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FRGEIR I GA I B B2 A0 B 98 118 i s 2
Yk, B H5EMNITKN, BIATTEH Y&
Fol. LG GA W] AEAEZBIG R 03k
I, HENRGENMRSE DG RYFED
GARER . eI, BATEIEEI LIS, HiE L
2 %4 #M (Semantic Edge Detection, SED) , ‘g [
BF ST R v i Gk I R S 2R iR BT
SED E AT Z/IN H , tndld i Rk (Bertasius et al.
2015b) . BEPYFIIREEHERE (Amer et al. 2015), =4k
#(Shan et al. 2014). ¥JAK M (Ferrari et al. 2008,
2010)FIE T B4 19 & (7 (Ramalingam et al. 2010)%,
f#if54H (Bertasius et al. 2015b; Hariharan et al. 2011;
Maninis et al. 2017; Yu et al. 2017) B it EALAR
H— N A TR 3

LR IUAE T, BB 2 M 452 To gl
Mo A T 2800 6 R W 3 ks D i B AR T (Hu
et al. 2018; Liu et al. 2019, 2017; Xie & Tu 2015,
2017), EAFEH T HIENIOKTERE. Hi2, B
FUREE2E T 2R BN SED (0] DAL S A0 5
R EFR G FRHIEN) TEA R Atz
HRE . Hariharan 45 N (2011) e85 &— Bk
R 255 IS B gk R BliE L% . Yang 55
A (2016)F2 i T — DB dni- S P 2%, T4
MR, ARG AR E 2. feilt, CASENet
(Yu et al. 2017)5 [ AT B2 E5H %R AR ZFRAE K F
(RIS ESS VRSB RS 3 DI AN TR &3 T &
DABI ). SRTM, CASENet (%45 Tt (Side)
A AR I 2 R T B, HIA IR 22Xt
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Person
Motorbike

Person+Motorbike

(c) B

(d) &5 (O il (f) S =M
() S04 M (h) 5505 (i) DDS

1 Frig ) DDS HEM—NlF. (a) 4 SBD %i#E
4 (Hariharan et al. 20119 ) JEEE . (b)-(c) w17 HIE
SR EAE BFTA S B e . (d)-(2) R T 56— M
~ SEPNMIsH I 52K AT R L% . (h)-(1) B8R TEELM
UiFl DDS (DDS-R) 4 thi i il 2.

I8 (D ~ SO0 HAUIRE . Rt
i, CASENet FLGT T 55— Dl ~ 55 =iy
FEAER, TGRS

SED piysr i B FEie. SED RSP AN A 1Y
B B AR 1) G AR P I X ) ) A TR LR R
PORSHRA AT i 2 (SEZL0E R IRZRHE) 5 i) JEad i
AR A2 SR AR R RIS B 2
XA AR IS O A PR TR I S B T
FoH) SED J7y%: CASENet (Yu et al. 2017), TR
WEWARNEC &7 2 KA JA AL 55,
15 7325 (Szegedy et al. 2015). YA (Lin et al.
2020), MAEEREE(Wang et al. 2015), DA RITG %
M A6 (Liu et al. 2017; Xie & Tu 2017) #1535
TUER. AT S BB, H T CASENet 1y
F¥E (Acuna et al. 2019; Hu et al. 2019; Yu et al.
2017, 2018) AXFLE T 55— M ~ 55 = Muw iRk
ik, BRI R I

TEASCr, AR T — M R R K (Di-
verse Deep Supervision, DDS) {55, %5 VER m
JE IR )2 B RFAIE 27 2T (5 1) B A AN ] 458 2% R 807 T T
B, E2(0b) fs . SRR BEETRME N T
K. R Z B BVRE A T AR Gl A Ab X — ik
T HMHEERY, (H21% CASENet (Yu et al. 2017)
—FEE X AP, A RE S W E Hee SR SGh %

AN IR e B 1 TE R G4 b oAk 7E(Yu
et al. 2017), FESR 7 AU IR I E Y I IR R
WG, VEEATIA R AR W 46 )2 1 R i 2
BABER. WE2(b) Frs, A 7T —MEE
FEARAR BT, T DUREE T 190 28 YRR I 2 5 R S [ 1Y
FRIB, 70 ISR 531 6 % 1) 30 G B St
Zo WERBCAE BEAR, I2IRZERE (B—
Ml ~ 565 U D) AR =G BURRAL (58 T 00 0) 17>
TR 283 T K i i GAE SR S AT AL, X AR
HE S0 58 I O i 0 565 00 3 2 1) 94 ) B BOR e
WL GIAAF B AHgR BB IT, W ABEXA ) H At
AE T MR AL VAT A RO X s a7 > . DDS
A —A B AN LT 7R o F e R 25 O AR 2 R AR B 2
LN S PAFAR AR R, AT (8 3 28 il 5 4 0 S %
(L) HesE M (FEL(h)) B2
BIMTHZ, FAIH LRI :

— 43 SED Gts b i) iU E e, PAACH A4
B T ek SED 7% (Yu et al. 2017) {4 1]
WIB R =R (55371Y);

— PN E T A FER IR (DDS) 19 SED J7
V5, %R R R A A R R S e A U T
2 ) SRR W E T RHE T E A A R (354715)

— PRALTELN 0T Al SL I R R — A0 AR AR S O v
(%65.275).

FA14E SBD., Cityscapes il PASCAL VOC2012 %f#
AR X R T EREAT T P, AT O
KB TR s A RE . 7E Cityscapes £0¥i4E L, Frie
H Y DDS SFyETE s 2 44 4% & R E (Optimal Dataset
Scale, ODS) i % 3)-F #8495 X F-measure (Mean
Maximum F-measure) 25 79.3%, T2 Bl /3G
A 75.0% (Yu et al. 2018).

2 MR IR

XA 9 L R A R SO T PR R I 2k B T A
SCHIVERE . MR, FRATE JEM S T AR DAL G251 T
R R0 G A DN 1P ) B T R E 5T 18], RS E
TETWEFIN I 8 SCHGH (SED) FiiE
HERAR.

