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Abstract

This paper explores attention techniques in semi-supervised video object segmentation. Conventional semi-supervised video object
segmentation suffers from long-range dependency due to the use of convolutional neural networks. Recent research has applied
attention techniques in classification, detection, and segmentation to address this issue. While self-attention-based approaches are
commonly used, they have limitations in modeling the relationships between different images. In this paper, we propose a
semi-supervised video object segmentation based on external memory attention to address long-range dependencies and consider the
relationships between various images. Our approach uses two linear layers as memory to model image relationships and employs
cascade operations for attention. Experimental results on the DAVIS 2017 dataset demonstrate approximately 3.8% improvement in
average Jaccard index and boundary accuracy compared to STM (Space-Time Memory).

Keyword : Attention Mechanism, External Memory, Semi-supervised Video Object Segmentation, Long-Term Dependency

& 717 3718 8t 2 (Department of Electrical and Computer Engineering, Inha University)
b sty A7t o] ¥ 83  Department of Immersive Media Engineering, Sungkyunkwan University)
¥ Corresponding Author : 4]2(Sungeun Hong)
E-mail: : csehong@skku.edu
Tel: +82-2-740-1809
ORCID: https://orcid.org/0000-0003-1774-9168
# This work was supported by the National Research Foundation of Korea(NRF) grant funded by the Korea government(MSIT)
(No. NRF-2021R1F1A1054569, No. 2022R1A4A1033549).
- Manuscript July 5, 2023; Revised July 31, 2023; Accepted July 31, 2023.
Copyright © 2023 Korean Institute of Broadcast and Media Engineers. All rights reserved.
“This is an Open-Access article distributed under the terms of the Creative Commons BY-NC-ND (http://creativecommons.org/licenses/by-nc-nd/3.0) which
permits unrestricted non-commercial use, distribution, and reproduction in any medium, provided the original work is properly cited and not altered.”


https://crossmark.crossref.org/dialog/?doi=10.5909/JBE.2023.28.5.613&domain=http://ksbe-jbe.org/&uri_scheme=http:&cm_version=v1.5

614 W33 =Ex) A28Q A53, 20233 99 (JBE Vol.28, No.5, September 2023)

.M E

HIT] @ A 3H(Video Object Segmentation) 4.
HIT Q. A, A& 3 T3 2 vhekg vt e 3 38
o A&d g dom, 94 vy Alf e EXshE 54
g AAE Aty EEshe S BRE dth HY L
AA oM FE AFEE Foke A% YL A
T,1=_1_5;E[5][6][7][8]¢.1];.:] HF Hop= H|TQ A qu(Video
Object Tracking)®| &} Fok2A A& ¥t e} of
d AR AAH TS 79t FAE HY L A
6‘1—2_ i‘]kﬂ?}(ﬁ Oﬂ}d—oﬂ T,Hé\‘_}

% 7‘]‘4‘:}

Hd FAE HYL AA 8 AT+ T AF
30%49][10][”1['2@ =0 Nyl gy pzo] 7bA%0 7 o
A7 AP ek A7 715k v AA] e
th3#29l 2d> STM(Space-Time Memory Networks)'™
ojmf, AHA e} rpAH} o/ Wk ot T YAES

AREREe =4 A o] BoF wst B AR A 2
Ag ZHHOR U 4 ok STME AFoE,
STM®] A7 & &2l 7] #4& /HAdsr] 918 hdst &
o] £& A AgFF BE SHAA 7185

2
N
rE
1o

>,
rl

=
3 B

R b
¥ e
£
T

X
o
N
N
i
rlo
o
=)
it
2
e

e o

<180 &4
Z3ttt o
ResNet50"
A= 18 B )

2 <&, He
A2 $454

2
oM,
ol
N6
T
T
1o,
2 —

2]

ResNetls“

)
tlo

ot
T i
fo > &

O]

