢ F;mx % MAE ¢ Sa ¢ E;mx % F;mx % MAE¢ Sa ﬁ E;:mx % F;mx %
CBCD
0.233  0.544  0.656  0.503  0.228  0.528  0.589  0.363 0.172  0.526  0.659  0.313
(TIP2013)
DIM
0.312  0.593  0.697 0.559  0.327  0.559  0.610  0.420 — - - -
(TNNLS2016)
GW
0.147  0.743  0.793  0.697 0.147  0.716  0.777  0.649  0.166  0.602  0.701  0.408
(1JCAI2019)
RCAN
0.126  0.779  0.842  0.764  0.130  0.744  0.808  0.688 0.160 0.616  0.702  0.422
(1JCAI2019)
CSMG
0.130  0.774 0.818 0.777 0.157  0.711  0.723  0.645 0.124  0.632  0.734  0.503
(CVPR2019)
SSNM
0.102  0.788 0843  0.794 0.120  0.726  0.756  0.675 0116  0.628  0.741  0.482
(AAAIZ020)
GCAGC
0.085  0.817 0.866 0.813 0.100 0.785 0.816 0.740  0.118  0.669  0.754  0.523
(CVPR2020)
GICD
0.072  0.842  0.884  0.834  0.089  0.794 0.831 0.743  0.125  0.658  0.701  0.504
(ECCV2020)
ICNet
0.058  0.857 0.900 0.858 0.089  0.794  0.845  0.762 0.147 0.654  0.705  0.514
(NIPS2020)
CoEGNet
0.077 0836  0.882  0.832  0.092  0.762  0.825  0.736  0.106  0.612  0.717  0.493
(TPAMI2021)
GCoNet
0.069  0.845 0.887 0.847 0.071  0.802  0.860 0.750  0.105 0.673  0.760  0.524
(CVPR2021)
DeepACG
0.066  0.853 0.893  0.847 0.079  0.811 0.859  0.779  0.104  0.685  0.759  0.564
(CVPR2021)
CADC
0.064  0.866 0.906 0.862  0.096  0.801  0.840  0.759  0.132  0.681  0.744  0.548
(ICCV2021)
DCEM
0.067  0.838  0.892  0.856  0.067 0.810 0.874 0.805 0.085 0.710  0.783  0.598
(CVPR2022)
A7 0.049 0.890 0.938 0.890 0.062 0.856 0.911 0.833 0.097 0.728 0.811  0.603
404,20 BRIRA O IR 09 A A
R AXRBSRMADERRILE R T B UEA SCEE IR Ay i A TR KA AL
3 3 i 3ils 75
ik FLOPs/G  Z8ik/M i #@#E /fps Fj™ 4 Y e 7, “ #
GICD P, e 4 iR A SO = A B0E 5 B ATkt gnik
364. 7 278.8 10.8 0. 504 LT ) S N o
(ECCV2020) R L T AE AR 1 45 R 50ORD P AR R T I R S G 4
GCoNet — N . e >, . N
cvpraoasy 29 142.0 116. 2 0.524 BTN =8N A B vl A s i (= I
: 0
CADC PR AN 2 4 SR B AL B P AL AT S HL Bk MY Co-
330.0 392. 8 18 0.548 . ) RN .
(ICCV2021) CA LRygs 3N ), 78 Bl iz kAR gn fb A B it 45
DCFM _ -
251. 9 142. 3 84. 4 0. 598 br MAE, E}“ 3 RlBEART 3.4%,2. 2%. 5 bz
(CVPR2022) -
— M1 425 o Kl A N 0

MAE 32| 7 1. 4% 1947t sl i 78 CoCA b iy Ik
ALK 220 T S M E 2 3 H AR CoCA
FE = A BN S S LBk L AR S B TR A TR i
i A AU R o XX BE H AR T4, S, R Fpe 43 i
87 3. 3% 1. 6 0 By £ . 76 R M a4 1 2hodi
1R A R W A B — D A3 BB k. R84 55 7 A
ol AME RS B E MR IE RS A8 A ek 5 B
PERE X U8 AR 43 B4 T T 3.4%6,2.1%,3. 6%,
1. 3% UE W] T A= SO 48 75 1k 9 A Rk

3.3% 3. 2% ,0. 3%, TE ] B R FH =/~ 5 W v ) i
B, FRAS B 35 B 5 Ak i L J0 H 2 R i F — i Ak 1)
P55 VAT 5 R R A P ) DO A 8 A RS A G P B 43
SIRBL T 3.6%,4.4%,7. 1%, 7. 2% B 255, 7F
WA N2 AR AL B A i, DI 2R B8 <5 AR £
P MR P S SO AR R SR AR 25 L [R] IS IO 2 1R A A 45 1
A BE LY, Ere ik 8 T AR, HAR = A 48R iE
BIRRAETERERY 2205 M 0. 9%,0. 1%, 0. 6%. [A] I )
FH A A A A A A8 Ak T 42 300E A B, 7O A F5 A
SRR REM 2EE N 1.4%,0.9%,1.3%,0.6%.
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Fm Cosal2015 CoSOD3k CoCA
©) @ MAE Y S, 4 E}™A  Fp™4 MAEy S, 4 Ey™4A  Fy™4 MAEy S, 4 E;™ A FpoA
0.058 0. 862 0. 873 0. 863 0.073 0. 831 0. 873 0. 795 0.123 0. 679 0. 751 0. 569
Ni 0. 062 0. 877 0.911 0. 882 0.078 0. 848 0. 881 0. 828 0.129 0.712 0. 788 0. 585
N/ 0. 045 0. 867 0. 920 0. 871 0. 059 0. 840 0. 894 0.811 0. 089 0. 700 0. 787 0. 582
N N 0. 049 0. 890 0.938 0. 890 0. 062 0. 856 0.911 0. 833 0. 097 0.728 0.811 0. 603
R QR B IR & SR @ AT 55 T AR
x4 HEBEESHFXESEHNERN
KKk Cosal2015 CoSOD3k CoCA
@ @ ® MAE ¢ Sa f E;mx % F:;ax % MAE% Sa ¢ E;mx % F:;ax % MAE¢ Su ? E:mxT Flr;uax %
0. 045 0. 867 0. 920 0. 871 0. 059 0. 840 0. 894 0. 811 0. 089 700 0.787  0.582
N 0. 066 0. 857 0. 881 0. 863 0.074 0. 801 0. 883 0. 761 0.123 0.712 0.765  0.585
N/ 0.073 0. 849 0. 879 0. 855 0.096 0. 823 0. 874 0. 777 0.117 667 0.755  0.579
N 0.095 0. 840 0. 862 0.812 0. 101 0. 810 0. 845 0.748 0. 146 0.673 0.734 0.534
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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 trans-
former 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 fur-

ther design a distance adjusting module to mix the adver-

sarial 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 glob-
al information between features, enhancing the representa-
tional ability of the feature.

Experiments are carried out on three benchmark data-
sets, include Cosal2015, CoSOD3k and CoCA. The results
show the excellent performance of our methods. The F}" is
increased by 2.8%, 2.8%, 0.5% on three datasets com-
pared with the second best-performing methods, showing the

leading performance of our method.