(AT P/ QUL S it41| RSN ENRIES < SRl BTIPUNSS
& RN #S (B4, Sobel (Sobel 1970) 1 Canny
(Canny 1986)) B ZH9HAL (Mafi et al. 2018; Shui
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& Wang 2017) R Aa: I )=y FR&R I, h BA i v 114
% (Hardie & Boncelet 1995; Henstock & Chelberg
1996; Trahanias & Venetsanopoulos 1993), #EFA]
JiFAT, Konishi 45 A(2003)42 H 1 & 4k 9K 3l iy i
Gekil g, 5Z AN ET BRI EATE, %A
TR GA B (EG T HERL. (Martin et al. 2004)
R TR, Bl BHRBY P FR-E, PAZE
B DF S EER . Wl 2 RE T E R
G R E SRR T4, (Arbeldez et al.
2011)#f Ph HAESE— 4 Y gPb #4E. (Lim ot al.
2013) N F-22 B [E rh2f 3] Sketch Token $FME KA T4
RSN, 1 (Dollar & Zitnick 2015)H % F BEAL B 5
IO DG/ NI SR R, BB T HEIR
A IET R R AR .

e T UREESE ST BN JC R B 5 M. flr, Plgs
TRV 2 R EAT 55 T UG T W BT R A B L
e HARABRMBMEREEY, ERHAEGITZ R
JE R 22 ) 265 R UG BAHE vh 2 2] B2 R I AR AE R
(Chan et al. 2015; Liu et al. 2018; Tang et al. 2017),
P, BT T WA ) 2 W T i Gk
il (Deng et al. 2018; Wang et al. 2019; Yang et al.
2017). Ganin % A (2014)i o {# f 7 #2745 e dle
QPSRN R BE R 22 ) 28 1 F T3 kil . DeepEdge
(Bertasius et al. 2015a) 1 JeHE BUBEE 8 5 5., SR G X
XL s AT 702 . 5 DeepEdge H{# /1Y Canny
(Canny 1986)A[H], HFL (Bertasius et al. 2015b)fif
il SE (Dollar & Zitnick 2015)4: pifiik iz 5. 5
WA Ry g it s AL B A AN DeepEdge AL,
HFL R RS AR M 24—k, BILETE LE
TR 1% . DeepContour (Shen et al. 2015)%f-i1 P
oy AT, FHEA R AR SHOR AR
T2, Xie % A (2015; 2017) FI IR M R 28 H 22 1
— AT CER-EUR” F e A B 2 R 4 . A7)
FrE R (Froh HED) fbé TR HIUEM
R B ZR(E B . Kokkinos (2016)#: 72
Frilgs HED fyIlgRiems. Liu 5 A (2019; 2017) 42
T E NSRRI R NS, FEAEE 4 1) BSDS500
Hdidk (Arbeldez et al. 2011) FHUF T HO AR 1Y

F-measure,

W SCRBRL . SEAR R TR SCRIEA T e Ty, &
TR B 2 ) 245 1) 0 kG N 1) A ) R 3 AT
B AR (BN L(d)-(g)) . 1XE % T [ A

NGBRFEHSE (FHE AR D IESEHIME X
) WBIFTE o ST I 1) 288 SRR 17 320 A o £ 43
PRI STARREGE 18 S EIFD A P R N Y
ZMIAE S AR A .

Hariharan % A (2011)F8 564 T —FioRea v
S -5 E R 8 R 2 A ARSI Sl 2
Jiik. Yang A (2016)42 H T — U T4 (4 48 B A
4 GRS - A X 2% . HFL (Bertasius et al.
2015b) 42 5 A T KW ZAEIN %, I IR BT
SCA3 W 285 2 AR 285 43 e 45 T A I A S . Mani-
nis 45 A(2017) 5 4LB B A3 (Convolu-
tional Oriented Boundaries, COB) 5 23 (Yu
& Koltun 2016 )4 )18 S HIFHSS A R 34515 3H
% . (Khoreva et al. 2016)5| A T —#p55 B4 > )R
W, XIS TO R AR E T IRRIbRE, (UHBA
HEARYE R A DA™ AR o BT B R L

Yu &8 N(2017)42 ) T —Flopr i M 25 CASENet,
‘B SED RYTERESE ) 1B R R TR HAR R G5
H, IREAFIE U T H RS 2 2026 . S LIk kI
MSEEe s, AR, XFT SED, FERARH sk it
TR B R A W edlt, Yu &8 A (2018)42 13
T—FEigs vk SEAL, KillZk CASENet (Yu
et al. 2017). P J7 L AT DALR] I X 5 ELAR & 2
G, B2, HTEKRM CPU it
BATE, SEAL Ml grdemAent. i, RERA]
fEH THRE# K CPU  (Intel Xeon(R) CPU E5-
2683 v3 @ 2.00GHz x 56), ¥£ SBD %{fa4E Fi)ll%:
CASENet {5353 16 K. Hu 25 A (2019)3 1 T —Fh
S ER S (Dynamic Feature Fusion, DFF)
g, AT DATE 22 RUBE 9 A BURf 28 I0 28 e ik 1 il 65 v
3 1 A A (5] ) B A P RS 0 C A () ) i £
U . Acuna 55 A (2019) % VET 1 LANA G HIN F5 2%
>J (Semantic Thinning Edge Alignment Learning,
STEAL). A1t 71 S0 57 /2 DA S0 2K R B
K4k CASENet (Yu et al. 2017), ffifbfi]m] PA2#>]
TR AR SGAA . B2, PAERra HEE AR
5 CASENet M[RI /3 HUBHF S . XA TR,
KATELEM I SED 1R B4 AU 48 M 28 45 1 A7
TR X —1F1E, B AFRATR -5 PART YA 2
fIl SEAL (Yu et al. 2018). DFF (Hu et al. 2019)
STEAL (Acuna et al. 2019)%,

RUE. SRR, REEAEVF 2T LI A2
IESS R AR, WNEIR 32 (Lee et al. 2015;
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Szegedy et al. 2015) . ¥AKM (Lin et al. 2017, 2020;
Liu et al. 2016). AR ER(Wang et al. 2015), 5
ToFHA AN (Liu et al. 2017; Xie & Tu 2017)., &2
FEY AR (Hou et al. 2019)8%, MBS B, &
JE I 2% R B AV T DA >0 S AR AE (A
B Z TR A 2/ RS A 5. SLhrdr, AIRA
Ao R M ot S et 32 i B S AN B/ 10 i 1) ST
RERE, R 1 KA AR L. (E2,
T LR B0 /- HO e, T SED AR5%, HEAE
K2 TN 5 T0 R g TR B AT REAS 2 A i
ERHJLT, FOTRHSEHT SED )i g, &
JE A 48— P E A I AN TR] TR M 1 AT S %
oI o

3 SED sy i triR

TP FFH 1 v 2 B, T e B T R
%319 SED thif A .

