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R GE LGN B B 2 il B AR BB b L 2 A
WRL T . ERERRI RN, BIAHERE
Folle ALGRILGRI T AEAE R IZBBR RN 0k
AL, HHANEZEENMER S RNLEGE RIS
GARR . AT, BWATHEEISLR R, BlE L
A %A M (Semantic Edge Detection, SED), & [A]
SIS R A i I A I A i 2 ) R . T
SED EAJZ IR A, tndd )t K +F (Bertasius et al.
2015b) ESYFIVRBEHERE (Amer et al. 2015). —4EH
#(Shan et al. 2014). PAK I (Ferrari et al. 2008,
2010) 12T E & 1 € i (Ramalingam et al. 2010)%,
{f13H (Bertasius et al. 2015b; Hariharan et al. 2011;
Maninis et al. 2017; Yu et al. 2017) BCATHENL G
R — AT

R ERLES, RESRME MK Z T4
b 9 HY T 28000 T8 5% B I Sk P B FE A T7 % (Hu
et al. 2018; Liu et al. 2019, 2017; Xie & Tu 2015,
2017), &SI 1 Hr NP R RE. (H2, £
TUERBES ST R SED  Cry DA [ i A 4
ERFRLGIFVNIEND AR R
[F#R% . Hariharan 55 A\ (2011)Z %645 & — BRIP4
g5 B R _ERAZRRMTE L% . Yang 55
N (2016)38H T — BRI g S-S 45, F 1A
WAL T, AEAN RS E 9. i, CASENet
(Yu et al. 2017)5] N 7 Bk )= 45 14 Kk B FAIC = R4k ok
F= 5 THUZ 2R BN R TL SR L, T S 25 s 1
CARTHI Ji% . $R1, CASENet {25 H MG (Side)
Ml 2Rl & 1) 70 20N 1 B, JRAN A 2%
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(d) 55— Ml
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ST (h) 25 03

1 Frig i DDS BiEM— M. (a) 8 SBD %

4E(Hariharan et al. 2011)F R E K. (b)-(c) B~ T HiE
(o) B

I\

(b) FEA (c) BUEARED

(e) 5B Mt (f) 28 =%

(i) DDS

)
SCD S HAE AR R B EARRS . (d)-(g) SEor T 28—l
~ P05 2R A TR ML S, (h)-(1) 3R T 5 M
sl DDS (DDS-R) % A0iE L% .

RE CR—Mm ~ 2P0 BATIR I E . 7R3t
H, CASENet RAEH] 755 — Mo ~ 25 =l 4 i)
FROEIE, AN R

SED FHISEUSEIFL. SED FHELIMM MR
B F AR 1) IR B R XSk T8 AN SR R
PRI 1A% (BT IRERAED; i) i &
SEAN R A2 R AP WA A SRRl R ) v S 4 S
XA B B 10 T BT 1R IR B O R T
BOBT SED J59% CASENet (Yu et al. 2017), Mg
B A R DA V2 HAR T L SEAE S5,
KIZ 5325 (Szegedy et al. 2015). P4l (Lin et al.
2020). PLHEREE(Wang et al. 2015) LLR SR TR
ML A (Liu et al. 2017; Xie & Tu 2017) {33
TAE. N 7 B E 8, 22T CASENet K
7715 (Acuna et al. 2019; Hu et al. 2019; Yu et al.
2017, 2018) X Fk & 12— M5 ~ 55 =003 o 1%
fit, JF BB AR R

FEARSCH, BATRE T MEM R R R B (Di-
verse Deep Supervision, DDS) W5k, %7155 5
JEANJE R BRFAIE 27 23 4 T AT AS R 45 2% R KA O
B, Wk 2(b) P, RERK RSB TiE X
RKIRIZERFL T ARE SGA G I — ik
B HEEM, HZ1% CASENet (Yu et al. 2017)
—FEE X A M, HAERE S U B 218 S %

AN IR M B B ) T R i 248 B K. 7E(Yu
et al. 2017)H, FESHA T AR IR B TR R
JRINIG, AEE AT X B W 48 28 F VR B2
BAHVER. WK 20) for, ABEHT —MEE
AR TG, R LUK R T I 48 R R AE 2 e A R 1
TG A TR T8 6 il 4 B0 il
. WMRWAHE RS, TARZEERRHE (F—
Mo ~ S PUMIsR) A& RS RRE (58 L) 45
B X6 2 51 TE 5% (1030 2 AE SUA Stk AT A4k, X R
S 5 VS0 i AR 5 000ty 2 D £ 7 S B SR B 3
Wi G NE B IT, AT LR AN [F) B AR
AN X 245 1 AT JEAT A 280 3 6F i 1 2% 3] . DDS
o —Al 7 1 FTR . #RE N 2 R JZE AT LA Y
55 AU SRAS A A5 R, AN A e 2 i 11 Sl
% (B 1) W (B 1(h) FEE T,
BMIE 2, AT FEZETTERE

— 738 SED &g 1) sUl B i, U4
‘BIBEAS T JeiE ) SED J7¥k (Yu et al. 2017)f#
RSB RIERAER (58 3791

— P —FhET N EE T A FER R (DDS) 1) SED J7
%, TR MR R AR R A U T
IR KB HRAERT A BN XE (5 4 1),

— BRI 1T R S 56 Skt — 2D B TR IR
(5 5.2 %1,

BATHE SBD. Cityscapes 1 PASCAL VOC2012 ¥ ¥
A& EXF TR R BT ER AT T R, RATE T
BB T RAEMERE . 78 Cityscapes 24 I, Frit
H 11 DDS HETE &4 38 % R & (Optimal Dataset
Scale, ODS) T[] £ AI-F ¥ 89| K F-measure (Mean
Maximum F-measure) N 79.3%, 12§ 1) &HAEME
REAN 75.0% (Yu et al. 2018).

2 HHxT1E

R4 e M B K SCHRHEAT VSR 38 Bt T
SCHER. MR, BATH 56045 T UL S ROK ST
S 3 R R 5 T8 BE RO 07 I, U B
TRETF RS0 )7k 5 UA%HR (SED) I
WA

RS RI 2 5I To X MR LGARM. 1458 110 Sl id i 1%
TR A (B, Sobel (Sobel 1970) A1 Canny
(Canny 1986)) ERE AR MR (Mafi et al. 2018; Shui
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& Wang 2017) KA = & <R3 o BAT e = 6 L 1RO 4R
# (Hardie & Boncelet 1995; Henstock & Chelberg
1996; Trahanias & Venetsanopoulos 1993). #iF&A]
B4, Konishi 25 A (2003)$2 H T &5 AN B0 - 3h (1914
GATES, 5T AR, A
PRI G IE EGTHHEFE . (Martin et al. 2004)
R T . BUEMSELA R P R E, DA3R
(SRS UR EYSN VL o8 P PO WANE J AN - R S B
&SI IS SRS A 12 R, (Arbeldez et al.
2011)K Pb FEHE— L4 &y gPb RHiE. (Lim et al.
2013) NF-2a B & H %2 2] Sketch Token FFERIEITH
JEEASIN, 1 (Dollar & Zitnick 2015)H K FH BEHL vk 5
PRMOR 22 ST G/INER I R iR 44, JR 3 T ARIRE 5
ATREF R S R

ETREFINEINTXABERN. 5, Y&
FEVE 2 TR AL AT 55 S TR AR AT R R
Mo HARABBZRES, B HAEA V2R
J2 F AR 22 X 24 R N L0 Bl vh 27 51 B R AR AR R
(Chan et al. 2015; Liu et al. 2018; Tang et al. 2017;
7)o BRI, TR IR B 2 N LS
M (Deng et al. 2018; Wang et al. 2019; Yang et al.
2017). Ganin %5 A (2014)3 i F 5 $4 2% >) Fl g ile
RGP Fh 22 P 255 N T IA A0l . DeepEdge
(Bertasius et al. 2015a) & JoHHURIE R EE &, 28 J5 5%
IX LS AT 92K . 5 DeepEdge H# Y Canny
(Canny 1986) 4 [F], HFL (Bertasius et al. 2015b)fff
H SE (Dollar & Zitnick 2015)4 il fzikin %k f. 5
W IUAREAMRIE AL EE /N DeepEdge MEHL,
HFL X FEEUR R B 26—k, FIETHHE R
IR G . DeepContour (Shen et al. 2015)4414 25 H
Ry NZAT2E, FHE AR R S HOR & B4
T2, Xie 25 A (2015; 2017) FIFI IR BB M Fyid T
—ANHT CEUER-BEUR” T A R A N 2% . AT
Fird PR AR (FROy HED) R 1ok B2 A
m RS E(E E . Kokkinos (2016)#& H 7 —LH
FrillZs HED MIIlZR50% . Liu %8 A (2019; 2017) &
T E AL A GRS, JFEE A BSDS500
BHESE (Arbeldez et al. 2011)_EHUE 7 B A HR BE = 1)

F-measure,

TESOBGAEM. AR KHIE SCRIEA ey, 2k
TUR JRE A 22 X 2% 1) 30 G A TN AT 1) T AE W A4 T T
B, (e 1(d)-(g) . XE KR T R

MILGBFIF K CREE DS MRS
KER) HIBETT o IXAH IS A S 0 BRI PR3 Ao Pk 6
FEVIARE] S SEARLE L 5 SO BRSO I R Y
(2 ML SEAE 55 A A 2

