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HT—=ART v FPEDT 4 b TIRBEBROERL, 7 X
YT—=Yaryvy Ih s OEBGER L FRRRIC, pix2pix (1] OF
ETHEBTE S, ZAUIHONIAR S v b7 — 2 (Generative
Adversarial Network:GAN) [2] Z A U 7z BH§ZEHTFiEO—fE
T®H 3. GAN & Generator & Discriminator @ 2 D2DX% v b
TV — B E LS. Generator XYY § 2 LM% 4K
F35728D+ v 87— T, Discriminator (& Generator 534
MUY e A Z#AN T 272DDF Y h T =7 2o TW»
%. Generator (X Discriminator %83 & 9 12, Discriminator
% Generator DAY % RikKIF 2 X5 ICFEFZITWV, 200D
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REHEER RZTEM T 2 IRZIER L, FID #FHiliRUE & KID &F
MiRE, 7> — Mk 2l TRERE L Z L 2RT.



2 [ &t 3%

EfRAERKIE, GAN [2] ZHOW=FESE KR LTED, iF5E0TE
FIfTbI TV 3. SEETIE Diffusion Model [4] % V7 ik
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FRRA VT 4 YT RATE U-BEHRERICE T 215t 18R
XN TWS. BUFTIE, GAN ¢ Diffusion Model % F\ 7= [Hi{%
BN R T v FRRA VT 4 700 QEBGAERICE T 21
FITOWTIRR S,

2.1 GAN %ZfEH LERER

BHODO GAN 3/ 4 XD&E%Z AL T 55, GAN » R4
L7eFikEe LTEMA%Z AJ1L 3% Conditional GAN [6] D3MF(E
T3, THICEoT, FHFIMIELIEMDTES. Isola 5D
pix2pix [1] X Z D&M LTH{GZ W2 FETH 5. pix2pix
1%, JBH O Conditional GAN DELEIEICHNZ T Discrimina-
tor DEKREENZ L1 BERBENMA 5N, S 5 I2EGE /N
oy FIZHIRL, 2%y FHRA TR B DA 21T - T
W3, 2k hEGROeEGE L1 BB TR A, SR
#6571% Conditional GAN TH#H R 6N 3 X512k D, BEDSH
WHRZE A A[RE L 72 5> TW 3. F 72, Generator I LTdH
U-Net 82 EAT 2 TRE2TV, HBEEEZALXETY
% . pix2pix [XHEBEDR 7 23 H I T DGR EEE T2 2
EMTEDD, MEADODEEPE I X YT —Yar~<y Th
SOERER, kT 4y 2k IRy F—vay £ 70
BoAH 7 —1b, MEEED LMK EERT 2R LR R AT
WHEAT2ZeMTES. LaL, RREELDDETLIHR
STZEMTERVE WS DD 3.

ZAUTH LT Wang & 1&, SRR R EIRZE 2 ATREICS 2
E7LE LT pix2pixHD [3] 2% L /2. pix2pixHD i, &ifi#
BEEGEIE L HNT 27201082 27— L OBEHBD
Discriminater #FHE L TN R AT — VIZEBL L 72 BB
L T#% Discriminater ZHETE 2 XS5 ICTRINTVWS. &
AT X D pix2pixHD X, 2048x1024 FTD X D EfE(REE O H
BAERETREE L7z, X561, BHE OEEBEBICIZ T, Fea-
ture Matching Loss Z#7E#& L TW%. Z4{UZ, Discriminater 12
Ground Truth E{§ & AREGE A LIz TKEOM %2 —
BXE27200bDTHD, ZHUZ XD Generator 12L& H HA
BRAERZRT ZENTES.

2.2 Diffusion Model Z{EHH L 7-BEIRERK

ESRAERIE, GAN Z2RX—2 2 TR3FEIRLLS ERE oT
W=2s, Ho &1, HERYEECE 7L % Bl W= S AR 7R AL i 2k
T& % DDPM(Denoising Diffusion Probabilistic Models) [4]
PRELE. COFER, BRI L TN R A X240 LTD
RBLTWL 22T/ 4 XERICERT 2 BEE2EZ, ZOWE
Uz Ko T/ A4 NG HEGREERT 25ETHS. LA
HHNZIE, 7 4 BRI L ThhroTWE ) 4 X =a—F b
Iy U= TTHIL, ZhzhiRTzeTcdhLso /4 X
FHDRL Z & CHRZEERKETTS. Diffusion Model 13578