3.1 SED iz i i il

AT ZEITE SED Hfifi I 22, Ak —
MebER, FRATPA— AN B PR AR AY CASENet (Yu
et al. 2017) K6, GE2(a) Fis, XA-SL AR 2
HETEZAWE T M ResNet (He et al. 2016)1. &
TESE— M ~ 28 =00 sy P 4 — I i J S 04— 1>
1x 1 B2, A Pl e FOm T A
MR T 1 x 1 B2, Rl AA K
ANEEILRTEE A = (AP, AP .. AP}, K
KNI, R H#EAT & F $F3% (Shared Con-
catenation), BJRFECHARME FO™) HE4TE Hl 543 S
TG B iR — Al TP

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

BTk, £ AT FH—AHEA K A 1 x 158G
BORA AT K AN RERNE SGhZ% K, Hps kA4
WEAERS b ADRBIRN%E . HAl SED #241(Hu
et al. 2019; Yu et al. 2018) HRHAG ARG 24441 o

3.2 #7He

PAHIRY SED ##! (Bertasius et al. 2015b; Hu et al.
2019; Yu et al. 2017, 2018) X 4 oMl 3 Al e & 1)

R EOE EAT R . AE(Yu et al. 2017) 7, AEFHK
TIUFP R MR A R R 540 . AT e i s —
M3 ~ 56 TR Al T SED, 4 — 0 i R 1445
— AR AL SR, VRIS R 2 AR S T
s B BRIV 1 x 1 BPRIE GG I E AR R 4
PR BEZE . ARITEAL, M B2 ER)Z .
T SUR DRI (BIIRERia%k) , ik SR iEANE &
BEATTE 5328, RO R AT & 0w )2
FRAE, K28R ZRRAE A E M 2 R 28 T2 . FITDA,
AR IR ARSI ZE W 4 R85 R . ZEARAT R, W T
SED {155, (U] b AE M2 A TR 5 4 —
AN SR BRBCRIR BRI 2 B BER R 2 T e

Yu % A (2017) 3 24384 CASENet H45—ll
Uy ~ BB =SS I AE R IR I, (AR S5
T s (1) V8 S RATAE A B AR THAR 18 LA 2 )
BT, MEERTIZ 5 T R e 20 L, XL
AR AT AN 56 T WK 2 B i A e b AE Ak .
TIREEAN 2 M 25 (1 T2 HAA RAERE ), TARE
e T0UZ ) BEAl, B AR 2 8 1 S 1) 4 48 1 7 =
BUARSS 102 KRS 208 S R, WHIRE
BTG KN G BT B TS, IS 22 st ek I 250k
LU THEMAED G FW XA, AR TH X
SRR . X RS FEURE P aghsE, HikT
VNS B RBEA PRI S S

{HAE R 2, CASENet & {4 &6 7d s .
AT Ny, IR EEA resd BEHRAE S ARE AR
Z A o BT @ — B T S (s B )
Tiike b b, MU MEs TR E] CASENet (3
WES.277) I, REIMHEA (CASENet+S4) )
F-measure 4 70.9%, 1iJRiH1¥) CASENet #Z4%
T1.4%. JEWIEFAIESE THATRT ress B G npAE
M. Beot, A M2 G ERE— 2w
1 x 1 &2 (Xie & Tu 2017; Yu et al. 2017) A& 5
MICYEZ M sE. B, FRATHH TF S ik 5
JC, DA RO g

4 Jiik

HWE, A XHRR TR A FE &8 5
FUA M, =) B A [R]2 0 H ) 2R il RE
A EAMGE R, H2, BRI E M- 5h 1
o FEAAT T, BAPEH TS M a2, 1+
SED {RJZHTZ HAME R 12 .



FET AN R R MBS v S A 5

. B e e B B e R B \
res2c
| res3b I
TN B O E OB B BB s
I L ][] L 11} E ; I
I Semantic Superv\lsisn\ !
1x1-1 conv Iuit cclmv : : i I
I itcony| s | g o |}
upsample sh:;red : I
I concatenation
~V |
I (a) CASENet ~_
e e e e e e e e ’
A
res3b
res4b22 res5c Edge Superyision I
Information Converter
L 11} [ [ 1] L 11} I
|
| .
1
Semantic Supm\ I
1%x1-1 1x1-1 1%1-1 1%x1-1 1x1-K ;
upsam%?tg Y upsamgl)g 1 upsamf)(l)g Y upsamf)?g Y upsamg?(-:fl I H K-grouped 1x1 conv g I
v v shared (
. concatenation ] I
\ \ ~
» { \ \
) N( ~
7
| mj |
< (b) DDS ,

2 Pifh SED B2 FIGHAE: CASENet (Yu ot al. 2017)FFFHLH ) DDS. CASENet (X4 S s i T i

FHIHTEHAR R G5 AP 2R

KB (EU2, FRATRRIAY DDS R4 A s i) as AR A I T R B . X LR 2R, 1R

SN T S 2 51 T S M SCR L GAGri -2 18] 14 7 HiC L 2 e i e

4.1 friR iy DDS Hik

T A BT, FRATERB A 28 0 28 5 102 7] BEH- A
BN SED . (HE, AR INHIRZ GRS T
HWZ (GATMs) BAMYAEE . FRATAEED
T I 28 A AT 24 I E B RO, UE AT AT 26
9l T 5K 1) 30 A 0 ke it v el THU2 A i o S 51
EAKERE. A, AT T P (5 B s,
AT B IV J2 AR 1) 27 >0 IR v J2 26 I — B A B
{55 K2R KREEN, B BN DAE R kG
JEAE /PR B AE, MM SA SED AE R AA
B KA AR
FI2(b) R T IRATITHE Y R 28 ik R 454 o 7
{i13%1% CASENet >Kfii ff ResNet (He et al. 2016)/E
FE TR TR — M ~ 26 DU P R (5 R
ehay (5F4.27) ZJE, BATERE— N A BN
HEER 1 x 1 BEUZE A Zem B &, F L
LA A ECRF A P I el B R A 3 i R R RV X 2
Dt b 5 2800 g 6 1) AEB GOk I . FRNTTTESR

T EAEH—RA K ANEER 1 x 1 BB
PR SGA %, Hob il AR 2850 il
GRE . FRADR A5 50— O ~ 565 X 0 s A ] 114
EORAEERAT . TSGR G AN T MR AR 0 S 1