Hariharan 55 A (2011) 25642 H 1 — P F
SZATI G5 B LR R R AL DU IR A 4
Jitk. Yang 55N (2016) 52 0 1 — 0 H T ¥ kb s
M2 E R g bS- SN 2% . HFL (Bertasius et al.
2015b) A4 5 R TG R I AL %, AT IR B R
3 EN 2K F R bR A8 7 45 T 1 5F 1. Maninis
& N(2017) ¥ HAEBE M L5 (Convolutional
Oriented Boundaries, COB) 5 A& (Yu &
Koltun 2016)4E i i) 8 X 73 HIH 45 & K35 15 3
%. (Khoreva et al. 2016) 5| N T —Fh g5 I B % 21 5K
W, XA HNE T AL TR E TR bR, AL S
FERRIE A AP 28 i o B 40 5

Yu FEA(2017) 42 17 —FEr i i 4% CASENet,
‘EX SED HIPEREHER 1R R . R HAR R AR
o, RERHMEOH T s R 3. Al JLIRRIK
MIsEge e, ARATAA, X5 T SED, (R0 o ik
ITIRIEE REABEMN. &I, Ya %A (2018)#H
TR RN )7 SEAL, KiIZ: CASENet (Yu
et al. 2017). X FPJ7E AT LLIR] I % 5% B AE KL 2 9F
PR GAG M. B2, HTEXRK CPU it
FATE, SEAL MIIZRAR® Femt. b, & AT
T BB K CPU  (Intel Xeon(R) CPU E5-
2683 v3 @ 2.00GHz x 56), fE SBD #(#fi4E L%k
CASENet 375 % 16 K. Hu 25 A (2019)82H T —Fb
BB ERMERS (Dynamic Feature Fusion, DFF)
SR, W] LLAE 2 RUBE A 6 AR A 22 0 48 5 A A0 i & o
& 4 A A [R] ) i N PR AN B 73 BE AN (7D D ik
B . Acuna 55 A (2019)F7F 115 LA G R 55
2] (Semantic Thinning Edge Alignment Learning,
STEAL). A5 17— Al 5L 35T = LA 45 2k R 4
K%k CASENet (Yu et al. 2017), f#AbATAT PA2E>)
TEMWTITTRS B HO1E SR 5. (HE, DA BT AR A
5 CASENet MR K> B B 1718 EXADTAE,
HATE M SED KRB &R 2 M 2% e it A7
FERIX —1518, BT AIRATHI T35 BLHT 07 155008
1 SEAL (Yu et al. 2018)~ DFF (Hu et al. 2019) !
STEAL (Acuna et al. 2019)%.

AREEE. HSEY], R BV 2 0 R A
SRS AR A S, WEB 52K (Lee et al. 2015;
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Szegedy et al. 2015) ¥)A&AL M (Lin et al. 2017, 2020;
Liu et al. 2016). M5 ERER(Wang et al. 2015). 5l
TEFRHPALHRM (Liu et al. 2017; Xie & Tu 2017). &
ZVEYREE I (Hou et al. 2019)% . MEEE B, K
JEE W 45 (RG22 AT BLAE ST 00 T O RAE, AR 7E
B E AT R/ AR E A S . skbrdr, WL
A5 FE VRt 2 ok S Xt s 85 R A B /3 9 8 1D B
A, A TR ] T o X A BE I ARAE . (HR,
T EIRFTHR B HURE, X T SED {155, HEIELE
I JE RN T IR R 120 25 RO ER M B P e AN & e A1 1
FENTLY, FATE et SED i HUE, 4
JE A 2R B A R Ty RS T R B R B A S 2%
o .

3 SED FHI7 RS EFIL

1E LA TR th 0 T2 1, TR B2 BT T R
5311 SED w4 U BRI

3.1 SED [y i 7Ry i 55 Y

NTNHZHHE SED i R IR B 22, ANk—
fct s, FRATUA—N AR FER A CASENet (Yu
et al. 2017) %1, 0 2(a) AR, XA S 7Y (AR J2
HTEARE TMZ ResNet (He et al. 2016). &
TEEE— s ~ 55 =00 b PR A5 — (0 3 f5 A 45— A
1x 1 BHE, RAEREIEERER FO . TR
T EEE T —M 1 x 1 HERE, kb EA K
ANBIERIRBOEE AG) = (AP, AP .. APy, K
K NEGNE. SRJEEAT & F# 4% (Shared Con-
catenation), REJRHERHFEAE F™) BT E 6 705
RS B A — Sl AT P

A = {F(1)7F(2)’F(3)7A§5)’ . ,F(l),F(Q),F(?’),A(I?)},
(1)

BRR, £ A ER-AEA K AR 1 x 1 2%
BURARGH A K AMEENE SOh %K, HAPsE kA
HEAARERSE MMz E. Hih SED #4 (Hu
et al. 2019; Yu et al. 2018) #REA ST 1t o

3.2 ¥1ig

PLRTHY SED #%Y (Bertasius et al. 2015b; Hu et al.
2019; Yu et al. 2017, 2018) X X 55 o 3 Al 5z 2% 1)

AR AT IR B . fE(Yu et al. 2017) 7, 1EH 2K
TIURR M B ik R AT Sk B SR —
M ois ~ 28 Fo 00ty 4 b T SED, A — 00wty 15
— AN RBUR R EL SR, PP 25 S 2 LU e AR
viig B BN 1 x 1 BRGSO G HE AN R 25
PR Z . TR, WEMENRKELSIKE.
BB/ RHE (BRI, X EEEAE &
BEATAE XAy 28, BRSSO R I 7 B hl R 11 i 2
REE, X 28 EARAE I AE 2 W 2% I TR o BT RA,
MATTE R R B E I R R . ZAEE, T
SED 1155, AXAX fA] b 7E AR AMIC 2 AN T2 Je i 4 —
AN A K R BRI R W B 22 SO RE I B 2 R R

Yu % A (2017) 1 8 22%F CASENet H1 55—l
B~ B8 =M AL SR, BRI
FLAM 5 RV 4> FEAFAE Ay o A T 35 B 2
BB, MERTZESY IR EEE X, XEiE
SUAS BAT AREES 56 T 4044 28 53 (A TR A AR A% . e
TR AW LT Z R A RIS, M2
SE TR LA, BT DU 2 3 0 v £ 9 10 77 X e
BUUIR S5 T2 2 305 5 2108 3 MR, SHRE A 2%
5 TG DR IR 1A G AT B A, A4 2 I 2ok
LEFRGAEAER G Z XA, AR T8
R RN X FBULE RS, Fit
PN HE R A H IR S S

EAFER L, CASENet Hi%A 1 F 55 DU .
WAV, BIDEEEA res BEHAEARZMTIZEZ
(1] () 2% 1 B 0 A — A B P T R s B R I 77
e SEBR b, RIS N E] CASENet (7
% 5.2 1) I, FRKGHES (CASENet+S4) 1)
F-measure A 70.9%, TR 4E1 CASENet #°K
71.4%. XNIGFIESE T AR T ress BLEHLH 2 P
BB dhah, BN 2 5 — A2
1 x1FEHZ (Xie & Tu 2017; Yu et al. 2017) A fj 8
MR, Rk, RAVEH 715 B ikagn
TG, DA B B R gE

4 5%

B L, R AR A AN “3E 2 1
FALBIME, SR HAF 2 R (E R oR ] RE =
BEBAMEE, B, BRI E AU ca
o fEATTH, BATRM T — B4 28, 1+
SED &2 MTZE BAMS B M1
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1x1-1 conv upsample

Semantic Su

K-grouped 1X1 conv

upsample

(a) CASENet

res2c
! res3b res4b22
|
I L ][] L 11} [ [ 1] L 11}
I 1x1-1 conv a
I 1x1-1 convl upsample
|
|

res4b22 res5c
L L1 r L L1 l L L1 .
Semantic Sup
1x1-1 conv 1x1-1 con 1x1-1 conv 1x1-1 conv 1x1-K con E
upsample upsamplevl upsample upsample upsample I H K-grouped 1X1 conv
e Wy |11

shared
concatenation

I
I
I
I
I
I
J
\
Information Converter !
I
I
I
I
I
I
I
I
I
I

& 2 Fifl SED A [ H#: CASENet (Yu et al. 2017)F1fAT#E ) DDS. CASENet {3555 Fi 00 B dn 17 W8,
It BN AR R A TR E ., B2, RAMZHE DDS W2 AT A M oS #in TR . XEFEEE, 3
I s o T 3 0 28 31 TG 5% R PR e I 2 ) B B B G

4.1 AT DDS 5k

BT LA ETS, AR B 22 N 48 AR Z 7T BE T A
HHXS SED A (H2, ARV ZE g T
52 GBIz BEAMOHTER . JRATHEEED
X X 2% BEAG HEAT 1G4 I T B, KB T BAA 128
T TG R (R 32 GG D SR AR v v T2 A BRI 9 S 25 14
ENAERE. MG, AT T — B (5 B e ds,
DA BB 2 R ALE £ 27 = I I 2 2 B — B B
55 RRERELN, KIvE]naT LB R
JERCE /S ERS I E SRR, A SED AR A
B X A R R AE I

B 2(b) w7 IRATET I R 2 Ak R A5
FA1EE CASENet KA F ResNet (He et al. 2016)fF
BTG FEEE— M3 ~ 55 DO B A5 B
Feids B8 4.2 25, RMNMEE AHA R
R IEE R 1 x 1 BRUER LGN, SR
L2 M 4 4 3 e T ) ] R 3 B R/ e 3K
S 4 bR 5 28 TE S ) B I GOk I . BRATIHE

Mg BN K ANEIER 1 x 1 B
KRG A%, Hrh R EiE AR — AR
K. BAT AL S5 M5 ~ 5 P90 A
() L RAEIRAE . 18 L Gt B 5 00 i ) 1
Zro

ARG AR — M ~ 55 DU A= ) —AE I %%
BErA E = {EV ED E® EGOY, W FAN i
ERUAE SO GETIA A®) Fox. SRIEMHAEF
BHERIRATHE B L G 8]