ﬁoﬂ‘

s

A

il
o)
.2
qu
M
o,
N
N
N
g

>,
o,
ol
ro
M
in}
el

>
>,

2

oX o
10 —E %

P>l

oy rlo
o
g,

> o

Q
[e)
E
=

G

N rlo
I
o:
o, of
re

o

i

rg o
R

2
ry

Mo op® oz Wonp zh
r—{o

2

rdom
o
nand
N
ol

ﬂ':
Siid
= 1
o
A,
Siid
sk
ol
1o
v
o2
o
o
v
ol
Shid

o
o
2
>
rr

F4T 4]
15][16 18] =
%}[ sjre](i7ie ]-——O
o 48
A=

>
12
_IZi
0,
Y
1
dz
o

o

=

£

oo [

_\ﬂ: oL

R o
B}
R
N

r}: rlr
ol
_{T 1
— H:l
‘ 9
)
/riz J
8
g
&
of\ g
b g
oX o 2
M IS
2 rlo
mlﬂl —!lm
re oX,
o o o2
ol ‘-4\1 ‘_O/ _\|I_,
rir Wy o
o oy at

1)
o o 1R

£
=2

!

==

ol

ol

rir

&4 e
o2

B g v 2

EAE 95p12 B ohe B 9 ey Aol
QARE BAYY 5 9 9% vl oju 7y v
Te A $8 718E Ak o) Wwel ofald /]

(external memory attention)”"'o A1 & 71 €] A3 Holo]=
o W Re] A4S Fdiey FAHC R, o o] 7] A
glojoj gl gk 7o W7 AF FololE Tl Aol A
AR /\ago}oq ﬂE] A _,er%_o_ 74;1] ] E]E]— Z—LQ. Ulﬂ]g] =L

L 94e 99

T
i}
rﬂ
e,

=

o,
=)
o

=
=
:?1;41’

l"U N _‘N' rlr
o
O
[o &

S LA
N
12
_O|L
kd
=
ofl
X
N
2
N

o,
oX,
o
o 1,
of
ot

Y
1o
N
N
S
=
o
o

=
3l
L)
(RN
N

Ack

N

Pz
for O 9
o fE

)
o

k= =

37} dlo]EAll DAVIS
AZel <5 vz o
o} wojxgkel By o
49 STME T} 3.8%

ol ﬂ]lo J

)
jais
)
1o

= 2
)
oX of

2
S
s
1o,
=
=5
[N

[\®)
(e
—
=)
N
=2
X
[zl
s,
lo
o
o2
i)
f rE
inj

.,
2,
o ol o
ok 2
% op
o
yo, fob
so

o
g

>,
ol)i
B Mo

»o1x
o

o%

ox ©
o

Lot

ro

ol

ol

2
Mg}

Tz 1?4011 EJMOE g}
Z7] AFelM = ZE A 3 Hol

) Helst, A2 Zd o] =2 wuig 2dH
HA & %‘HIOlE%}—t— ‘M% A}%EJMMU% olelgt 71

AT Btk £&2<

o

o)
2d gy ‘33

217[22][23
[21](22] ]’ M)



(Jiyun Kim et al.: Semi-supervised Video Object Segmentation based on External Memory Attention)

o

o

of &gof2 o v o

H

A7k A2

3
N
olJ

ap
HJ

pul

&5t

A

7Hel wEe gololE

L=y
-

T
4r

]

Het 7|

A, A2 STME] A4 918 He]

A4& A
7y 7P 2y 0 7

A=
=
[e]

=]

Ll
2

AR

A [19]1[30]

R

ZA 2 )

3

}[11][31]

3]
i

Zke) =71 Al

il

T

a1

[15][16][17][18]01]}\1 7@%5]1

7§ 448+ STCN(Space-Time
wo] 22kl HEE A}

KR
=

o] STM

Correspondence Network)m]

.