B R/METERETE, GAN @ & 512 Discriminator
EHOWZD LW S GAN BT 2 e HHTIdR <,
GAN THAE LR TVARLHAR € — IR E OREDE
BRIV EWIFEND B, £72, GAN b B L TEHER
TF—ROAEFITTRNZ ¥ SR E LTHEIT NS (7). L L
DIRL /A X%ZFT 2220 GAN & Hg U CTA IR E 23
Hh B (8. BT, EMRBEOEBKEERT 25E121d GAN
CHBUTEDERZ Y VI =B EL R D70, TV
RIRX =X FHEBPEKT -1 D 5 (7).

Diffusion Model T, FEZDDH DD TRUMTH 1 v b
V=07 —=%77F ¥ DLRMTHOITVS. %< D Diffusion
Model i& DDPM [4] TERMED RSNz U-Net 7 —F% 7 7 F %
ER—R LTHREINTWS. U-Net [9] 13, BEEAEGRDO £
RYTAY TR TR T = a VAHARR I N R F v THHT
%Ri# ¥ 3%, Encoder-Decoder # v bV —2TdH%. DDPM
TR I LT, TREML U-Net ZHRELTWS. BK
#91Z1%, Diffusion Model ¥ L THW 2 7= IR EIERE R T
HHIAARBDE A, Wide ResNet [10] D& A, Attention D
E A, Group Normalization [11] DEANEINTWVS. TH b
D THKIZ & D Diffusion Model TOBGERMBEBR SN Z
AN LT Dhariwal 5%, 2D U-Net 7—F 7 7 F ¥ & RX—
A LTT7—F7 7 F v HRE2TV, BmE DS RIEE O
B4 2 B L 7= ADM(Ablated Diffusion Model) Z$2% L
727, BEARRNCIEE TV OBEE, Attention FEED v FEL,
ResNet Block 125t U TREEBEERDTON, €TV DFRRPTH
Nre. ZOWFFIC KD, Diffusion Model 534K D RIEHHTH -
7= BigGAN [12] OFE% LR % Z e RS Nl

2.3 RTYFRRAU T4 2 ITH5DEHRER

WE, AT v FRRL VT4 7% AN L CHBERE
EHTZFIEDBBEINT VA, Isola 5D pix2pix [1] T,
Edges to Photo & L TEZA 5D 7 + + U 7R EGAER -
8% L 7-. Edges to Photo I& HED (Holistically-Nested Edge
Detection) [13] & FI\W TR U 7 b i@ Gh 5 7 + MU 7v
IRERICTIEICT B X A 7 TR M 2 WIS D S AR T 2
MADTHONTz. Wang 51X PITI(pretraining-based image-
to-image translation) [14] Z AW EBRE X Z 7 D—>D
L T Sketch-to-image synthesis #$#2% L 7z. Sketch-to-image
synthesis IZDWT® HED [13] ZHWTHIH L7225 v FH
BEIZF PV TAVRZEBRTEZL VI HSDTHS. Meng 53
RA VT 4 ¥ 7H S OEBAKTFHEL LT SDEdit(Stochastic
Differential Editing) [15] 2R L7z. ZOFETI, EIFIC
MLUTRT 477 4 VR RH#ESR, BET 2 2 L THEGe X
BT BRA VT4 JEGEAERL, ZOHEGREZ ALY LT
Diffusion Model IZ& 24 > T 4 ¥ 758 7 4 F Y 7ILIRH
BADZERE T LT W53, Zhang 5%, 28 A D Diffusion
Model D—2>T% % Stable Diffusion [16] 125t L T %8
LCHIHT 24y bV —2HETH %, ControlNet [17] ZHEHR
L7, ZOFIERITE D, Stable Diffusion 123 U T & 2255
AT & DA RHTFIREL 72 o 7.
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® 2: fR2FFEON. 27y FEBIICE D, BEIIGT 2 AW X5 k257 v 7% HEAER T 5 .Conditional GAN HTIER 7 v FH 5

FEREORBIIETT 2 Z 2 BN LTHEEEITS.