FATRF AT — M550 ~ 265 D O i 2 18 F) AL 2%
KRN E = {EW,E® E® EW} WA M b
PE LTS SCR R E A R RIEHEH % ¥
PHER IR B D SRS 1A -

Bl ={E, AP EAY E AD ... E ADY. (2

HE, B REENDEHIER, MifE CASENet
1 A RESFHER . e, FAE B biEiE—
ANEA K AW 1 x 1 BB A Gl A )i il
%, It B GRS B KBTI B . 1E4n HED (Xie
& Tu 2017) iR, 1 x 1 BERLFHIE G T IRZ
T2 1324 .
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Information Converter

Residual conv
Residual conv

)/ v

Residual conv

afid,

P 3 Frdeth i fis St TR B (B2 g (A ) .

r———
RelLU

573 con
ReLU]
653 con

4.2 {5 Qs

WAL EAHT, $27F SED 1 KRR B AR 17
TEo AEASCH, FATZ BT R B (5 B
KB UEFRAT R B B, PRZEM 248 CGIEN] I
HERFILE R 5 T Hift(He et al. 2016), e 2] 4E
A 1 1 R R A TR AN IR S B . FRATTHE
B3R T — BRI, i DA SR
() ReLU MIBRBUZ4UN, I HEE—4 ReLU JZ %
BN 5 n— G RUR R g . AR A
SFRERET G T RN, JHEHE] DDS M4
AR — M b, PABERFSA ) B B RAL AN A
WIS IR SR G ph A [R] 458 2% e B 22 57
YRR R o

T2 8 SO Gk ) R 7 A 2 T 1 S
AERIRB AR, T2 A9 S5 T % ) % 1 B
PHESGTE R AR RS . IEMNEE3 PNy, AR
B R, B S A, kA 5P
JE IR B S 2 E T IR AL Ire s B %
Hes AT VA 1 K5 X 28 i S5 5 R R 3 24 1 R TP
AORE N G AT, PR s 22 A ffl s n] AR S o A6
JE AN i ) M 5 ) I 4 o il X AR 5, A
9 285 5 Bl 21— S BEOBT RS, IR H AR
BATIAL BEAh, ARZAITUZ A A R 555 th 5 B %
BT . TEERERR, AT SR R s
AR EENE, AR, BreAZRITOCRH
T AR R, RATRAEE R
BAS AR BTG TR PERE

FRATHE 1Y 19 265 0T DA L 45 5402 B 2019
BHTUZBITE R . FATHSEIRE R LT, %5k
R T AT HE S | ARy rp e ), 5 CASENet
AT, FAT AT AR G-t 00 A 565 T 00 o= P 7 3032
A AT 7 i T AARZ 45 2 1 —H 0 27 B

B % ] it S 3
DASE BH B 4074 5 o7 T B

AT P BAAR K T R ) A GOk B AR — )

~ SV, A ROML A 18 S Sk 7 26 )
mﬁ KEEMR%. MR NGRE TR
(G SIS, SR —(HiL % . Fl CASENet(Yu
et al. 2017)—#¢, FRATEATFEEAEAITE Lo H] T4k
— MR R G HA PR R 2 [0 10 25 5 R PRI 0 18
SGhF MR BDFE NS K (K #E) 1
B ER, WA AR b BRI kWi
.

AR AT D]

4.3 ZALF R AL

TERATH) Z AT 5525 ST HEZL S 7 W R OAS [+] 1) 452 2
BRI, B2 51T 5 1) 320 5 A 45 2 R 2 ) B 3
SRR . AR W RRMEHHTa RS
. RKEIR T ﬁi%i*ﬁr“ﬂﬁ**ﬂaiﬁ%%ﬁﬂ Y = {y :
i= 1,2, ||} SE—MM%m ~ 55 DY M 5 AL
Sigmoid Az XU 2K KﬁTuﬁﬁﬁ

Lo W)y ==3"[8-(1—y)-log(1 — P(E"™; W)

iel

+ (1= B8) -y, - log(P(EI™; W),
(m:L' 74)7
(3)
Hed, B=|YH/|[Y| H1-8=|Y"|/|Y]. Y*

Y A RIF R NGRS AR E. B 2
TE5 m SRR @ AP EBOR (. P() bR
i) Sigmoid pR%K.

ST MG T, BRI S B AR SE N
{YLy? ... Y&y Hp vk ={gF:i=1,2,--- |I|}
B kAR MR E. BEEENE, G4
G EA DR T 2 AR 00 T 1455 T 005 0
DL I 22 B 2R BB SN

LO.W)==3"3N"[18-(1—7F) - log(1 — P(AD); W
k el
+ (1= 8)- ¥ - log(P(AL); W),

(4)

Hofr, AY) BRERMAELE i BT b REes
{80 50U, AlA T SRS TR A5 2 BB L fuse (W)
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ST A VR B A 1 L3 A
AT PLGE XN
Lpuse(W) ==Y > [8- (1 —g}) - log(1 = P(E] ;W)
k el
+(1—B) -7 - log(P(E];; W),
(5)
o, BfORAS (2) PIELSIEIEE . B, B
F) 4512 B R o SN
LW)y= > LUDL(W) + Lyuse(W). (6)
m=1,---,5
I A S R AR, FoATT R DABE I AL R % (Stoch-

astic Gradient Descent, SGD) SEALAL T A S5 Fe ]
R A4k L(W) Yk DDS /R4 DDS-
R,

B, Yu 28 N (2018) 45 T [F) By % 55 Fl 27 ) i
ih%k . AT, AT IR0, R
U (FHL) Sigmoid A2 SUR 2k ) ZRBLAL T-IAL
M. mT CPU ERTEEREK, M1
IR 25 i A FERT (X T SBD 44k (Hariharan
et al. 2011), f#i[ 28 #n) CPU f1—-> NVIDIA
TITAN Xp GPU %k, %k 16 KA LWETE) .
G2, FAVERMAIRIE (SEAL) (UHE
THB G TR, ARG AR MAUY Sigmoid 28 X
RSN GRS T i S . S— M ~ 5500 g
(45 2K BRECPT DA IR A

L wy = =311 —y) - log(1 — P(E™; W)

i€l

+yi - log(P(EI™; W), (m=1,---,4).
(7)
S5O ) AR L 22 A2 40 2 R

) -log(1 — P(AL), W)

ngie Z Z 1 - yz

k el
+ g log(P(AL); W))].
(8)

%{U\f@ ) L/fuse(W> EIW\KHEX%

fuse ZZ 1 7yz log 1 7P(Elf7i;w))
k el
+3F - log(P(E] ; W))].
(9)
AR A DA 2 P R
EjLﬂx )+ L puse(W). (10)