B ={E, AP EAY E AP, ... E AP} (2)

W, B RMEENLLEIER, T/E CASENet H111)
Al REZBMREE . &5, WAOE BS BEE -
BA K HM 1 x 1 5 HGHRAE BRE 15 S0 2%,
I HE GO 2 ) A BI#EAT B . IEQ HED (Xie &
Tu 2017) 7R, 1 x 1 BFURLFHIRELE TCZ AT
BN %%
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Information Converter

Residual conv
Residual conv

—>

AN
.\

Residual conv \

o] ]
- |
[7) [7)
I I
a2 3]

3 Ik RS SRR TR R E R (B 2 R G

X3 conv
X3 conv
UM

S

4.2 5 B e

A, T SED KISt A5 B B s AF
fEo FEACH, FATZRB T — AR E B s
RIGUEFRA T B o Fdls, FR 25 W 4% U e I L B
(IR 56 5 T4k (He et al. 2016), 5&Z25 S ¥AFiE
R B E AR JC R A RS . FRATE
3 AR T —/NMRZEBRBE, BRI B IERER
ReLU MBI EHM, FHZE— ReLU ZEM%HiH
W B G — N EHRZERRE . RARHGE R
ARG T AR, JEIERES] DDS W4
fE— M b, DL 52 5] B P RAE 3 N A0S
TR 3R A B e A R 453 2K o 11 22 e 1
T R i) 5

002 1R 0 S0 25 1) M B0 7 2 25 20 1 SURR
TEMIBRIEAS S, TR E 2850 0 R i 2 10 s B
PEARB T RS . LS 3 WK,
REBAMAHSBEE, Balid )k mEE, XEHE
T E W EAE 5 ST Mg REL. Frigth mE R
s ] DLIE IR X e i RAF T e 3 O IE M R R
TEARAT BN P, IR S 6 35 ] DL JE 40 K
Tofs PS5 A ity 94 M B 5 i T DX 28 o dd X p o 2, B
TGN E — BN E RG-S, HeIEMARNH
BT BN, IREMTHE A RS s B
HWIBRPAT . |WEERIE, AL EEERE B
TAPER E B, AR R E A, BT DERATCR
M7 — R LI, JATRHIER{E &
A A AN RIS T AL P RE

TATHRE 1) X 28 0T DA Th 45 51K 2 R 4 1 15
BATERE XEE . AT S4B R, 2R
fil i 7 AN AR BB B R B e i . 5 CASENet
AN, FRATT AT DAR G i AR A0 58 o000 3 b )98 S 4 2R
M. BT MERESR RN EILGE )

T T R AN, Rk, AR IS AT
DA S 3 B8 4 1) 5 6 o

TRATVAE B R T8 P H ISk B — M
Uiig ~ EB DU, 5 ABOR R S0 R M R A LA
v R B 22 A A 2. IR — MR R B TAT— 251
(5 AT, BN HMy (%% . Al CASENet(Yu
et al. 2017)—FF, FRATIE T/ B A5 S0 ) 3R
— MG F 5 H A MG 3 2 8] 1 2 53 R R O 1) v
NG R BN ERE K (K # k) B
MGz, WA kR REINZE k ik
Fte

4.3 ARSI R AL

TERATH ZAE 5527 ST HE SR A T 1 W AN [ ) 43 2%
BRI, VSIS S0 TG G FR 3 5 A U 45 2K S 1) R £ 3
GARTMR . BAVEH W RRWE R T E NS
o BRI BAMNK ELEEY = {y;
i= 1,2, ||} e M ~ 55 DU S 0L )
Sigmoid A2 A 2% B 0T LLR IR N

Lo W)= =318 (1 —y)-log(l — P(E"™; W)

icl

+ (1= B) -y - log(P(ES™; W),

(3)

o, p=[Y*T/IY| H1-58=[Y"|/[Y]. YT Ml
Y~ 4RGSR AL G A RS, B 2
TSR m M AU R @ er=ERIBOEE. P() 2hnifE
] Sigmoid PR%Y.

XTEUE I, RS A% BEEREEN
{(YLy2 .. YELHp Y ={gh:i=1,2,---|I]}
B kNN ARG E. FEERNE, &)
BELLET 2K 5. FRATTHE 2 1000 3 1)
IR 22 b 2540 2K R B0 SUH

LE, W) ==3"3"18-(1—gF) - log(1 — P(AL); W)

+ (1= B) -5 - log(P(AL); W),
(4)

Forpt, AP RBFORELE i BT b KOWOR
{85 . S0, Bl T SCAR PR 2 B3 L e (W)
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7

AT BLE S
LiuseW) ==Y _>[B-(1 = gf) - log(1 = P(E{ ;W)
k el
+(1—B) - gF - log(P(E];; W),
(5)
Hrp, B ZAR (2) PHIMEEIER . &, B
145 5% B 0 U
LW)= > LUDL(W) + Lyuse(W). (6)
m=1,---,5

ST A 2R bR, FRATT AT A FH RE AL B F 4 (Stoch-
astic Gradient Descent, SGD) SRALAL T H S %, FA]
B AU R L(W) YIZkIF DDS &7~ N DDS-
R.

AT, Yu ZE N (2018) 2 Hh T [R5 M1 2 21 3
X%, AR, AT FFIIZRHENE, AR
R CHFD Sigmoid 28 SURH K (I B T AL
k. BT CPU LA &R, A1 ik
WNGRPI 2% I JEF FE (X T SBD #5454 (Hariharan
et al. 2011), A 28 # 1) CPU #—/> NVIDIA
TITAN Xp GPU %k, ZAE 16 KL ERINTED o
ENGZ 00, BAVEAMAIG % (SEAL) UK E
LG F—IK, %Fﬁﬁﬁﬂiﬂwm Sigmoid %8 X
TEPUR KGR FFIL LS. BB — M5t ~ 5 DU
(135K bR EnT AR R A
L5 w) == 3711 y) - log(1 — P(E™; W)

el
+yi - log(P(E{™; W), (m=1,-,4).
(7)
55 M 3 1) AR 22 B 2845 R R N

szde Z Z 1 - yz lOg

k el
+ g log(P(AL); W)

— P(AYLW))

(8)
FAUML, L s (W) FTELE LN

fuse ZZ 1—%

k i€l

+ 38 - log(P(EL ; W))].

-log(1 — P(E{ ;W)

(9)
S e A it 53 A P LA
LWwy= 3" LUW) + L puse(W). (10)

m=1,---,5

BATRGAE R L'(W) Ik DDS £oR
2y DDS-U.

4.4 SEILYR

FAEFH 25 4 (TR FE 2 SIHEZE Caffe (Jia et al. 2014)5K
SKIIRATH ELE . Frde i P 25 2 T ResNet (He
et al. 2016). FKATIEJG CASENet (Yu et al. 2017)#
WM LR RM 2 S8 1, RS
T B L R A2 B 5 i ResNet R FEFAH A FAT
LA CASENet ¥ 5 COCO %4 £ (Lin
et al. 2014) EHEATHIZR. 1% 25 10 BEATLES B
B (SGD) #4T 7AiM, &4~ SGD A BHHLHEIE
10 5kEUR, FFENEA BB PRI 352 x 352 Y
N, BUE R, (Weight Decay) FZ&E (Momen-
tum) 7 AWE N 0.0005 A1 0.9, FATEH “poly”
O] AN, B YT S R TR 2] F AR DL
(1 — curr_iter /max__iter)Pove, HH1, power BE
4 0.9. £ SBD (Hariharan et al. 2011)A1 Cityscapes
(Cordts et al. 2016) 84 -, FA17 Hliz 4T 25k /80k
K SGD AR (max_iter). X+ DDS-R I, &
SBD # Cityscapes #44E FRIWIUG S 21 %5500 % B
N 5e-7/2.5e-7. %t DDS-U HIIZR, IZRIFIRIT
kSRR K. ik, XFF SBD #1 Cityscapes,
ITE LA 1e-8 A 8 5 o] 20 W 48 HEAT 3k II%AR
WGk, SRIEMA 1e-7 MY > 2 UL LR RIAEF
WEKSEN G BAMEHTE SBD EIZRBIE kN
i PASCAL VOC2012 ##54k, M =HrlZe. Ml
i ) RAF AR B RRZ R, RERER
R ] 8 R AR . A SR 58—
NVIDIA TITAN Xp GPU #1T.