3 REF &

REFEOTRNER 2 1R T. 2—FF TERLZVEZRD
BRI 7R TRRENC WIS 3 2 (g 2% f7
EHDFLA Y —ICBQEGREPEEL TERLIZbDEAN LT 3.
Z OFRE ¢ AEGIZ AL T BHEL TV B, EHRIC
BHErET AN 27 v FERBICHR TS Z 23R
HTH B, 2 TAWSETIEIRE L GE{G 2 TEIN U TE‘
WFREATS Z 2 THEINCHH T 2. X512, /oML &
HGERAEGH T2 TIRORT vy FHIfE L, ZhEe A
J1& LT, Conditional GAN D¥F %2175, DIFTIX, X7 v
FOERFERCIRE T B ERE T U OWTHAT 3.

3.1 RTvyFDER

KIFFETIE, A7 v FOERFTELE L TR v F 1R Ty
F2D2ODFEEMNS.

A7y F 1T, BMOMHGEE LT A XBREZRML, 27
L— 27—V B 2@k S €72 7L — 20 — VRO
AW AR, MRz 5. 2512, ZOHE{RIC
X LT Zhang-Suen 7LV X 4 [18] % )5 LHIFLE1TS.
oML ER, A== 7LD 71T Y X LD SEEDS
(Superpixels Extracted via Energy-Driven Sampling) [19] %
AWTHIEZITS . A= 8= 7 2 3@ EET 2 %
IN—¥Y 7T BTNV XLTEERE L ETED D
SL7borAEBr 5.

A7 vF 2 TR, BMoMESEE ULTHED13] ZHWw3.
pytorch-hed [20] & F\WClgEl#R 2 it L, Zhang-Suen 713
VX 4 (18] &G LHIRR L 21T S5 2 & T, Wi e S 5.
o FiEICIE, SDEdit [15] @ Stroke Painting & [ D T
HEr WS, BAEICE, =2 NP A X2 DT 4727 4
VR % T 724212 Pillow [21] @ quantize & FWT, 6 tIcfE
L7b Dz EEGE T 5.

3.2 Conditional GAN
KIFFETIE, AT —ART v FhT—AT v F o EFEA
EFAEHWTESALEE <Yy 7% AJ12 LT pix2pixHD

@ Generator FUCEBEEMA 72T VERET 5. BARMICIE
Generator % Diffusion Model (2350 < U-Net IZZH L, HE
~ v 7% DPT-Large # AW THE S 3. 21 LD Discrimi-
nator FDMEIZ DWW TIX pix2pixHD L FIEETH 5. LITTIX
Diffusion Model (235 < U-Net £ DPT IZDW T 5.

3.2.1 Diffusion Model 1255 < U-Net

2.2 fi iR 7z X 512% < @ Diffusion Model Ti& DDPM [4]
THEDRE NIz U-Net BIR—2 ¥ LTHERSA TN . AR
%TIE, 7—F 77 F BRI K D EBEDMTHZ ADM (7]
THEAXN TV U-Net 3. LA L, GAN Tl Diffu-
sion Model D7 DR RIBEHRE /S WREZ LI LRI &
Y, ETFANRT X —REHH 5.5 E (554M) L IEHICEKRTH
52 e bEHICWREREzLEL L, ZOFEHHTS 2
LRV, 2 2 TRATERZ RS BREOHIR . 7185
X — ZEDOHIBEITWV, pix2pixHD @ Generator & L CTEA S
3. BRI, s EOR Y oY Y v 2R 3EE TS
LEhNORE~ Yy 7OH 4 X% 1/32%1/32 205 1/8%1/8 D
B4 RETORY V) 2 7 ETIHIE, BHEF v~ >
N R VA y ZERZFREHIR, R bty 2L 1/8*%1/8,
1/16*1/16, 1/32*1/32 OFE~ v 7 OFEK T ResNet Block
DRIZHLE XN TW7z Attention Block %K b L v 7 ED
HITHITR, FREROMEDIAAREZ G T 28/ & ResNet
Block 2 6 R FUHIRZ T 5 B ORIFR 21T o 7. Zh o O
I &5 ToT X —ZH%H 5000 7 (50.5M) ECHIB L7z X
31285 X — ZHIE & IR FUIEIREAE D HIFR %2 1T 5 72 Generator
DAy b= MERT.