ARG AR AL 2% L'(W) 1%k DDS #0R
& DDS-U,

4.4 SCERAY

FAIEE 2 TR B2 2 HESE Caffe (Jia et al. 2014) 3%
LI E L BT H A M 25 5T ResNet (He
et al. 2016). Ff1/E CASENet (Yu et al. 2017)%F
S AR 2 8ol 1, M2
SRR KA R AZ BT 5 )5 ResNet fRHFH A, FRATIA2E
& CASENet K& EAE COCO %#E4E (Lin et al.
2014) _FHEAT RN o % 0 2438 5 BE L FE T % (SGD)
AT T A B SGD A BEHLHLERE 10 KE
B, A E BT 352 % 352 B/ FLE 3
I (Weight Decay) i1zl & (Momentum ) 4355 &
0.0005 1 0.9, FAIH H “poly” 2¢ 2] Z&5HE , B M4 Hij2

) RETHIG X R IPA (1—curr_iter /maz__iter)Power

Hrp ) power #'E 4 0.9. 7F SBD (Hariharan et al.
2011)F Cityscapes (Cordts et al. 2016)$(#54E I, F;
14 BliE4T 25k/80k ¥k SGD M/ (max_iter), %
F DDS-R #Jill4:, #£ SBD Fil Cityscapes (a4 |
HIRT IR > 2803 BB A 5e-T/2.5e-T. XfF DDS-U
INGR, INGITIRI R SRR R Bk, 3T
SBD I Cityscapes, FATESEPA le-8 A&~ &
YR 28 EAT 3k YORAHINGE, R 1e-T BYH)
G2 2] R PA_ R WA [A)  EAk ek . FRATTE A
SBD il Zxryai Bk i PASCAL VOC2012 %54
£, MICTHEEF NS Muki FRFEERAVERH R
AR, RBRZ RSB e I AR

A SRl —3e NVIDIA TITAN Xp GPU i
fi.
5 9%

5.1 SRR

i, FeM14 97 SBD (Hariharan et al. 2011),
Cityscapes (Cordts et al. 2016)#1 PASCAL VOC2012
(Everingham et al. 2012) $ciid F3PMEA 1677 7%
SBD #i#i4E (Hariharan et al. 2011)6 & 11355 5K &
B A Pascal VOC 20 RERZITE il 2
Bl BERk5rh 8498 SKilllZ: IR FI 2857 ki Al
B B(Yu et al. 2017)—Ff, FATE A IIZEEAR N
JIrH A I 285 o AR HEAT PRI . Cityscapes %i
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# 1 24l (Hariharan et al. 2011) F R EEERT, DDS-R/DDS-U DA K il FlsCi6AE SBD $ifE 4 (Hariharan et al. 2011)
1y ODS F-measure (%). #50EAENERE DA ARG H 2w

Methods H aer. ‘ bike ‘ bird ‘boat ‘ bot. ‘ bus ‘ car ‘ cat ‘ cha. ‘ cow ‘ tab. ‘ dog ‘ hor. ‘mot.‘ per. ‘ pot. ‘ she. ‘ sofa ‘train‘ tv Hmean
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|524|71.9|45.9|79.2|783|76.2(80.1|51.9|74.9|48.0|76.5|66.8| 70.3

CASENet+S4 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|71.2] 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|78.3|82.0(60.1|82.7|51.2|78.0|72.7|| 74.8

# 2 7 SBD $ladE (Hariharan et al. 2011) b, & TF BAAER T IERIIT . 45052 (Hariharan et al. 2011) HrJ5
IR ERMERY ODS F-measure (%). RRAVIIRAEIEREDARLIASE Hh R .

Methods H aer. ‘ bike ‘ bird ‘boat‘ bot. ‘ bus ‘ car ‘ cat ‘ cha. ‘ cow ‘ tab. ‘ dog ‘ hor. ‘mot.‘ per. ‘ pot. ‘ she. ‘ sofa ‘train‘ tv H mean
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 %¥&4E I (Hariharan et al. 2011) 52851 T XK
PR g5, 455028 (Hariharan et al. 2011) # G R UHER)
ODS F-measure (%),
Methods || DSN | CASENet | DDS-R
ODS [ 76.6 | 76.4 | 793

SRIG , FATIEAE (Yu et al. 2018) Al Ff H (Hariharan
et al. 2011)rp iy ELUETE A AR, DADRIN i ik
Zk. (Yuet al. 2018) ) AR &2 SEBIRURIN %, X
5 (Hariharan et al. 2011) il I SE 51 A S50R% ) 101 2%
AlAl. B4k, (Hariharan et al. 2011)ERIAKEVTHEL . Fif
R A A28 . (Yu et al. 2018) k2542 HFf i
TR TIN5 272 4 ) BRI AT PEIE, X A s DA
AR IR “Raw” Il “Thin”, FEASC
i, AT (Yu et al. 2018) il L& T “Thin”
A “Raw” FIg5H . FRATEANE (Yu et al. 2018) K5 1R
i) SBD ##li4E (Hariharan et al. 2011)3%¢ & VCFCER &
NN 0.02, HEFHFRER SBD 4 (Yu et al.
2018) 15 B VLR B /A 254 0.0075, & Cityscapes %8
HE4E (Cordts et al. 2016)1'E A 0.0035, VOC2012 %{
P4 (Everingham et al. 2012)04 0.02, %fF SBD
M VOC2012 ifase, #2220 5 MR 561 EIR
WF MiXST Cityscapes fladle, NIAX A0

SRV et al. 2018) Jy 5 IR P R
BURAA AR “Thin” f1 “Raw” FEMEK. B~
A G AT R S a3 R R SR B T BT
HH . B2 IS (Acuna et al. 2019; Hu et al.
2019; Yu et al. 2017, 2018) —##, FKA1HFF Cityscapes
B8 A %) T LR S ) 30 2 L /N B D RS ) —
2 RAIIH I 3

#idE (Cordts et al. 2016)@— PRI 1E L5 HI%L
P&, AEEE 50 MAEIK T ERE S 5 il ki
SEARRUSIF S . B 5000 FKIEMRLAL, 43K 2975 3K
YIZREG . 500 SRIGIEEEA 1525 5RMKE S . B
T & — AT R Sy B 37 S B AR I AE 25
P&, VB EMEE A L. B, FAEHIIZ:
EHATINGR, F IR AT, 15 o FI
£ PASCAL VOC2012 (Everingham et al. 2012)
1464 5Ki)l1Z%. 1449 FKIGIEFN 1456 5 ER ALK,
X% 5 SBD HlndE HA MR 20 A~2E5]. H
T-5 Cityscapes FHRIM A, W5 TE R
KEA . FAVER— MR T SBD JIZE Gk
HEEE, M= 904 A IHIEEIG . FATEE X A5
EEERTE SBD Y14 IR R4 Fh oy
A .