5 K
5.1 SLHRE

BIEE. A5 HAE SBD (Hariharan et al. 2011),
Cityscapes (Cordts et al. 2016) 1 PASCAL VOC2012
(Everingham et al. 2012) (44 EIFIIFRATHI 7.
SBD #{#i4E (Hariharan et al. 2011)@)A 11355 5K &
BAAERL BEA Pascal VOC 20 ZEFRZE G LN %%
K. BRI A 8498 K UIZREG AN 2857 5Kl Kl
B B (Yu et al. 2017)—F¢, FRAMEHIZREER LR
Fr it 1) DX 8% A P R B 3T VP . Cityscapes 4
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#F 1 4ffH (Hariharan et al. 2011)H )5 45 54T, DDS-R/DDS-U LK ERISEE/E SBD #(#E4E (Hariharan et al. 2011)
/) ODS F-measure (%). #4HHRAEVERE AR L B8,

Methods H aer. ‘ bike ‘ bird ‘boat ‘ bot. ‘ bus ‘ car ‘ cat ‘ cha. ‘ cow ‘ tab. ‘ dog ‘ hor. ‘mot.‘ per. ‘ pot. ‘ she. ‘ sofa ‘train‘ tv H mean
Softmax 74.0|64.1 |64.8|52.5[52.1|73.2|68.1|73.2|43.1|56.2|37.3|67.4|68.4|67.6|76.7|42.7|64.3|37.5|64.6|56.3 | 60.2
Basic 82.5|74.2(80.2 |62.3|68.0|80.8|74.3|82.9|52.9|73.1]46.1|79.6|78.9]|76.0|80.4|52.4|75.4|48.6|75.8|68.0| 70.6
DSN 81.6 | 75.6 | 78.4|61.3|67.6 |82.3|74.6|82.6|52.4|71.9[45.9|79.2|783|76.2(80.1|51.9|74.9|48.0|76.5|66.8| 70.3

CASENet+S54| 84.1|76.4|80.7 | 63.7 | 70.3 | 81.3|73.4|79.4|56.9 | 70.7 | 47.6 | 77.5|81.0 | 74.5 | 79.9 | 54.5 | 74.8 | 48.3 | 72.6 | 69.4 || 70.9
DDS\Convt || 83.3|77.1|81.7|63.6|70.6 | 81.2|73.9|79.5|56.8|71.9|48.0|78.3|81.2|75.2|79.7|54.3|76.8|48.9|75.1|68.7 71.3
DDS\DeSup || 82.5|77.4|81.5|62.4|70.8 |81.6 | 73.8|80.5|56.9 | 72.4 | 46.6 | 77.9 | 80.1 | 73.4 | 79.9 | 54.8 | 76.6 | 47.5 | 73.3 | 67.8 || 70.9
CASENet 83.3|76.0|80.7|63.4|69.2 |81.3|74.9|83.2|54.3|74.8|46.4|80.3|80.2|76.6|80.8|53.3|77.2|50.1|75.9|66.8| 71.4
DDS-R 85.4|78.3(83.3|65.6|71.4|83.0|75.5|81.3|59.1|75.7|50.7|80.2|82.7|77.0|81.6|58.2|79.5|50.2|76.5|71L.2| 73.3
DDS-U 87.2|79.7|84.7/68.3|73.0(83.7|76.7 | 82.3 |60.4|79.4|50.9|81.2|83.6|78.382.0|60.1|82.7|51.2|78.0|72.7|| 74.8

% 2 7E SBD ##li%E (Hariharan et al. 2011) &, SSTEBHAHBUITHHEBAT . &5 K20 H (Hariharan et al. 2011) 4
URFEHER) ODS F-measure (%). BFIMEEMRE AR H EoR.
Methods H aer. ‘ bike ‘ bird ‘boat‘ bot. ‘ bus ‘ car ‘ cat ‘ cha. ‘ cow ‘ tab. ‘ dog ‘ hor. ‘mot.‘ per. ‘ pot. ‘ she. ‘ sofa ‘train‘ tv Hmean

1 conv unit || 85.2 | 78.1 | 82.8 |66.0|71.8|83.2|75.6|80.9 | 58.7 | 75.5|49.8 | 79.9 | 82.4 | 76.6 | 81.2 | 57.5 | 79.2 |49.9 | 76.2 | 71.2 || 73.1
3 conv unit ||85.8|78.7|83.5|66.0(71.8/83.6|75.4|81.4|58.9|76.9|49.5|80.4|83.0| 76.7 |81.7|58.3|80.2|51.3| 76.0 |71.5| 73.5
w/o residual || 85.3 [79.0(83.7 | 65.5 | 70.9 |83.6| 75.2 | 81.1 | 58.6 | 75.5 | 49.9 | 79.3 | 82.3 | 76.8 | 81.3 | 57.7 | 79.3 | 50.6 | 76.6| 70.9 || 73.1
DDS-R 85.4|78.3(83.3|65.6|71.4(83.0|75.5|81.3(59.1|75.7|50.7|80.2|82.7|77.0|81.6|58.2|79.5|50.2|76.5|71.2] 73.3

& 3 SBD iﬁﬁ%t(Hariharan et al. 2011) SE S W]
PEZE R . 25 2% A (Hariharan et al. 2011) 5 JR 4G FE 14 (1)

ODS F-measure (%),
Methods || DSN [ CASENet |
ODsS | 766 | 764 ]

SR AT (Yu et al. 2018) A% A Lt (Hariharan
et al. 2011) B AE 5E = RN, DAVEIE Sk
%. (Yu et al. 2018)ff) BLAA &2 SE B BUK A %%, iX
Lj(Hariharan et al. 2011) 9 FH SE 51 A SO 1) 14 2%
ANFl. He4h, (Hariharan et al. 2011) ERIAFEULHC 2 H
B AL ZAE . (Yu et al. 2018)iE— 52 H ¥ R
GE TIN5 A AR G P FLE B BEAT ILAC, 3 Ah s 0 DA
I BB 00 AR “Raw” M1 “Thin”. 7EAS
t, FATN(Yu et al. 2018)FFEHETTS T “Thin”
M “Raw” MIgER. FRATESNE(Yu et al. 2018) K9 54k
(1) SBD %44 (Hariharan et al. 2011) % & JLECEE 29
ANFEN 0.02, NEFFRER SBD FHE4E(Yu et al.
2018) W B IVLECFE B A 24 0.0075, A Cityscapes %1
PEEE (Cordts et al. 2016) & E N 0.0035, VOC2012 %

DDS-R
79.3

P4 (Cordts et al. 2016)& — K KE Lo E1%5L
B, WERE 50 MR HEIE S Id R
SEARRRAT 5o B 5000 5K EMR AR, 41 2975 7k
MZREE . 500 FKIGIER B 1625 FKMREE. H
TR AR A — AN BT 0B o3 R S5 B AR M TE 26 5%
2, Ve BB ARG . B, FATEH N2
ST IR, RS UE AT I 15 S5 R
£ PASCAL VOC2012 (Everingham et al. 2012) H

1464 K IZ5. 1449 5KIGUEFN 1456 7KK EHR 4%,
XEEE B S SBD i B AMIER 20 MM H
T 5 Cityscapes HHE KR EH, AL B8 RS
REAT TATERB—FBR T SBD JIZR G HH %
IESE, MTF=AE 904 ANIGIUE G . FRATTAE A X AN B
ISUFEANTE SBD VI Zh4E LI SRRk AR & A 7y
ERZAE

TEMFEFR. 9 7 AT IEREVEI, FRATRA T JLMARHE
PR AE A AT SR S HO E . A
T e fd A (Hariharan et al. 2011) 1 1 3% R PRI &
AR FIHER - E R . XTI SR e, &
IR FHULBCPE A 228 0.02 MIERIA I E . FRAT
i AR R IR ERE (ODS) T &K
F-measure (F,,) FFTA 01345 K F-measure.

Y& 4 (Everingham et al. 2012)°K 0.02. % T SBD
M VOC2012 HEdE, K2 5 MEER % IE N EEBIL
F&y X T Cityscapes Zda4E, MIAK A4

BATEAE(Yu et al. 2018) )y 5451 R AN S 45 A
BURAIL A K “Thin” f1 “Raw” FIEAEK. B~
A (3 2 AT 4R G X A B R RS S AR BN 5 1
WS B Z BT FE (Acuna et al. 2019; Hu et al.
2019; Yu et al. 2017, 2018) —#¥, A TK Cityscapes
K A 1 B FRURD TN 114300 2% PR 446 /0 3 DR R~ i —
2 DU PE I T

3 Z BT EROTER. S 75 A v AT e RE L
B BRATE FH A 2 A ) ER DA AR A A0 P I A Y
KA IA G TN, 1EFE, Wi (Hariharan et al.
2011)F I FE bR, FATLE Cityscapes H¥s 5 13 3|



BT AN R TR M AT UL 2R AR

T 5 CASENet (Yu et al. 2017) RNEPERISEH CGF
IF), IXZFN CASENet ff /T AN IE# 1 BAE L 2%
TORFESRNG, WA SEAL (Yu et al. 2018)#
7R RFE. BARRIUL, CASENet B0 HEAEMIANL
Gt AT N RAEAE L HE R AR R BRI — 2, XK
SHAEL W EAEN L. HE, ATRYE SEAL, &
et FARLTE o BB HEAT T ORAE, SRS AR RAE
J& 14y BB b A A 2%

5.2 THRSEL

EH B4 1 DDS 5k 5 8Os i 7 ikt A th i 2

i, FAJEAE SBD HHELE (Yu et al. 2018) EEATH

RSRES, DAMNEAS M R S8 ) DDS &% ik,

AR 7754 DDS A1k

— Softmaz, (EHTZE CGERMED JERMNAS
21 K1 softmax K RE, TRBANIINMEE
WEAES, FTUEMEEIAE — M E R
HFREE o

— Basic, HTNE CGEILMug) HE4T 2 5285
K, REWRERMNEEELE resse LEEHIRK
¥ L0 (W) Sk Zrkiml 28

— DSN, B R E RN SEE R, Hhd
T M2 R — Ml A E S — N A K ANt
W1 x 1 BRERLI SED, FHfs T RE %
AN i ) 983 Pl DA A R X PR S %%

— CASENet+S4, ML T CASENet, {H Ak % &
T MG, JPERR RS — 1 x 1 B
JERA R — A BB TE RFE ], T CASENet X
A3 ER — M3 ~ 35 =035 A0 28 o o