3.2.2 DPT(Dense Prediction Transformers)

DPT [5] &id Ranftl 52%42% L7z, Vision Transformer(ViT)
[22] ZHH LIz XY T —2avEFLTHS. HifOE~
VT A IR TR YT = a e BIREEHEICBWT, CNN
ER—REFTHETNEHRL CEREREEZ ZHZETH
2. FHCHIREEHEE ICB W T, DPT 3ROSR T X b 34
RN EERT 2EAIH 2 Z L HARENTWS [5]. AR5
TlZ, ViT-Large ZX—2 ¢ ¥ % DPT-Large D¥EHFEAHET
NERWTRT v FhrOEEHERITS. Z L TRONIEE
Ry TENT—ART v FLEDHBITGAN DAL LT 5.
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3: Diffusion Model {253 < U-Net (fBRFE 2 B & F4EFETF1 3 @ Generator)

3.2.3 R—2 54 Fik

ARIFFETIER—R T4 YFHEL LT, pix2pix [1] ZHWV 3 F
#E e pix2pixHD [3] Z WA FED 2 X HHT 2. 2
LDOR=ZF7 A4 VETARMEBERIR-—RF7A4 VFiEL BE
ER=ZAF A4 VFHE2 LN T 5. X=X 54 YFiE 2 T,
pix2pixHD @ Global generator network @ %% Generator ¥
LTEAT 5.

3.2.4 #REFIL

AIFETIRBREFEEL LT, R—RX54 VFHE2R2R—2
CLTEERT-/23 20T AERET 5. BEFIE 113,
pix2pixHD 124} LT DPT-Large IZ & D H#EE L HEE <y 7
BHT =Ry FIZMATEMDANLETZETALTHD,
pix2pixHD+DPT-Large & F-Fi3 2. 1BEFHE 21X, K31
7~ L 7= Diffusion Model 1230 £ U-Net % Generator ¥ L7z
pix2pixHD T& D, pix2pixHD-Unet & FEFRS 5. 18R TIE 3
BRREFE 1 b REFE 2 2lAGDLYE, BREFE 2 1THLT
DPT-Large I X W #EE L7 RE~ Yy TREMO AT & L1zE
TNTH Y, pix2pixHD-Unet+DPT-Large & FEFFS 3.

4 = BR

4.1 7—2tvk

AHFZETIE, ADE20K F—&t v b [23] £ LHQ T—&t v
k[24] @ 2 oFMFHT 3.

4.1.1 ADE20K 7—&+tv b

ADE20K 7— %+t v MIBNB L UOBHDORA R — %
BUEHBRT 27Ty NTHDB. T—XEvy ME 20,210 KO¥H
i 2,000 W OMEEHERD HERE NS, EEIXEEH
CREREFFEIC 256 X 256 W2 U4 XL, EBEIT- 7.

4.1.2 LHQ 7—%+tv b

LHQ 7—%ty MIBARROHEHIGE) SMERINE T —&
€y NTHB. F—XEtv M 90,000 W SRS NS, HifR
H 4 X1d 256 X 256 TH 5. AW TIE, FEH 81,000 £, M
FEAH 9,000 BUZTEIL, FEERZAT - 72,

4.2 & i 5 1%

FHfi+EARIZ 1 Fréchet Inception Distance(FID) [25] ¥ Ker-
nel Inception Distance(KID) [26] % {#if L T, WG R O 01
& Ground truth O3 O ORHAFEREZHIE S 5. FID X2
7 ¥ KID 227 OHEMICIZ clean-fid [27) Z Wz, £/, &
ETNADRT R =ZPIZDOWTHFHET 2. T X —2Ed
Generator D 87 X — X EHH L, DPT-Large kK Z D
RNIA—ZPHIMATFHES 5.

T 27— M S & B

AT, IR ORI mZ Ty > 7 — Mk B AL
FBFMBEML. 77— T, I0ROFHEDH T —
ATy FINUTKEETVEHOCTEREZITY, BEEWZL
B ERICIEN DT 2 LTLEE W EHHHL, SFIEDER
WERZIEMAT T 3 5EEHWE. 612, 77 — MiE»
LEFIROENEIEMETRXEEFNL TV IEAEEHR L.