VRIS bR. A T BT RETEIN , FRATRA T ILAARUE
) FEE T8 FH B SO ERER S 80N E . Tl
B Je Ml (Hariharan et al. 20171) A i) 5 i S 3700 4

AN HERR-F | Rl 2. X T Ira RS, &
TR A VT B R B 2 2558 0.02 A BRIA IR E . FRAT]
W ARSI LR E (ODS) ik
F-measure (F,,) Fra K509 F 5K F-measure.

Xt Z i 5 I VR R TS EE T A T R T
B, AT A A A A BRA A A EI 2R LAY
A BN, HHEE, RYE(Hariharan et al.
2011y AR, FATTAE Cityscapes £ 4 145 3



BT ARG B T SR 2 Aa

75 CASENet (Yu et al. 2017) AS[E] P E5 R (5
), X2y CASENet ] T A IE#RY AN 2
TORFESRNE, A1 SEAL (Yu et al. 2018) 3t
IR REE. BARSkYL, CASENet BH%FELfE 2400
GEAT T R R A MU B ) — 2, X
FEOREZN BN S . B2, KA SEAL, 5
Jeoxt EUE R o> B BEAT T ORAE, SRJG R RAE
J B 3 1 v A S 2

5.2 THASE R

TEXF T th ) DDS 535 5 & k- T iR 2
A, FRATSELE SBD £#lE4E(Yu et al. 2018)_F#E4TIH
flsEEs, A BERF A3 th i DDS 5. A,
AL H 7754 DDS A5k

— Softmam, {UEMATUZ (M) FEHRMNEA
21 %1 softmax 12K, T4 M0
WGEREER, MM REA Mm%
AR

— Basic, T2 (Z6 M%) 47255
K, XERBERNE BT resse F SRR
B LE (W) S 25

— DSN, FB TR W R 2k gy, Jorp
T 15— M ER e ANy K A
W 1 x 1 BBUZKSH SED, FHAG TR A%
A S TS P DA BB 2P S0 %%

— CASENet+S84, 25T CASENet, {H[E] W2 &
THEDIMEE, SRR R A 1 x 1 BR
JESR A L/ BT T AOERAE I, T CASENet {Y
(o FE 55— D ~ 55 = D056 O

— DDS\ Convt, BT DDS Hfz B, M
T 5 5 M L R P — D 5

— DDS\DeSup, %[ T DDS {5l ~ 5
SR TE R, (B4R T 15 B .

JIT A T SRR R A A 451 2 e e (RT3 (6),
T Softmax) FMFAHRY SBD Hm#tATILE, DA
(YA R

FA17E SBD kg I F (Hariharan et al. 2011)
HH R TSR P S AR (A DA 2 S 36 ) DDS(Yu et al.
2017)%1 CASENet(Hariharan et al. 2011), #Fill 4%
RAFELFR. WLAFRE], Softmax MTEREM 2 I
PR A A 2 190 245 0 ) 1 S 300 0 i AR AL LS A 26
MEE, AN MRS MRS RN GIER .

Person

Horse

i

Person+Horse

CASENet DDS-R

S

LN L N e
| ] L

K 74 K

B R% Rv}

L

Bl 4 DSN. CASENet fil DDS-R 5@t ik, $—47: J5
KRB, BEEEMENH AL, ZEBRE SBD %k
#£ (Hariharan et al. 2011). %5 47 @A [ 7 @B e
WHGA % =47 AR — ORI SB0UAT: 1
MR SRR Ba—47: B AR . g, 2.6, A
R OB FE S HIREAEBIE 0.5 WA EMME. B, &'
FAPE A B -

Hi, TATEAR (4) F AL (5) 2 hr%4i
42, Basic MZAE ODS F-measure FiAZ| T 70.6%,
Ee DSN 7 0.3%. XiE—P Rk 7 HATEF 3T
PR, BUR B FRAER T8 Lo REH R %
FIEIR 7. s, CASENet+S4 WTEREILT DSN,
KR Z R IEE G & T (ER%a . mH,
CASENet+S5/ 1) F-measure [T R4 CASENet,

Jft 2 DDS FOR4EF? M DDS\ DeSup % DDS-R 1)
BRI, DDS I AR NTIATEZH S
BB, AR 515 BRI Z Rt
. MR, BINE 2 BRUZH R BB v sE 2 M
RSB MR E. KF DDS\ Convt 5 CASENet
(&5 AT I, TR B S5 5 (Yu et al.
2017)—3, BPEBEMZRN (Eh % REEE T
(RAIKIE

KT Pty DDS pHE. BV, 7ERZMTZ
FEFAN AR 32 i L P R4 M T DA 55
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# 4 DDS-R/DDS-U FIHAbJ7¥:4E SBD ¥4k (Hariharan et al. 2011) Ffj ODS F-measure (%).

S e P RE LM (A

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 |58.8|70.4|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|76.042.9|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 84.272.3|81.064.2|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|76.8[82.2|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|82.3|60.4|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|83.764.9 | 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|659|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 1 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 81.169.6 | 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|76.3|69.1|| 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 FIHAb T EAE T Hidrid i SBD $i#fi4E (Hariharan et al. 2011) Ff§ ODS F-measure (%). 4311

PERELMELARZE H s o

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|76.061.4|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|72.841.4|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 |66.2 | 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 |168.0|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 || 74.2|61.2 | 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
ANEVZHRRHEE] . BT, FABWAFEZE  mRTC KRG R S & Toay . Mk, 1

HR R T RS EEE . B2, ERITE
LN, BT KRB A (6) PR, PRES
HARFAIBIERNBEE S, MR ERAERER

i,

T A R R AR E O, FATRI AR
TR IE R B P M RE . T DT A PR B

Pt e 8 S RE AT

911 TG 2K 30 25 G N B ke K e



BT ARG B T SR 2 Aa

TER . XRE, Sk BRZERYIR)Z 1 5 2 2 i 5 22 1 2
T, NI B T 2 S (i SN % . BTN
Z N ) S RS G X R e 9 A N R
DR SR B AT T A 52 e e = A/ 3 0 s 4 B ek
T2, MM ASEIIERAR SED 774 BA 5 i X AP
FFIL