— DDS\ Convt, #Fx T DDS W ifE B4, M
TS AR B BN INTE B — M 2 )5

— DDS\DeSup, #Fx7T DDS 2 —Mk ~ 2504
e R MR, (AOREE T8 B s,

JITA 3 6 3 AR AR R INASLFA) 453 2K R B CEI A 20 (6)
BX T Softmaz) FURLEMN SBD ik irilgs, LA
1T AL

FATHE SBD ##5 4 b f FH (Hariharan et al. 2011)
o R R PRI X Se AR AR DL SRR ) DDS(Yu et al.
2017)f1 CASENet(Hariharan et al. 2011). 345
Rk 1 Prox. ATLAER], Softmaz MIVEREHIE T
B o BRI g i 40 IO 28 T 1) 9 S0 0 AR A B 5
fnEn EE, LA NMER S ENMREEAS

DSN CASENet DDS-R

[r—

7

4 DSN. CASENet fl DDS-R HIEM L. 8147 J&
ARG, BAEBMEN S e ZEEkE SBD 44
#£(Hariharan et al. 2011). 25 47 @A [F 7 4 0
BNk, FE=AT: AL —ANBOR I XK. S5094T: T
TSR, &a—47: MK ARLR. G, 26, [
ERMEAER RS BCEERE 0.5 RN, ek, &
ISH e 8 9 1

EH. Bk, AEARX @) A1 2K (5) HEH
L&, Basic MK ODS F-measure 1%k
T 70.6%, [ DSN & 0.3%. iXE—BI00E 7 FA]
FEES 3 TR MR, RURZRHEX T8 X7 2K
WA RN 1. s, CASENet+S4 HIPEREMR
T DSN, RPRZEEHRRHEEIE AT (HAL%N
M. MH, CASENet+Sj 1] F-measure ik T JEA M)
CASENet.

Hft24 DDS MREF? M DDS\DeSup % DDS-R
etk B, DDS WIRIIFARFANINTHEZ
Mz (BB, MR REEESE BRI
Z I A, IINEE 2 B AR B R
Al e A X S S SR AS S I A . K DDS\ Conut 5
CASENet [f145 Rt 47 L, FAS H 0458 5 (Yu
et al. 2017)— 2, HVEEAAEMRZRN_(Eh% 0%
BAEATME -
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% 4 DDS-R/DDS-U FiHAt77747E SBD £#i4E (Hariharan et al. 2011) ] ODS F-measure (%), 53511 A PERE DO 4

RiER,
Methods H aer. ‘ bike ‘ bird ‘boat‘ bot. ‘ bus ‘ car ‘ cat ‘ cha. ‘ cow ‘ tab. ‘ dog ‘ hor. ‘mot. ‘ per. ‘ pot. ‘ she. ‘ sofa ‘train‘ tv Hmean
With the evaluation metric in (Hariharan et al. 2011)

InvDet 41.5146.7 | 15.6 | 17.1 | 36.5 | 42.6 | 40.3 | 22.7 | 18.9(26.9 | 12.5 | 18.2 | 35.4 (29.4 | 48.2|13.9|26.9 | 11.1|21.9 |31.4 || 27.9
HFL-FC8 || 71.6 | 59.6 | 68.0 | 54.1 | 57.2 | 68.0 | 58.8 | 69.3 | 43.3 | 65.8 | 33.3 | 67.9 | 67.5 | 62.2 | 69.0 | 43.8 | 68.5 | 33.9 | 57.7 | 54.8 || 58.7
HFL-CRF||73.9|61.4|74.6 | 57.2 |58.870.4|61.6|71.9|46.5|72.3]36.2|71.1|73.0|68.1|70.3|44.4|73.2|42.6|62.4|60.1 || 62.5

BNF 76.7160.5|75.9|60.7 | 63.1|68.4]62.0|74.3|54.1|76.0|42.9|71.9|76.1|68.3|70.5|53.7|79.6|51.9|60.7 | 60.9|| 65.4
WS 65.9 | 54.1 | 63.6 |47.9 | 47.0| 60.4 | 50.9 | 56.5 | 40.4 | 56.0 | 30.0 | 57.5 | 58.0 | 57.4 | 59.5 | 39.0 | 64.2 | 35.4 | 51.0 | 42.4 || 51.9
DilConv || 83.7|71.8|78.8|65.5|66.3|82.6|73.0|77.3[47.3|76.8|37.2|78.4(79.4|75.2|73.8|46.2|79.5|46.6|76.4|63.8| 69.0
DSN 81.6|75.6|78.4|61.3|67.6|82.3|74.6|82.6|52.4|71.9|45.9|79.2|783|76.2|80.1|51.9|74.9|48.0|76.5|66.8| 70.3
COB 84.2172.3|81.0|64.2|68.8|81.7|71.5|79.4|55.2|79.1|40.8|79.9|80.4|75.6|77.3|54.4|82.8|51.7|72.1|62.41| 70.7
CASENet || 83.3 | 76.0 | 80.7 | 63.4 | 69.2 | 81.3 | 74.9 |83.2| 54.3 | 74.8 | 46.4 | 80.3 | 80.2 | 76.6 | 80.8 | 53.3 | 77.2 | 50.1 | 75.9 | 66.8 || 71.4

SEAL 85.2|77.7|83.4(66.3|70.6|82.4|752|82.3|58.5|76.5|50.4|80.9|82.2|76.882.2|57.1|789|50.4|75.8|70.1| 73.1
DDS-R || 85.4|78.3|83.3|65.6|71.4|83.0|75.5|81.3|59.1|75.7|50.7|80.2|82.7|77.0|81.6|58.2|79.5|50.2|76.5|71.2]| 73.3
DDS-U ||87.2|79.7|84.7(68.3|73.0|83.7|76.7| 82.360.4|79.4/50.9(81.2(83.6|78.3|82.0 |60.1| 82.7|51.2|78.0|72.7| 74.8

With the “Thin” evaluation metric in (Yu et al. 2018)
CASENet || 83.6 | 75.3| 82.3 | 63.1 | 70.5 | 83.5 | 76.5 | 82.6 | 56.8 | 76.3 | 47.5 | 80.8 | 80.9 | 75.6 | 80.7 | 54.1 | 77.7 | 52.3 | 77.9 | 68.0 || 72.3

SEAL 84.5|76.5|83.7164.9|71.7|83.8|78.1|85.0|58.8|76.6|50.9|82.4|82.2|77.1|83.0|55.1|78.4|54.4|79.3|69.6]| 73.8

STEAL || 85.2|77.3|84.0|65.9|71.1|85.3|77.5|83.8|59.2|76.4|50.0|81.9|82.2|77.3|81.7|55.7[79.5|52.3|79.2|69.8| 73.8
DDS-R || 85.6|77.1|82.8|64.0|73.5|85.4|788|84.4|57.7|77.6|51.9|81.2|82.4|77.1|82.5|56.3|79.5|54.5|80.3|70.4| 74.1
DDS-U || 86.5|78.4|84.4|67.0|74.3|85.8|80.2|85.9|60.4|80.8/53.9|83.0|84.4|78.8|83.9|58.7|81.9/56.0|82.1|73.0|| 76.0

DFF 86.5|79.5|85.5(69.0|73.9|86.1|80.3|85.3|58.5|80.1|47.3|82.5|85.7|78.5|83.4|57.9|81.2|53.0|81.4|71.6]| 75.4
DDS-R ||86.7|79.6|85.6|68.4|74.5|86.5[81.1|85.9(60.5|79.3 | 53.5 |83.2| 85.2 |78.8|83.9|58.4 | 80.8 | 54.4 | 81.8 | 72.2 || 76.0
With the “Raw” evaluation metric in (Yu et al. 2018)

CASENet || 71.8 | 60.2 | 72.6 | 49.5 | 59.3 | 73.3 | 65.2 | 70.8 | 51.9 | 64.9 | 41.2 | 67.9 | 72.5 | 64.1 | 71.2 | 44.0 | 71.7 | 45.7 | 65.4 | 55.8 || 62.0

SEAL 81.1]69.6 | 81.7 | 60.6 | 68.0 | 80.5 | 75.1|80.7|57.0|73.1|48.1|78.2|80.3|72.1|79.8|50.0|78.2|51.8|74.6|65.0| 70.3

STEAL || 77.2|66.2|78.9|56.863.2|77.8|71.9|75.3|55.0|69.4|43.8|73.1|76.9|69.8|75.5|48.3|76.2|47.7|70.4]|60.5 || 66.7
DDS-R || 80.5|68.2|78.6|56.4|67.6|80.9|72.7|77.6|55.4|70.9|47.0|74.9|77.5|70.0|77.4|50.9|75.7|50.7|74.5|65.5| 68.6
DDS-U ||83.8(71.8(82.1(61.7|70.4|82.9|76.9|80.8/58.5|77.1({49.9|77.8(81.5|73.5|81.0|52.9(/81.3|53.0|76.369.1|| 72.1

DFF 77.6165.7]79.3|57.2|65.5|78.5|72.0|76.2|53.7|71.9|42.5|72.0|77.0|68.8|75.1|50.6|76.6|46.9|71.9|63.6| 67.1

DDS-R || 79.2|67.6 | 77.7 | 58.7 | 65.9 | 81.0 | 72.9 | 76.6 | 55.8 | 70.3 | 47.6 | 74.0 | 76.9 | 68.8 | 76.5 | 52.5 | 77.0 | 48.8 | 72.8 | 65.7 || 68.3

# 5 DDS-R/DDS-U FIFHAh 77245 B FibriE ) SBD %54 (Hariharan et al. 2011) L) ODS F-measure (%). &EFIIHLE

PERE VAR R H SR

Methods H aer. ‘ bike ‘ bird ‘boat‘ bot. ‘ bus ‘ car ‘ cat ‘ cha. ‘ cow ‘ tab. ‘ dog ‘ hor. ‘mot. ‘ per. ‘ pot. ‘ she. ‘ sofa ‘train‘ tv Hmean