4.3

4.4 ETILNGA—AZ

Ny FH A E 8, epoch Bl ADE20K 7 — Xt v Bk
1350, LHQ 77— &ty FEERX 15 & Lz, 7z, 2EHRIZ
0.0001 & LTW3. ZDOMD 8T X — &k pix2pix 1AV I F
LY REIREDME, pix2pixHD % X— X & F % Fikld pix2pixHD
L ABEDIETEBRZIT o 7.



K1 BETNVOEBEREZBETNDARI A=, FID 2a7 & KID 2a7i3ERiER Y Groud Truth B OREBEFEREZRT. 7 X—%&
BUZTDWTIX Generator D87 X —XETH 3. 1272 L, DPT-Large i3 2 FIEICODVTED T X —ZEMATERLTNS.

A7 v F 1256 x 256

A7 v F 2 256 x 256

ADE20K LHQ ADE20K LHQ
Method Params(M) FID | KID! FID|! KID| FIDJ KIDJ| FID! KID |
pix2pix (R=274 YFi 1) 54.40 48.18  0.0202  31.67 0.0148 116.79 0.0715 62.05  0.0396
pix2pixHD (R=2F 4 ¥Fik 2) 45.59 27.74  0.0055 23.44 0.0110 53.56 0.0182  30.87  0.0140
pix2pixHD + DPT-Large (BBEFIE L) 389.05 33.01  0.0077 26.34 0.0132 57.93 0.0212 36.11 0.0176
pix2pixHD-Unet (RET 2) 55.00 17.65 0.0013 856  0.0026 29.96 0.0047  9.77  0.0020
pix2pixHD-Unet 4+ DPT-Large (128 Fi% 3) 398.46 16.66 0.0009 6.56 0.0018 29.35 0.0046 8.89 0.0018

R 2: TV — MNIBYBEEEOER

Lot 4 Ratio@N(N izl LoFXDEIE)
Method 1 2fi  3fi 4ff 5fi Ratio@l  Ratio@2  Ratio@3  Ratio@4
pix2pix (R=RF4 VFik 1) 1 1 16 12 70 0.01 0.02 0.18 0.30
pix2pixHD (R=2 74 YFik 2) 11 16 33 32 8 0.11 0.27 0.60 0.92
pix2pixHD + DPT-Large REFIE 16 14 28 37 5 0.16 0.30 0.58 0.95
pix2pixHD-Unet (REFHE 2) 36 34 6 11 13 0.36 0.70 0.76 0.87
pix2pixHD-Unet + DPT-Large (}8&Fi% 3) 36 35 12 15 2 0.36 0.71 0.83 0.98
4.5 RBRER ETWVWB DR TES. FC, 88 FIE 2 b REFHE 3 &

£ 11X ADE20K 7—%&+t v & LHQ 7— &t v M TOEE
BWRYBETNDRIA—ZKETH 3. £1 &, pix2pixHD
® Generator % Diffusion Model 1253 < U-Net L7218 L T
213 pix2pixHD L L CTH T DT =Xty FOBR T v F4
RAETHENALELTWS Zbh b, & 512 DPT-Large
PRHOWEE~<y 72BMO AN LTREFE 3 Zehzho
TFT—Xty bTRLIBWEE LR o7z, Lo L, pix2pixHD I
NUTHEE~y 72BMOATTE LTEZRETFIE 1 IcBL
T3 pix2pixHD 1230 U THEDMKT L .

K43 LHQ F—&ty FDRTvF 1 TOEBBITH 3.

ERTZEHIRE Lo TWD Z MR TE 5. pix2pixHD 1,
BIRKIZOWTIE pix2pix X DD RVWH DDEGHEBIE-ZH Lk
WHRE I o TWB ZEMHERTE 2. BEFHIOVWTEZ
N DOREIBERINTE D, BRI IIUE I N
TVWBZEPHEERTE S, Lo L, BYEEhaiconTix
HETHE 2 L RETE I BV T RIAREBRBAEIATWY
720 3 AHIDHERTE KI5 D LHQ 7—&Xt€y hDR T v
F 2 TOERMBNT DWW T, pix2pix TIEK 4 TOAERH] & [F
FRICEED D oD ¥ LTW5 Z & DHERRT &, pix2pixHD 12
ONWTHEREBDIFR T DR TE . TSR L TIRETFIET
BYERORESE > E D 2 L, fipREEPERINTWS Z
LOMERTE . X 51T, Ground truth ¥ g L T d#EE RN
METHILTE TV ZLDHETES. L, ATYIDE
FNBHNCOVTIE EFLERTERVWETLE TN 50
NTE.