1 DDS\ Convt 1 i EVERESR THIEW] T RATHBHHY
FEE, BITEAS ) 3 ) JE A e e 2 5 1 R I
B BABETERR, A IA 45 5% o BN
FIR % (Yu et al. 2018), DDS-U f##:fE DDS-R
Bt

KT R BV bR, A SR HE IR T
SED A BB e, H DR B i fr
1, MARERNAERER. Fik, FATRT T4
BB, BRI EE T E LA
Jio X HL, AR BT TIH AR, SO R
ANTERR2W . AT T = AR [R] e e st 1)
CF 1AM i) BA 3 MR i) B3
FITHRAT SR ZE R BT (EIERERETT) . W
AR, BA 3 MRELBBURITH(E R ek
1T EAEERE, HEMNILRA 2 MREBRFITH
F R A B — N . TAERCR A R R A
BEZ M HEATRUE , AT 2 MRZEG A,
BRIABLEL

MBS ENISGE. S TIES | AME B &5
TS TSGR ENL, FATZMGE SRS, I
XPERER ) DDS FPARIHY ) 36T T 280 To K1
. g5E—ski A K, SED J5ik g3 nl 4w
DGR . R TRk B AR B2 50 T % 1y 30 2
B, MR R AL, FATTREITA 20 R i i %
MR ARG 2 A B 2 5 TE R G . X T
BHEEEBNME, WRGEMENTEZGRE LR
Bil%, WA ZBENN SENTERBGEE R, K
J&, AT H (Hariharan et al. 20171) 9 ) b o 5 i
AT . MER3H, FAT& B DDS WA 4 5
NGRR3R PHE M 482 St 2R 301 T
KNG I AR THh%EN . FEHRERT DDS
(M) Z AR E TZ T EMA R G, BATE
ST M IEBBIMEER, HR S LA T
Ty AT TR

Horse

Side5-Person

5 4 A BGmE B . 5iwis) 4R DSN Xt
IR I3 73 205 « B fa M 43 e on CASENet F1fir
$ZH A DDS-R W5 — M ~ &5 =M 5nREAr A 2 56 10 i
M43 U0 - 3ok 28 G2 Tl I KA AR EAL R [0, 255] 3RS
Mo TR, FTA S B R i A AT AR etk (i
Sigmoid %) .

# 6 SBD #iE4E (Hariharan et al. 2011) F4F 5k E1R AYF1

BATHIE]
Methods
Time (s)

CASENet
0.166

SEAL
0.166

DSN
0.171

DDS
0.175

5.3 SBD LRI

FeA1H4E SBD %i¥E 4 (Hariharan et al. 2011) |, $#F
DDS-R/DDS-U 5y At AT 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)f1 DFF (Hu et al. 2019). i DFF 5
CASENet HAM R E 2L, IEHATERs
DDS-R &3] DFF PAUEW] DDS-R By A fedh.
AT DFF i) DDS-R, #ATRM 554G DFF A
[F P A S BT 2R SR

SEAN AT . DDS-U 7ERTG B ¥E s s T
BAEPERE . Bk (Hariharan et al. 2011) R85 5,
i DDS-U #F ODS F-measure |}t SEAL &
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boat

bicycle bird

aeroplane

dining table dog horse motorbike

Original Images

bottle

person

bus car cat chair

potted plant sheep sofa train

Ground Truth

CASENet

6 SBD #{#i4E (Hariharan et al. 2011)FHy—2R B, M EEI KK : Biafid. JFEEG . EffK . DSN. CASENet (Yu
et al. 2017), SEAL (Yu et al. 2018). Ff#& i1/ DDS-R 1 DDS-U. Ff 1348 (Yu et al. 2018) i (i 4 F i il o

1.7%, t CASENet 5 3.4%, Fii A, DDS-U 1% T it
FrtERE. FATEWELE], DDS-R WA A DFF
(Hu et al. 2019)f 4 fE. Bk, $2£H1 DDS A PA
ARt SED #y—fbkry 8. M CASENet ]
DDS W4T KT STEAL AO42Ft. 14k, InvDet
(Hariharan et al. 2011)&—Fp R FIEIREZ 2T
%, SHARERITEME, ERR i BA TS I 4s
B, COB (Maninis et al. 2017)&—Fh et 225075

KB LA 5k, RS DilConv (Yu & Koltun
2016) 1)1 LA BIAH LSS A PTAS 2 = Mk R 18 A 2k
Mi#5. COB it DilConv [z Bt T B I1 il £ 5 ¥4 11
Btk CASENet f1 DDS-R/DDS-U #5i+ COB
VLR T E s SR SGh G b, RO T E il
GOANE oy BT 44 T SED 2 A5 . DSN,
CASENet £ DDS #5547} A 415R6 7 . DDS
A DAA: AR ST %, RS HEERE A R % .
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#¢ 7 DDS-R/DDS-U FiH At 77 ¥57E Cityscapes ${#i4E (Cordts et al. 2016) L) ODS F-measure (%). 4311 EH: 68 DA
FIARZE IR

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 87.8182.5|83.2|55.2|57.5|81.4|759|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 |87.2|82.2|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 | 22.4| 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|80.1|91.8|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|754(80.9|60.1|87.4|81.5|68.9|88950.2|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|58.9|86.8|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|79.480.4|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 FlHAh 7 ¥EAE VOC2012 $#E4E (Everingham et al. 2012) Fff) ODS F-measure (%). &5 3%ERE
DARRAR SR H B

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 85.260.0|84.461.8|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 83.3567.5|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|46.2|80.1{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 79.8 164.3|79.155.0|63.4|78.3|66.8|75.5|52.7|74.3|44.3|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 76.961.0|76.6 | 51.159.8|75.3|63.8|72.0[49.3|72.3|40.0|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|74.851.9|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