=
T

IH

S
=

e Exglo ey )

Aolth, TAHOE &

L
L

}+5]
(Q), 7I(K), WH(V) 37HA¢] EAS 3=

3

PER!

wge

a2

o
|
b

[¢]

o
o}

3t

171 918l STMOA] A&

A2k

A% W (affinity matrix)<

[e]
T

&3 2t

oz He

s

o}
o)

Age s

Ao
h

TR

A
o

%]—

AFg-3it} STCNO|

Q=Xx W,

b A %

WAy

22X

to

S
B R
X X
B
ol
Mo
—
o
W
o o
oo
oy
uAlo
) o
b
—
o)
= S
o™
= M
B E
I
o7 o}
™
B
o g
o 1
i
= X
R %
To o
4gro=<

Q, K, V& Z+zt 99,
Az, 71, W7ol o

=

9 vE A

L
R

21, X

7], WRE YeH, Wy, Wk, Wy

s} 7hsek 2 sejo)e
A

ks

L
R

=
=

2. OfEld ofiFHH

=
=

191 Q, K, V
71:—]_—

)
T

o
=]

yeRdth
4

=
=
A
R

il

Self Attention (Q, K, V) = softmax

=
=]

171 f18) o=l w7y

3

£ o3}

3 24

A3 Sl o]

USTSo) eyt 377} o) o< 3 glopd,

o] < ALt

mjp

H(2)8 A9uw, WA e 7]
B e 7] AN AFZOE hro] Fof A W

o]
)
Jo
%0
olJ
HH

7IHE i)

=
|

33 7
2

[e]

a8

2 8] de] A}

3
“

e}, of

e

bol 22510] L A

9|

Mo
oy

i, °1 71

Z

T AAE 54 BAE 95

=l A

A7) oHh & =

=
=

2l

™



6l6 W3 e3=ia) A28A A55, 20239 92 (JBE Vol.28, No.5, September 2023)

el A% Hololst % ) Aa dlol

% )8 A9 o

45 b5 FH MRS NOE gk AT ol g A
A
A

sh A% dlololE oJma}n], Norme] 75
wzol LI 4718 5 Aol Jitshs et 19

i
=t OHﬂ
e
=
2
fm
7
]
o
ol

g A4S 7HA7] wiEol AR Z&o] £, O 19] a)= @ A Yio] Fa, 7], WHE Eato] A o

D e A BAE I EE = Qv o v R of'ld A S s A A F3oH, by thgst A

& 98 SN AAY NstEE, vht o] g 5 AN E IEE T UEE AAE oF AR
s 7ttt Aatskshe 7 @AY HFE ARG el 2§ HoFoh

B ATE FAL A4 2L 98 STONE wlo| g}

External Memory Attention = Norm (FM) M, (3) ¢l el 83y 19 25 Aotsle T UYL 5 &

S BHojFh Agt THAYIE oA E YPoE W=

Q9 AN 14, M= A7 BRA A% PsE Bh 7] A=EG olvlAs) vhaAE GEoE WE MR 9=

'
[l . ) -
Query P — 1 r —"\ - _Q_ugqi X —r /—,{_ _ _Q[WJ
j—-{éqﬂhﬁ»_,Amm_“ ~—X QOutput I : T: T , -~
Feature K .t Map : : ! o
N . | : | Key Memory
' ] ! |
Value ' : :
: ' g Value Memory
E Norm
a) Self-Attention ' b) External Memory Attention
T2 1. ch ME oM OEIME HRI= a) M= ofHIM(self-attention)Z} T 22| 2[0|0{E £ Clokst MEZE Ajo|o] S 1128
e b) T 22| ofEHM(external memory attention)2| 77 H|m

Fig. 1. Comparison of a) self-attention and b) external memory attention

] Exiernal | :
" Key Feature — Memory -
Attention |

\
! i .
‘ External | : ‘ ‘

-~ OIS -+ Value Feature Memory \- - cmﬁi""l Key Feature | , Feature _, Demder—)-
! h
1
|

I Fusion
LI  Attention  Yalue Featurg,

,,,,,,,,, o —+ \ Key Memory

} ]
777777777 R . Output |

.
T

| H Value Memory

|

|

|

|

| Norm

T2 2. 9F 022 ofHiM 718t Hiotske FA|T H|C|Q A 28 Za2l|3

Fig. 2. Proposed external memory attention-based framework



AAE 9 191 9 WiRe] gl 7k EX % w L AR £ 617

(Jiyun Kim et al.: Semi-supervised Video Object Segmentation based on External Memory Attention)