F2, K6 1ERA VY7 EHOCTADRN R v F 0
LOEMERTHD, LHQ 7—& -ty b TRT v F 2 TO¥YE
EiTo KBTI A ERWTEREIT- /2. 6 b, ADHW
72T v FhHDERICBWTS 7 4 MY 7ARERELERT

EARPANOBEEC/KHORBD EFERTETVWE Z 2D
MWETZ3. LoL, M40—FFTOBID XS 12, 2851 HE
RigT IV AF ¥ DBENBr — A bMWRETE

4.5.1 77— MiER

X 6 OFEREHNT 10 A LTT ¥ — 2 FEHEL /-4
B, £ 2 TH 5. Ratio@N (ZLAEDIZH LT N itk Fi5E
Bh-EEE2RT. £2 IVREEFE 3 EED LMGEIN S
ENZ L, THREDBAS Zepnbinz eBnanrs. 712750,
1 AISEIEN NIRRT 2 LIRE T 3 TREOD 36 ET
HDIEHHRTES.

4.6 & £

FEEAER X D, Diffusion Model 1250 < U-Net % EA L 7%
RBEFIE 21X pix2pix BED T X =X BERELRN O EM[E
L322 il Li. 24U &b, Diffusion Model 1243 <
U-Net %3 Diffusion Model 721F T7 { GAN O Generator &
LTHRRTH 2 Z L AERBTE 2. Tk, Wide ResNet
X Attention, Group Normalization 23 GAN {ZXt LT HHH)
THolzZeWEZOND. Tz, pix2pixHD @ Generator 73
B oH 7Y v THDER R LRy ZHRIC ResNet 23EIE X
TW2 D3 L, Diffusion Model 1255 < U-Net Tld&X v >~
B> Y 2 F1BIZ ResNet DIELEINTE D, K2 WIRE DR
B~y 71T LTS ResNet ZHEIGS TV S Z L HFEED
ML DBoTNDE e EZLNS. E 51T, DPT-Large % H
WTHEE~ Y TE2BITE X 2R EIT o 7R EFIE 3 1, 18
FEFE2 LD S OITBELRE L. U, BE~y 12D
F YR DOTEBOSE WIRE TNV — Y &N 2 e H3, Bk
DO E R ITREHRADOM LicokRno/eEZI NS, L
L, pix2pixHD &3t L CIRE~ v 72 EBMO AN e LTEZ 7%
REFE 1 WXOVTUL, BEMET T 2R ok, 2,
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pix2pix pix2pixHD pix2pixHD +DPT-Large pix2pixHD-Unet pix2pixHD-Unet+DPT-Large
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F7z, FFEDOLHQ ¥ —& 4ty b TD FID 227 ¥ KID 2
a7, £ HIZ ADE20K F— Xty P TOERBMERLD &
FERERIE oM. ZhuE, ADE20K 7— &+ v F 2k 4
R—VEELT—XEy b THBEZ2IINLT, LHQ 7—X&
v FPHARBRBEDADT—XEy b THD, ADE20K 7— &
ty FDIESEEDBRETH > 2 T2dR e EZEND. XB5IT,
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1235 U-Net & DPT-Large % & A L 7= pix2pixHD % $2
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72, KRB TIE, DPT-Large 12 & % REEHEE SR DI
EEom b0 Rdiofd, BigDO X 7R v T —2a VIFRE
WEZTTRL, B9V TA4v I TR YT = arBFIE
L, STEGO(Self-supervised Transformer with Energy-based



Graph Optimization) [28] % PiCIE(Pixel-level feature Clus-
tering using Invariance and Equivariance) [29] @ X 5 72 #fli
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% LMD EEDMETH > TED, KDBMBRARANDRT v
FRHNR T v FIIEHIET 2 ZeBHRZVWEEZONS.
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L7228, BAED AT HEI#1Z Ground truth B O E#H%Z 2 £
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SO LTI, Diffusion Model 2 L SDEdit [15]
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% ControlNet ZE A L, 8% A Diffusion Model %\ %
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X 7

(1] Phillip Isola, Jun-Yan Zhu, Tinghui Zhou, and Alexei A
Efros. Image-to-image translation with conditional adver-
sarial networks. CVPR, 2017.