With the evaluation metric in (Hariharan et al. 2011)

DSN 83.8|73.6|76.0(61.4|69.2|84.2|74.8|82.0(53.5|73.7|45.3(81.9|79.9|73.0(83.5|55.0|77.2|51.9|80.6|66.7| 71.4
CASENet || 84.8 [ 72.8 | 77.9|62.6 | 70.9 | 83.5| 73.4 | 81.7 | 54.7 | 75.6 | 44.8 | 82.6 | 82.0 | 74.0 | 83.0 | 53.5 | 77.8 | 51.7 | 78.7 | 63.8 || 71.5
SEAL || 85.5|74.9|80.9|64.7|70.4|85.9|76.5|84.3|58.3|74.2|47.7|84.0|82.4|76.1|85.7|59.1|80.1|54.0|81.1|67.1]| 73.7
DDS-R || 86.6 | 76.4 | 79.7 | 65.7 | 72.7 |86.0| 77.3 | 83.4 | 58.5 | 77.5 | 51.7 | 83.4 | 82.6 | 76.5 | 84.9 | 59.6 | 80.4 | 55.2 | 81.5 | 69.6 || 74.5
DDS-U ||88.2|77.1|82.4|67.9|73.0|85.6 |79.2|85.2|60.6|80.5|53.2|84.2|84.0|77.5| 85.5 |62.9|83.2|56.8|82.4|71.7|| 76.1
With the “Thin” evaluation metric in (Yu et al. 2018)

CASENet || 74.5 | 59.7 | 73.4 | 48.0 | 67.1 | 78.6 | 67.3 | 76.2 | 47.5|69.7 | 36.2 | 75.7 | 72.7 | 61.3 | 74.8 | 42.6 | 71.8 | 48.9 | 71.7 | 54.9 || 63.6
SEAL || 78.0|65.8|76.6|52.4|68.6|80.0|70.4|79.4|50.0|72.8|41.4|78.1|75.0|65.5|78.5|49.4|73.3|52.2|73.9|58.1]| 67.0
STEAL || 77.1|63.6|76.2|51.1|68.0|80.4|70.0|76.8|49.4|71.9|40.4|78.1|74.7|64.5|75.7|45.4|73.5|47.5|73.5|58.7 || 65.8
DDS-R || 79.7 | 65.2 | 74.6 | 51.8 | 71.9 | 81.3 | 72.5 | 79.4 | 49.2 | 75.1 | 43.9 | 77.8 | 75.3 | 65.2 | 78.9 | 51.1 | 74.9 | 54.1 | 75.1 | 61.7 || 67.9
DDS-U ||81.4|67.6|77.8|55.7|70.9|82.0|74.5|81.2|52.1|76.5 |47.2|79.6| 77.3 |68.1|80.2|53.4|78.5|56.1| 76.6 | 63.9 || 70.0
DFF 78.6 166.2 | 77.9(53.2|72.3(81.3|73.3|79.0(50.7|76.8|38.7(77.2|78.6|65.2|77.9|49.4|76.1|49.7|74.7]62.9]| 68.0
DDS-R || 78.8 |68.0|78.3|55.0 | 71.9 |82.4|74.6| 80.5 | 52.0 | 74.0 | 42.0 | 78.3 | 77.1 | 66.1 | 78.5|49.3 | 77.5 | 49.3|76.9|64.8 || 68.8

With the “Raw” evaluation metric in (Yu et al. 2018)

CASENet || 65.8 | 51.5 | 65.0 | 43.1 | 57.5 | 68.1 | 58.2| 66.0 | 45.4 | 59.8 | 32.9 | 64.2 | 65.8 | 52.6 | 65.7 | 40.9 | 65.0 | 42.9 | 61.4 | 47.8 || 56.0
SEAL || 75.3|60.5|75.1|51.2|65.4|76.1|67.9|75.9|49.7|69.5|39.9 |74.8]72.7|62.1|74.2|48.4|72.3|49.3|70.6 | 56.7 || 64.4
STEAL || 70.9(55.9|71.6 |47.6 | 61.5|72.6 | 64.6 | 70.2 | 47.5 |67.4 | 37.3| 70.6 | 69.4 | 59.1 | 69.2 | 44.3 | 69.1 | 42.6 | 67.7 | 53.5 || 60.6
DDS-R || 75.6 |61.1|71.0|49.5|67.7|76.1|67.2|74.2|48.8|69.1|40.4|72.5|71.7|60.4|73.4|49.6 |70.6 |49.5|71.9|59.4 || 64.0
DDS-U ||78.4|62.7|75.6|53.4|67.8|78.5|71.4|77.4|51.3|72.8|44.5|74.7|74.8|64.3|76.3|51.9|77.3|51.9|73.7|62.9|| 67.1
DFF 72.3|58.4|73.4(48.7|65.4|74.8|66.4|72.5|47.8|70.1|34.7(69.2|71.5|58.7|70.2|47.5|71.2|43.7|69.5|59.1|| 62.3
DDS-R || 74.261.2|71.3|51.9|65.5|77.3|68.0|73.8|50.0|66.0|39.4|70.8|70.5|58.9|71.8|49.0|72.6|44.7|71.6|62.2|| 63.5

XTHRLE DDS Mg, B, EREMIZ
fEFIAN TR 3 2 A 7 SO P 3R AT M B T DA o
ANEEHIRE S > o BTk, 2] B E R
AR e i TR S 4 FefE B (B, ERATIREL

T, BTN (6) TRERE, ATRERAE

HATE G PR ML B A5 5

EEEE)

15 B RAEAR)Z IR0

RPN TR DGR E TR M, FATER
B, I8 S AR R AR R i, BA TR LA
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IER B MRS TR, PrifthniE T rER
e AS AR AR AR R AT IR TE O I0 Zisy I e 72 O
TR XK, SR BIRZEIRIZE 1A% 2 90 5 5 2 14
T, NI BT 2 S AL A% . EATEH
RMNE R R R BRI AE 5. XA D,
RN EATTRT LB B el /= B /3o i s 1) B it
T, MIMNSEBLER) SED 7= A4 B A 858 X )
ALK

AT DDS-R/DDS-U A% T CASENet+8)

1 DDS\ Convt 11553 MERESETHIE W T HRA T BT
I, RIEAS [F) 0005 1 45 2 20 2 i 1o IR A
B BATEERR], i Al A5 2K R HOR
FIIL % (Yu et al. 2018), DDS-U [JH:fELL DDS-R
BT,

EFEBHEBRENRITAITIE. ASCEEIT R IR T
SED BB 21e, HiZo~E BEIRENT
#, MAREREEER. Bk, BATET T
HE BRHA, EHWNESL IR ESE I TH
Ao IXHL, FRATREX AT T RSE, SRR
INTERR 2 W o AT T = AR R B 2 %t 1)
A 1B i) BA 3 MBI iil) BR
RICH A R EEEN R (BEIENERRI. o
DILERE], B 3 ANMkESFEIOE BRI
57 AR, (HEMNESR 2 MRZESFRITH
GRS O A T R IR R
Ao (R EHATRUET, AT 2 MREGTRAEN
NN A

IHAGEMBILE. N TIEW GG B a2 5
WhSEEE 1R SUAZ e, TATZRGAE SUhREE, I
Xf P i i) DDS A RART I 75928547 1 285 TC R v
Mo %€ — kA B, SED J7id NS0 A i
WGHEZE . T — K BB AE R To 5% L 2
K, fERMER L, AT 0 B R il 2
MR NIZB R KRN TR L &R X T
HEHPENMER, WRAERFENEZER LR
[0, MEZGERUAEENLRLEGE R R
Ja, BAME H (Hariharan et al. 2011) 77 (A i = gt
TP EE 3, FRATTKIL DDS AJ BLE 3 42 &l
GE AL IHERRTE,  1X R WIAE N 241K 2 St 200 T 5%
WL B IR AN T L% EA . fEHZR T DDS 1)
ZRARAIEE TN EN A SR, AT A4S

DSN-Horse

DSN-Person CASENet DDS-R

K

Horse

Side-5 Side5-Person

5 K& 4 drfm N R RIS EOE . BT 5153 5 fE 2~ DSN
XTI RN B0 53 G - ‘ISP B3 il g s CASENet Al
Jri i) DDS-R S8 — % ~ 55 = 0035 i RFAE LA A 5 .0
Ui R 43 S0 - 1X S G R B I K BE PRI Y [0, 255] 3RkA5
. TEVER, PTAWOE Y E R T AT IR A
Sigmoid E%0 .

% 6 SBD ###4:(Hariharan et al. 2011) 45k KR 1-F35

ZATHL[A]
Methods
Time (s)

SEAL
0.166

DSN
0.171

CASENet
0.166

DDS
0.175

THATMITEIE RN AR, TR 5 LR B8 i 7
IRIEAT T IR

5.3 SBD IR

FTAHE SBD %4 4 (Hariharan et al. 2011) k., #
DDS-R/DDS-U 5 & i1 77 5347 L, 4% In-
vDet (Hariharan et al. 2011). HFL-FC8 (Bertasius
et al. 2015b). HFL-CRF (Bertasius et al. 2015b).
BNF (Bertasius et al. 2016). WS (Khoreva et al.
2016). DilConv (Yu & Koltun 2016)+ DSN (Yu et al.
2017). COB (Maninis et al. 2017). CASENet (Yu
et al. 2017). SEAL (Yu et al. 2018) STEAL (Acuna
et al. 2019) DFF (Hu et al. 2019). HT DFF &5
CASENet FATAR R 173 #7168, R BRAT R
DDS-R %/ #| DFF #'LUEH] DDS-R HJm 9 feft.
Xt T2 DFF §) DDS-R, ATRHA 5 54 DFF Al
[ AR SE I AT I R SR
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bird

horse

aeroplane bicycle boat bottle bus car cat chair cow

dog motorbike person potted plant sheep sofa train tv monitor

dining table

Original Images

Ground Truth

DSN

CASENet

SEAL

DDS-R

DDS-U

6 SBD %454 (Hariharan et al. 2011) ¥ —2eRx ], I BRI TR Bieeis. FEIE. BEEE. DSN. CASENet (Yu
et al. 2017). SEAL (Yu et al. 2018). Fi#&Hi ) DDS-R 1 DDS-U. FATENE(Yu et al. 2018) I gmtid Prill .