2~
&
ot
N
2
_1
=
E
o,
Ky
nj
o fr
1=
:1m
i
BT
nj
o
g
)

o o

Yegas A}ﬁo}w 7] Q1FE 7} Bhae] =
o] RGB °IUAIE 74| ths &7

MAE FoE BN glo] ERg E 4 9
448 5 97 HRolth

Jfjo] wpAazsh Sy Fo|BR, i H g o]n|A|
o] AR 7ol AR} 98k EXw o 2 H3s)
gabd A 7] SAYNE vl Ry 7] 54
A8 4 9 o) Uk o1F Bl STM 5
H’ﬂb‘bﬁ ]—J-QQ}-:HH 7}

r\o

ko ¥0 & EN v
e

Nop 2
fru

=y
=P

(o M
-lN‘HUm
:N:o_u O{N oN _1

i)
= e o
f

rgéﬁoﬁmiimlm
l-’ﬂ o =
oNY
9 ox

@ A olas g 53
549 Aole] FAMIE A

e ol 35 S %9

o
hidpd
sl
olr
e
=2
fd
£
o

of
ol
R
o
il
off
2
2
'z
=
g
o
o
oX

ol
ol
X,

SASE 5409 $A9 S8 B2 4 A A o
g 53 B9 942 19T W 5YHOE 9% 5

W22 E &83ste] HA vloleAle] AR =
2k A FH, 22 4 vl tiek Fre] g
AE =Y Wk ol A71AQ S BEe] 5
MAE B3 a4 oz wdzd 5 g4 do

oo W7 AFHE g e o|w A9} e Gk AA
T8 AEE YYOo R weth MR I npA|ut o]
ol Al F&¥ SAWT 7] ATl FE2HE SANS
Agste] EAW & H(feature fusion) HHS S 53
ol S-S FE3h ol FH S Tl 270l d¥H
Al 7Fe] Qe tigk WAl AA £ oS5 et
W7 1F T niA e glojojo X EHE SR oA
S} mpaAzEe] g BA] e FEE wAS 7] o
ol S4% ¢ A4 doll oF M odd S
A& =H oA 7] AT 9 v AR R = A
A 2T Aol o vheket 94 =] SAA 54
S 5 F Qdth wEkA, Al o] A4E RGB oA E
detE 7] AT 2l g 4o RGB ©|WAIE it

LW ASEL A% on|AE Aol AF 29
E4Wo) A g5, e 4TS sk A7 dololr}
3

& 12 5 A o]em e
= o]

L o
FAA B Sl 3 S A ] %‘jr.
ARXQE
EXEY 22 JEZI(Boot-
strapped Cross-Entropy) 2= &4 35S AHS3H tha
I 2

Bootstrapped CE(L T,)

:{C‘r’ossEntroph([,T)7 if <s (4)
pX mean(rawloss), otherwise

go) 4 @
B ite @A
S #8387 A4
28 dlAlel & 743
golg EolEs Az

@
0
&
—
E
o
a
rir
" ~ T
=
M2 8k 2 of o

=
o
e
rr
5ot
> |
£
r X
2
inj
N
~
ofN
it
—r
2
ot
re
Lo
r'O
ox
oXx,

1o 2 AbA sk4E nd getngo) 7)ukste] 714
To] AY ZZEZo| WA DAVIS 2017 <Al
YouTubeVOS 2019 85418 Ea 2d dt5S 713
o} ek AbA SE BY geuEE AMEEA] os
o A DAVIS 2017 8543} YouTubeVOS 2019 8H5Al
O S5& Fgste] oF v R ofuld e aRE
dolRtl A% H7H= DAVIS 2017 AFAANA A8 59

o4 ﬂ.l

R,
15

&3

o
r& oldt r;'ﬂ WE r}l o?a Moot 2



618

T3] =82 A28d A53, 20239 99 (JBE Vol.28, No.5, September 2023)

