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2 Salient object detection
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> Pyramid pooling module
¢ Cross Entropy (CE)
7 Class imbalance

OFYNON) V) liee; VY olad pins Jlo

G sl @i b ekl She sladoe
SLSSS jap s 5l L aS s Al glo cd iy
ouls bl yaal Sz aseil [0 Gaes (550l
sdiu‘ S9>9 La .59....)‘59 oolaul A 5 ;L....u‘ @LMJLH.U
RS S Oyge 4 0l gzlsill sle S
logeS Gl Ll S o pdy Kl ) alaxd o
D3l oo dgazma |, 1Kl il glag by atus
SBOg i 3l (K paeBedS adgl ree slaJae
daJoe ol o [¥]asS o solizul (MLP) aY wi>
Wz b sbieSS SzsS (>l 4 Ygare (53959 poad
S0IP (mae D Sl 39800 e el
50 0gb e oolatul Y zhw sl S5y zl 5wl gy
el (g G sl o gyl gl Ty coles
PRVELIPNCRTT-N "R VP VRE CHN VS H SIS Cone S0
Nz eSSy 4z ST gl oo 9,ls MLP
Geosyé hbes 5l g Sl MLP 5y (s g
SleMb! 51 JalS j9b s auslgs o by T Lol caisS o Jos
AS il S 4SS g glbasly g pled Wb
Ghls Kz i Gaee slaJow il 5
eleilS Sals Ay sitiee LaSS— IS0S L )l

Sy sloadis 5l eolizul b a5 wies [¥] (FCN)
Gisel o s o (6 050 (LS 00 i il>
o b as g9 pl ST el jeb 4y aileas ools
lacsl jo a8 wasS o L8 FCN Al a a5 Lo
abor l poal 4 pgai S0l wlby ple > sl
- olels TS LS Jlal aile (ol slacSiSs
Sl 2o bl o SalS s g 5
s5b @ Olsiien |y oyl 500 )1 paiged ssle 5 TS
emas d W e Joe dnngs lp e b (e
"B et Sz g Al Slp Gees (SBPS

Ifls,s
ol oals Jol> (g0l slacd i ol >y 4z 3

' End-to-End

2 Skip connection

3 Atrous convolution

4 Holistically-nested side-way output

ke 50 Gl Joe ale



VOY

ol o iloy laaly Glsie 4y (ngal T seges
sloig, IMLP 5 e sl Jow ax 51 [Y]ais o
G Ll i e Joe i (i ez (b oAl
omb @l el Jate Yl slaay¥ jloslizl fds
& @ Sl 3l (26 (Shs sloyisle ol
s e yeb 4 GlSe Dledbl (28,5 4y o8 5 Wy
MolS sloaSess 5 ooliiul b gomy res sloids,
93 Casidge g W3S ablie allis ol LIYT T Laglgils
Sl sl plis (olise anpee ool 5 )
Bros §50b g (e Az p 1 h eSS glaJoe
Sl il b (lglgils Mals” slaasils (bl 2 3
Sbml (plide iz glaie; Dbl oS 5 (gl Alixe
e g gl sl 1y alagile Baes o] ailons
g ilos )5 dsy Al alies slaasy 5l cél sle S5
2 dilize gl (Sl lazg > 5l gens job o
L1y oolr glozg,s ol g 0l o ooliul iSaS
(S ogb S oo e LESAS )0 39250 slaarY
O 5 Bl S sleaSes (e (slagt,
5 Al iz 1l Al Gres 650k lalhs,
A S

adbguain b Joao -¥-Y

Se el (Sl sllinl by, copile 650k 50
ez RS Sy yen el Hlojy SG o )8
o )l 33 6 2Tok 65l Sl oje> nl d Bres 150
ool o 5hie (IS (gojem S )l Sl jeel sl
oils o1 jo a8 sl (650l a5l eledl b oS o
5 S S0l a4 ilgs o Lo o iylbg 5l oo disgel
3,10 aad (MTL) Paalsg a5 ,u5 0k S SeS wos
Oleyor 6,50k b ) o pe adliy oz o Slee b
RSP AP U SPIK NIREAIZIN |  REEISWHIRN
2 ogdle gl oo (28 oSy b ki ye g e plox]
Sylens 5o Cunl (Soo iylby o g po abasl ) SG o0
e paid oS psbplen 09h 2l 5 Gy Joe
5 WS oo oolaiwl Gullby plo ;0 09290 uils l aus
odid oy slagy liw 4 Al paens Uy (WS
lp Glatly iz 550k (ol podle 09l so yig

4 Fully convolutional networks
> Multi-task learning
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! Multi-layer perception
2 Object proposals
3 Flattening
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® Intersection over Union
7 Building block

8 Backbone network

° Encoder
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! Salient object subitization

2 Image captioning

3 Foreground contour detection

# Intersection over union (loU) loss
3 Structural Similarity
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@ Feature Aggregation Module (FAM)
() Pyramid Pooling Module (PPM) ]}

Global Guiding Flows (GGFs)
Global Guidance Module (GGM)
P
R Res2Net Module (RM)

Backbone Network
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4 Weight decay
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