LRI 4 s, DDS-U EFTA 7Lk 7
RS, Ht(Hariharan et al. 2011) 9 B FE4RTT &,
FriR ) DDS-U #£ ODS F-measure b SEAL 7
1.7%, b CASENet & 3.4%, FTLA, DDS-U ik % T
HritrERe. FATEMEZE], DDS-R tBA] Lk DFF
(Hu et al. 2019)fJPERE. Kk, $2H ) DDS #f LA
EERIERE SED M—Mtkr B . M CASENet #
DDS # Tt kT STEAL 427, 4h, InvDet

(Hariharan et al. 2011)& — M FIEIRE S ST
2, HHAMEMOTEAL, B B S SI4
H. COB (Maninis et al. 2017) & —Fh5EiE 12851
KL%, #HE DilConv (Yu & Koltun
2016) T o3 FIAH 2S5 & n] 19 3 e v R 118 SCL 4
M2, COB T DilConv Jz Wt T & [/l & 5k 1
%M. CASENet Al DDS-R/DDS-U #BffF COB
YOI T B B A G B, ROy —HiL
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F 7 DDS-R/DDS-U Fl1HAh 5IELE Cityscapes ##E4E (Cordts et al. 2016) L[] ODS F-measure (%). 5 H i ENERE LA

HHAERHER.
Methods ‘road‘ sid. ‘ bui. ‘wall ‘ fen. ‘pole ‘light‘ sign ‘ veg. ‘ ter. ‘ sky ‘ per. ‘rider‘ car ‘ tru. ‘ bus ‘ tra. ‘mot. ‘ bike Hmean
With the evaluation metric in (Hariharan et al. 2011)

DSN 87.882.5(83.2|55.2|57.5(81.4|75.9|78.9|86.6|66.1|82.3|87.9|76.2|91.0|55.4|73.2|53.9|61.6|85.4| 74.8
CASENet | 87.282.2(83.0|53.7|57.9|82.9|78.7]79.2|86.0|65.8|82.7|88.0|77.1{90.3|50.6|72.1|56.1|63.5|85.3]|| 74.9
PSPNet |58.7(79.9|73.0|58.4(59.8|79.3|75.3|75.5|76.7|66.0|70.2|80.1|74.6|84.2|63.1|76.6|70.3|64.5|76.1|| 71.7
DeepLabv3+|39.2|32.8|39.5| 9.0 | 7.0 |25.2|12.5|19.6 | 34.6|10.2|23.6 |22.7|12.0|224| 2.3 |11.1| 9.5 | 6.0 |14.0|| 18.6
SEAL 88.1(84.5(83.4|55.3|57.2|83.6|78.6|79.7|87.3]69.0|83.5|86.8|77.8|87.2|54.5|73.1[49.0|61.8|85.3| 75.0
DDS-R |90.5|84.2|86.2 | 57.7|61.4 |85.1 |83.8|80.4|88.5|67.6 88.2(89.9|80.191.8|58.6|76.3|56.2|68.8|87.3|| 78.0
DDS-U |90.3 |85.3/86.7|58.8/61.5|86.9(84.7(83.0|/89.3|69.8(88.2(90.3|80.5|91.7|62.5|77.4|61.5|70.5|87.3|| 79.3

With the “Thin” evaluation metric in (Yu et al. 2018)
CASENet |86.2|74.9|74.5|47.6 |46.5|72.8|70.0|73.3|79.3|57.0|86.5(80.4|66.8|88.3(49.3|64.6|47.8|55.8|71.9]| 68.1

SEAL 87.6 | 77.5|75.9 | 47.6 |46.3|75.5|71.2|75.4]80.9|60.1|87.4|81.5|68.9|88.9|50.2|67.8|44.1|52.7|73.0| 69.1
STEAL |87.8|77.2|76.4(49.5|49.2|74.9|73.2|76.3|80.8|58.986.8(80.2|69.0|83.2|52.1|67.7|53.2|55.8|72.8]|| 69.7
DDS-R |86.1|76.5|76.1|49.8|49.9 |74.6|76.4|76.8|80.4|58.9|87.2|83.5|70.7|89.6|52.9|71.5|50.4|61.8|74.4| 70.9
DDS-U [89.2(79.2|79.0(51.9(52.9|77.5|79.4|80.3|82.6|61.4|88.8|85.0|74.1{91.1{59.0|76.0(55.7|63.6|76.3|| 73.8

DFF 89.4 180.1|79.6 | 51.3 |54.5| 81.3 | 81.3 |81.2| 83.6 [62.9(89.0 | 85.4 | 75.8 | 91.6 | 54.9 | 73.9 | 51.9 | 64.3 | 76.4 || 74.1
DDS-R (89.7|79.4|80.4|52.1|53.0 |82.4|81.9|80.9 |83.9| 62.0 |89.4|86.0|77.8/92.3|59.8|74.8 | 55.3 (64.4|77.4|| 74.9

With the “Raw” evaluation metric in (Yu et al. 2018)
CASENet |66.8 |64.6|66.8|39.4|40.6|71.7|64.2|65.1|71.1|50.2|80.3|73.1|58.6|77.0|42.0|53.2|39.1|46.1|62.2| 59.6
SEAL 84.4|73.5|72.7|43.4|43.2|76.1 | 68.5|69.8 | 77.2|57.5(85.3|77.6 | 63.6 | 84.9 |48.6|61.9|41.2|49.0 | 66.7 || 65.5
STEAL |75.8]68.5[69.8(34.9|36.1|73.4|66.7|67.7|73.5|49.7|78.7|72.9|59.1|76.5|35.3|52.8|37.7|43.8|63.7|| 59.8
DDS-R [73.3(65.9|70.9]33.2|37.4|76.8|70.1|70.2|74.6|50.4|80.6|77.9]|62.6|82.5|37.1|55.0|32.0|49.4|66.1|| 61.4
DDS-U |[83.5(74.2|76.0|37.5|40.7|79.5|75.6 | 75.3|79.3|55.7 |85.3|81.1|67.1|87.9|44.6 |63.4|40.4 | 52.3 | 70.0 || 66.8
DFF 72.8 68.3|72.6(37.2(42.2|79.6|75.0|73.9|75.3|51.4|80.8|78.6|69.4|83.0|44.1|56.7|38.4|52.0|68.8] 64.2
DDS-R [80.8|70.8|76.4|38.9|41.1|80.0|78.2|76.3|79.2|53.2|82.5|81.8|72.2|86.2|44.8|59.5|37.6 |55.7|71.3|| 66.7

% 8 DDS-R/DDS-U FIHAh777:7E VOC2012 4 (Everingham et al. 2012) L# ODS F-measure (%), &5 M6
PURAR R R
Methods H aer. ‘ bike ‘ bird ‘boat‘ bot. ‘ bus ‘ car ‘ cat ‘ cha. ‘ cow ‘ tab. ‘ dog ‘ hor. ‘mot. ‘ per. ‘ pot. ‘ she. ‘ sofa ‘train‘ tv Hmean

With the evaluation metric in (Hariharan et al. 2011)
DSN 83.560.5|81.8 | 58.0 | 66.4 | 82.7 | 69.9 | 83.0 | 49.7 | 78.6 | 50.8 | 78.4 | 74.7 | 74.1 | 82.0 | 55.0 | 79.9 | 55.2 | 78.3 | 68.6 || 70.5
CASENet || 84.6 | 60.1 | 82.7 | 59.2 | 68.1 | 84.3 | 69.9 | 83.5|51.9 | 81.2 | 50.4 | 80.4 | 76.7 | 74.4 | 81.9 | 55.8 | 82.0 | 54.9 | 77.8 | 67.0 || 71.3
SEAL 85.2160.0|84.4(61.8|70.3|85.5|71.7|83.7|53.8|82.1|50.1|81.4|76.8|75.4|83.7(59.1|80.9|54.4|78.7|72.2| 72.6
DDS-R || 86.3|58.2|86.0|60.2|71.6|85.2|72.6|83.0|53.0(82.1|54.0|79.4|77.8|74.9|83.5|57.3|81.7|53.6|79.7|71.0]| 72.6
DDS-U ||87.1|60.0 |86.6|60.8 |72.6|87.0|73.2|85.3|56.5|83.9|55.8|80.3 |79.6|75.9(84.5|61.7|85.1|57.0|80.5|74.0|| 74.4