E 1. 85 ¥ ot ARSE oAl 72

Table 1. Dataset size used for model training and evaluation

DAVIS 2017 YouTubeVOS 2019
Sk A= = Sk H= =
=1 [=F=) o =] no o
Hlo2 W5 60 30 90 3,471 507 3,978
A4 i 4,219 2,023 6,242 - -
- Seen: 1,063
7H A £
HE| T 138 59 197 6,459 Unseen: 26 7,548
F 2. DAVIS 2017 HO[EAOIAM2] O{EIM 7] =E A3} Hlw
Table 2. Comparison of attention methods on DAVIS 2017
Method J&F-Mean (1) J-Mean (1) F-Mean (1) FPS (1)
Default 84.8 81.5 88.0 24.5
Self-Attention 85.3 81.9 88.8 24.3
External Memory Attention (Ours) 85.6 82.6 88.6 24.0
E 3. DAVIS 2017 CIOIE{AOIA] O{EIM 7|#S 2ol 2+ olACo| MEAIZI Zx} H;
Table 3. Comparison results of applying the attention methods to each encoder of the model on DAVIS 2017
Method Encoder J&F-Mean (1) J-Mean (1) F-Mean (1)
Key Encoder 85.2 82.0 88.5
Self-attention Value Encoder 84.7 81.6 87.8
Key & Value Encoder 85.3 81.9 88.8
External Key Encoder 85.1 81.8 88.4
Memory Attention Value Encoder 85.2 82.1 88.4
(Ours) Key & Value Encoder 85.6 82.6 88.6
O E 12 7 HolEAle] td F2 AN S0k HelFth 1wy HrhdF Aude] BUE HERS W) Ao
#2E Wolanel Ra A% ojAHS 443 Y, 9 B 45 HolE AL 5l U AxtHg Ego]
oo R oS &g AlQE 77 HHA s Bl AR T8l o Fasitte AS et & At
£ BojFrh AT oluA B 9% W ofuie mue) T 4E A /W 71E FAR OO 244 2 ste)
7] J13H ¢ WlF QI HLE o Ak o= A s HAE BAFErh AljE 7ML 7S 71
G0 B AAF) 54 HEHo] ARSI A ofulM
S Aed pul 9R Wy ouAdL ALs muyT) H 4. DAVIS 2017 HIO|E{AOlIMS] 7[E FAI= BIC|2 23| =& 2de|
_ Me H|m
Ai=0] L+O ol t}e] odAk o] o I}hA) R Z5l= A e
dieol son, o= g G el Al ATk A Table 4. Performance comparison with previous semi-supervised video
X ofelde] SIS Bl oF Wi ofuldS 48 object segmentation models on DAVIS 2017
3 YL =Y A8 Yololr} Wwe AL o] Y e Men  FMen S
o et FF Zeldell g ARE 79T 5 UA o ) (" ) ("
. N B STM*[13] 81.8 79.2 84.3 10.2
Td o] AR A O] Alio] dEALE] A O w}ol =]
A AAHL geel P AL sterdn CFBI*[24] 81.9 79.1 84.6 5.9
E 32 AX ofulds} B AFelA Z=Yst o F wEe KMN*[11] 82.8 80.0 85.6 <84
odME we 7} Frd] 44Ng Yo A e R sie 791 81 <80
. } MiVOS*[9] 84.5 817 87.4 11.2
Al 3z E S mE o7 A A=9] slgto] 9l 77
th AX ARlHE WF QAT A 1) el A AR, STCN[15] 84.9 81.8 88.0 24.5
7] QI = 459 3ol Ak &5 mlZe el Ours 85.6 82.6 88.6 24.0

© o ZH ZR0IM HMIAR 2t



AAE 9 191 9 WiRe ofgld 7 EX % wr L AF £ 619

(Jiyun Kim et al.: Semi-supervised Video Object Segmentation based on External Memory Attention)

APE ™ ST AA 2 FIgES HAFL glon, ol mhE A4 22 23S BoETh 193 §19] ol
AZE Ago] 7HsE 9l 2001742] FPS A5s frAlst © AHe el FA e i 22 AHE HoAF
Atk ATh TIEAA 7€ B AL o |l S At Wi
19 32 71E 3 AZ ofdlg, o w R ofrlide] A TEEHA Fohe Egs Hole i, o miiLy ofdl

RGB

STCN

Self-attention

Ours

IIII : .

Ground Truth

STCN

Self-attention

g
(l

Ours

Ground Truth

O3 3. 71E9 | S 7Y Aol HMA LIt 2t
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