Yu %5 AN (2018) K& P, 5 —48 SBD Fp&AEfEM:  pi(Hariharan et al. 2011) 38451 &, DDS-R #1
o, R ES R T EF RS 1059 KK%, DDS-U ) ODS F-measures 43 7|l iz i ) SEAL
MR T — A F M E . AT H AL -, (Yu et al. 2018)5 0.8% Fl 2.4%. FETENZ,
FrEATHI T ¥ES DSN (Yu et al. 2017). CASENet  SEAL i fil #1925k mg % CASENet #:47 17 -l
(Yu et al. 2017), SEAL (Yu et al. 2018)#1 DFF (Hu %, B, [RIBHETFFRS>] . 76 R 01 2656w
et al. 2019) 4T T He& . ZEFFAE TEMIFEHR ., DDS  F, EF (Hariharan et al. 2011)F #3545, £ ODS
Foa] PAYEE CASENet 1 DFF g4EfE. H&M =, F-measure |, DDS-R tt CASENet 57T 3.0%.
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T AR AT D TR B S5, RATE R4
FRIR T —A Bl FRATATEE SRR T M s i
MIH— . TR BOEHRTE Sigmoid JELPEILZ
ARk h T RCERE, RI1%H R DDS-R
V)5 D 000 S P BTG o AABE — O i 321 B85 = Mo, W] DA
F| DDS-R [454F B 1 DSN 1 CASENet J& 152 .
DDS-R 7] DA% BRI T4 2 50 To X i1 2% , i DSN Al
CASENet AIfFAEME 5805 . I, 76 CASENet 1,
WA S — M ~ 55 = M e, AL
FIRABH GRS . XT3 20, DDS-R A LAY
X N5, 1if DSN fil CASENet 1A .
I, A5 B EE IR A B T 5 4 06 56 T 00 sy ok
FPRANM K28, X FE—P 50 0E T rd iy DDS
R R LS AT ATk

F6H R T L 2 BN B . 5 ARSI
S8M L, DDS-R/DDS-U 0] A= Az B8 i3 i A P9
%%k . AR, 75— FH, KEHHEN ] DA
WA SRR R DR, BN, B
BRMAWMTE . 5 =%, DDS-R/DDS-U ] DA
TE/INA A 300 SRR 77 AR i B, i A A T 2 A B A
S9N . X FH] DDS FEAS I/ N A T T RO . FK
1136 % ¥ DDS-U Hl SEAL wJ DA s B 014, 1%
FERA 5 LA A A ALY Sigmoid A2 XU 2 il
YL B A S A TN 2 B T HERf E SL Al 7t

5.4 Cityscapes [P

Cityscapes £{#E£E (Cordts et al. 2016) ¢ SBD (Har-
iharan et al. 2011) 8 H3k ik k. Cityscapes 5
T R R T S 2R i 3 SR A AR, Gl R TR
AT R T ES Sh . BN EGR TR EZE
Pk, THEZHEZHYAK. Ft, Cityscapes Xf T
WTE S Zker 4 AT RESE A BEIR T FRATASOURF
DDS 5 5 Mg Gh i igs AT, B DSN (Yu
et al. 2017), CASENet (Yu et al. 2017), SEAL (Yu
et al. 2018). STEAL (Acuna et al. 2019) il DFF
(Hu et al. 2019), ifH WA Jedk 118 S EILAY
Bl PSPNet (Zhao et al. 2017)#ll DeepLabv3+ (Chen
et al. 2018), Fkf1#EHL PSPNet I DeepLabv3+ (1)
A EIA S, AR CE AT B ) AR R S
18 %% (Hariharan et al. 2011). P25 R 0267y
713 DDS-R #l DDS-U #3120t T HAth 7575 . PSPNet
(Zhao et al. 2017)7F SED J i HA 54 11, (HIEREA

AR . RUEETE ST, DeepLabva-+
(Chen et al. 2018) [t PSPNet (Zhao et al. 2017)4:58
B4, {H/Z& DeepLabv3+ 7& SED J5 [ (1) & B AN 22
THABTTVE o X R TE oy EIA BE B2 A AT RERY 4
A, R B 3T SED RFSE. ERAH
[l 2 RS LT, 46 (Hariharan et al. 2011)H
3545, DDS-R ) ODS F-measure H, CASENet 5
3.1%, 1M DDS-U M)k SEAL & 4.3%. ®THERT
—BE PR, AT AF F| DDS-R/DDS-U 74
TR A I 2%

5.5 PASCAL VOC2012 il

VOC2012 (Everingham et al. 2012)f %5 SBD 4§
P4 (Hariharan et al. 2011) HAHFEIAG 20 142
Ao X VOC2012 5k, FA1#kEk T SBD i
TR EG, MIMER T — M 904 5KE
BRFIIESE . U, FEA R FTE£E A SBD |
GAEZ A RS RO VOC2012 ik
£, FHEENAE SBD _EUNZRr AR I -— L8 i)
R, AR, FATTR] DAMIAS Fh Oy i s . (22
VOC2012 Wy JE AR TR B A AR T T
N RARYER AN DI, AT RS PRI . B A2 1Y
72, M (Yang et al. 2016) i 3% , R A
CRF #i#(Krahenbiihl & Koltun 2011) H#H4RH %)
PRAR S TN Dt . FoATTE— 2P A4 (Hariharan
et al. 2011) A i MG R S8 Y T LA % . PJEFATT P
M, XETE VOC2012 a4k FiTil SED iy~
98, TRZERWNFESFIR . MAUH—F, HT DDS
T E R B e bERE , X RH] DDS M4 HA R 4T
V143 o

6 L4

EASCH, FAVIFGE T SED A, Joii il
FHEWEXT SED 2 AMER (Hu et al. 2019; Yu
et al. 2017, 2018) . FATUEHX 255 R, I WA 5
SEMEATIE M BT, W AR I 28 AT TR I R
BRI IR . AT IRIAZ L2 5 AME Bty
EAEAT I 2 9 S5 R SRR 9 285 e %
L — BB AR 5 T E 0 . DDS
£ 45 SBD (Hariharan et al. 2011), Cityscapes
(Cordts et al. 2016) il PASCAL VOC2012 (Ever-
ingham et al. 2012) 7& N A LA AT R LR F391K 3]
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building fence pole traffic light traffic sign terrain
rider car truck bus train motorcycle bicycle

Original Images

Ground Truth

DSN

CASENet

SEAL

DDS-R

DDS-U

7 Cityscapes $#54E (Hariharan et al. 2011) 1 §—2R B, M BB TFRE: BieaiD. JFEE%R . BEEE . DSN. CASENet
(Yu et al. 2017), SEAL (Yu et al. 2018), Ffii#) DDS-R #l DDS-U., FKAT455(Yu et al. 2018) H i (4 i il . AT DA
Fih, DDS 77 A= (810 2% SEN-F-3 A .
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T AR P RE - AT TR B R U R R 3 R 25 11
AN SED DA H A AT 55 (A 43 %(Chen
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