With the “Thin” evaluation metric in (Yu et al. 2018)
CASENet || 80.7 | 55.0 | 81.1 | 57.8 | 67.7 | 78.9 | 67.9 | 78.5 | 51.6 | 76.6 | 43.9 | 76.8 | 74.0 | 70.0 | 78.8 | 54.7 | 78.7 | 52.8 | 75.4 | 67.4 || 68.4
SEAL 83.357.5|82.9(60.1|69.2|82.1|69.5|80.5|53.6|78.4|46.8|78.2|76.0|72.1|81.6|57.8|79.1|54.0|76.2|69.0| 70.4
STEAL || 82.5|54.9 | 82.7|57.0|70.2|80.3|69.8|80.0|51.6|76.6|42.8|78.0|74.9|71.6|79.3|55.8|78.7[49.2|76.8|69.6| 69.1
DFF 85.255.0|84.0(59.0|70.0|82.8|70.0|79.5|53.2|81.4|46.280.1{79.8|72.8 |80.6 | 58.0 |82.4|52.9|79.4|70.7 || 71.2
DDS-R || 83.7|56.4 | 81.2 | 57.8 | 69.7 |83.3|69.8 | 80.0 | 53.1 | 77.6 | 48.3 | 77.1 | 74.8 | 73.5 [ 80.9 | 57.1 | 79.7 | 53.9 | 77.6 | 68.6 || 70.2
DDS-U ||85.6|57.4 (85.3|59.7 |71.8|83.3|71.2|82.0|55.0|80.3 |53.4|78.8 | 77.0|74.1|82.7|61.9|82.4|55.3| 78.1 |72.6|| 72.4

With the “Raw” evaluation metric in (Yu et al. 2018)
CASENet || 69.7 | 58.5 | 71.0 | 47.0 | 54.8 | 69.7 | 60.6 | 67.5 | 48.1 | 64.4 | 38.2 | 66.6 | 66.3 | 61.1 | 68.9 | 46.8 | 70.2 | 47.1 | 65.0 | 57.7 || 60.0
SEAL 79.8 64.3|79.155.0|63.4 | 78.3|66.8|75.5(52.7|74.344.3|77.0/73.4|68.2|76.6 | 52.2 | 76.6 | 50.9 | 73.5 | 66.1 || 67.4
STEAL || 75.6 |61.3 | 75.2 | 48.9 | 58.2 | 72.2 | 65.9 | 71.9|48.8 | 67.6 | 38.3 | 72.5|68.2|65.1 |72.3|49.6 | 73.7 | 44.9 | 69.8 | 62.0 || 63.1

DFF 76.9 161.0|76.6 | 51.1|59.8 | 75.3|63.8|72.0(49.3|72.340.0|71.8]71.0|64.0|71.0[49.9|72.3|46.3|72.2|64.6 || 64.1
DDS-R || 78.7|63.9|77.5|53.2|62.8|77.9|65.1|74.8|51.9|69.2|44.4|73.4|70.5|66.8 |75.1|54.1|74.4|50.2|75.2|65.4| 66.2
DDS-U |(81.6|65.9|79.7|54.8 |65.5|79.4|68.9|77.1| 52.6 | 74.5|49.7| 76.5|73.4|69.9|78.1|55.6|78.7(51.8|75.8|68.6|| 68.9

GANE Ly EIBHATHA T SED £ AU, DSN. et al. 2019)8HT T tb#k. A 1FMEdR -, DDS
CASENet 1 DDS WIPF3I2THf M 415% 6 Fr~.DDS  # ] LAd = CASENet #1 DFF ffhfe. BRI S,
AJ DUAE sl S it G XA %k, RE TR RS T . Wt (Hariharan et al. 2011) ¥ 4#51M %, DDS-R Al

Yu 2 AN (2018) K BL, H—% SBD #rZ&Af7#E:  DDS-U ) ODS F-measures 774l l T ) SEAL
T, REAAT B B hRE T IR E T 1059 K EE,  (Yu et al. 2018)% 0.8% 1 2.4%. FEEEKE,
MR T — AN F MR . AT EdE4E £, SEAL {F R I 2R 5 m8 5F CASENet #E47 7 F I
BEATH 7S DSN (Yu et al. 2017). CASENet — Zk, R, [FIBSHEAT XS5 R 2] o 75 AH [F) A I 25 5w
(Yu et al. 2017). SEAL (Yu et al. 2018)f1 DFF (Hu
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T, T (Hariharan et al. 2011)F 4845, 7£ ODS
F-measure I, DDS-R tt CASENet & T 3.0%.

N T TR L AT A I A ) A5 S, FRAITER] 4
HIER T — ol AVELERE 5 F s T sk
ERH— L EMR . BT A BOEARTE Sigmoid JEZeE4L
ZHTRTS . N T WA A B, AT A s DDS-R
{10055 DO 0 iy ER TG o AN — 003 2 38 =3, W LA
F| DDS-R HI4FMEKILE DSN Al CASENet iM% .
DDS-R 1] AR I M i 28 0 oSG i 2%, 1 DSN Al
CASENet Z/F7EME 0. 10, 7£ CASENet H1,
WA BB — o5 ~ E8 =)o s IR e, A4 JL
TARA BN GBE . T 2880%, DDS-R Al LA
X N55, 1fii DSN il CASENet #1468, A
I, A5 B I35 0 A B T 50 4 A0 A B 00 s ke ik
TR R, XFE—BIUE T Frde i DDS
1A R R ATAT I o

K6 s T ELeEtBonslE. 5HAmG
MEZAH L, DDS-R/DDS-U wJ LA7= A 5 Jii i B A1
W% . HlrE, E58 Fd, K2 HH 8T
DAV I A A SRR AR R DR I T, BN, B Y
&SR NI FE . /55 =%+, DDS-R/DDS-U 1]
CATE /N 00320 S 4k 7= A it I, T At A 0 28 5
A IGMWN . IXZFKH] DDS TR /N4 T TH] B 58K
BATE K I DDS-U 1 SEAL 0] LAAE 5l 58 40 )30 2%,
X R B FH R B AR AL Sigmoid A2 X 2K
AGRAY I EAE B 10 2 kAT I 5 A7 B T HERA € o7 4014
Fto

5.4 Cityscapes PN

Cityscapes $#i4E (Cordts et al. 2016)t SBD (Har-
iharan et al. 2011)% B¥kdk 4. Cityscapes $#iE 4
o R AR AE S B 2R I s P R R Y, R AE
ANFEE T T AT E . RN EE TR E 2 W
ik, JCHERBEZWYE. Hik, Cityscapes X T
DA AL G A 25 AT e SE A DR . RATA R
DDS 5 5 M& UGl #4247 L8, B DSN (Yu
et al. 2017). CASENet (Yu et al. 2017). SEAL (Yu
et al. 2018). STEAL (Acuna et al. 2019) 1 DFF
(Hu et al. 2019), &47 WA 56k 175 S HIB AL,
Rl PSPNet (Zhao et al. 2017) 41 DeepLabv3+ (Chen
et al. 2018). FATHEH PSPNet # DeepLabv3+ ]
S EEL T, VLA AT L B AME 3R T8 L AR

X% (Hariharan et al. 2011). PFMIZE Rk 7 Fr
7~ o DDS-R Al DDS-U )W) R AL T HAh )7 i% . PSPNet
(Zhao et al. 2017)7E SED J5 B4 505+ /7, (HIEREA
Wi G s . RS AEE (X H1J5 T, DeepLabv3+
(Chen et al. 2018) k. PSPNet (Zhao et al. 2017) %/
8 4f, {H& DeepLabv3-+ {£ SED Jj MR I AT 22
THAh TV o IXFRIATE Lo FIARE G A AT SE 14
7t, BkABEE— 2T SED . fEEAH
[F40 2 B A I O, #R4E (Hariharan et al. 2011)H
(1845, DDS-R ] ODS F-measure tt CASENet 15
3.1%, 1fi DDS-U MLt SEAL /& 4.3%. B 7 iR
T E L. AT LAE #] DDS-R/DDS-U
AT RSP A S T I I 2%

5.5 PASCAL VOC2012 [y

VOC2012 (Everingham et al. 2012) %5 SBD #%
P54 (Hariharan et al. 2011) "AHE ) 20 NP1ARE
Ao XFF VOC2012 HISHEEE, FATEER T SBD VI
ZETHIMEE, MWImAER T — M8 904 KA
BIHRAESE. Ik, 754 HTERIESERT SBD
SR RAH ES. AVERFN VOC2012 41E
&, JHMEHTLE SBD B INZRAR BRI -— L5 5T i)
B IXRE, FRATTRT LA % Fh 7 i @ . (R,
VOC2012 IR IAREAERE MR F T # R T T
—ANARARFERIGE XK, IS0 PEI . B AR 1
2, FATEH (Yang et al. 2016) 9 (1 J592:, R B %511
CRF %% (Kriahenbiihl & Koltun 2011)F #H4E f14
AR IH T A E X 4. AT — PR 4E (Hariharan
et al. 2011) 4 RCEAAMER R 50 L HOTE L%k . S RATPT
&, XAEAE VOC2012 e LY SED ) E
Foo VRIS RN 8 Fis. AT —#FE, 2T DDS
Ak B AL RE, XK B DDS M4 2 A R 4T
(& E .

6 gk

AR F, BATWER T SED 8. Jeuii s kil
RIRIEE ST SED 2 A ER (Hu et al. 2019; Yu
et al. 2017, 2018). FRATIEBHIX RER, BITX
RAEMEATIE M E R, o] DO ) 2% AT IR
Bk ORI g5 R . AT RO 2 S NE B
eds, CAEH BN S I 2B AL S AR Z 2
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road building fence pole traffic light traffic sign terrain
person rider car truck bus train motorcycle bicycle

Original Images

Ground Truth

DSN

CASENet

SEAL

DDS-R

DDS-U

& 7 Cityscapes $#E4E (Hariharan et al. 2011) % [ — LR, M LB KGR : B, EE %, B{ERE. DSN. CASENet
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