[2] Ian J. Goodfellow, Jean Pouget-Abadie, Mehdi Mirza, Bing
Xu, David Warde-Farley, Sherjil Ozair, Aaron Courville,
and Yoshua Bengio. Generative adversarial networks, 2014.

[3] Ting-Chun Wang, Ming-Yu Liu, Jun-Yan Zhu, Andrew Tao,
Jan Kautz, and Bryan Catanzaro. High-resolution image
synthesis and semantic manipulation with conditional gans.
In Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition, 2018.

[4] Jonathan Ho, Ajay Jain, and Pieter Abbeel. Denoising dif-
fusion probabilistic models. In H. Larochelle, M. Ranzato,
R. Hadsell, M.F. Balcan, and H. Lin, editors, Advances in
Neural Information Processing Systems, volume 33, pages
6840-6851. Curran Associates, Inc., 2020.

[5] René Ranftl, Alexey Bochkovskiy, and Vladlen Koltun. Vi-
sion transformers for dense prediction. In Proceedings of the
IEEE/CVF International Conference on Computer Vision
(ICCV), pages 12179-12188, October 2021.

[6] Mehdi Mirza and Simon Osindero. Conditional generative
adversarial nets, 2014.

[7] Prafulla Dhariwal and Alexander Nichol. Diffusion models
beat gans on image synthesis. In M. Ranzato, A. Beygelz-
imer, Y. Dauphin, P.S. Liang, and J. Wortman Vaughan,
editors, Advances in Neural Information Processing Sys-
tems, volume 34, pages 8780-8794. Curran Associates, Inc.,
2021.

[8] Jiaming Song, Chenlin Meng, and Stefano Ermon. Denois-
ing diffusion implicit models. In International Conference
on Learning Representations, 2021.

[9] Olaf Ronneberger, Philipp Fischer, and Thomas Brox. U-
net: Convolutional networks for biomedical image segmen-
tation. CoRR, abs/1505.04597, 2015.

[10] Sergey Zagoruyko and Nikos Komodakis. Wide residual net-
works. In BMVC, 2016.

[11] Yuxin Wu and Kaiming He. Group normalization. In Pro-
ceedings of the European Conference on Computer Vision
(ECCYV), September 2018.

[12] Andrew Brock, Jeff Donahue, and Karen Simonyan. Large
scale GAN training for high fidelity natural image synthesis.

(13]

(14]

(15]

(16]

(17)

18]

(19]

[20]

(21]
(22]

23]

24]

[25]

[26]

27)

(28]

29]

In International Conference on Learning Representations,
2019.

Saining Xie and Zhuowen Tu. Holistically-nested edge de-
tection. In Proceedings of the IEEE International Confer-
ence on Computer Vision (ICCV), December 2015.
Tengfei Wang, Ting Zhang, Bo Zhang, Hao Ouyang, Dong
Chen, Qifeng Chen, and Fang Wen. Pretraining is all you
need for image-to-image translation. In arXiv, 2022.
Chenlin Meng, Yutong He, Yang Song, Jiaming Song, Ji-
ajun Wu, Jun-Yan Zhu, and Stefano Ermon. SDEdit:
Guided image synthesis and editing with stochastic differ-
ential equations. In International Conference on Learning
Representations, 2022.

Robin Rombach, Andreas Blattmann, Dominik Lorenz,
Patrick Esser, and Bjorn Ommer. High-resolution image
synthesis with latent diffusion models, 2021.

Lvmin Zhang and Maneesh Agrawala. Adding conditional
control to text-to-image diffusion models, 2023.

C.Y. Suen T. Y. Zhang. A fast parallel algorithm for thin-
ning digital patterns. In Communications of the ACM, vol-
ume 27, pages 236-239, 1984.

Michael Van den Bergh, Xavier Boix, Gemma Roig, and
Luc Van Gool. SEEDS: superpixels extracted via energy-
driven sampling. CoRR, abs/1309.3848, 2013.

Simon Niklaus. A reimplementation of HED using PyTorch,
2018.

Clark Alex. Pillow (pil fork) documentation, 2015.

Alexey Dosovitskiy, Lucas Beyer, Alexander Kolesnikov,
Dirk Weissenborn, Xiaohua Zhai, Thomas Unterthiner,
Mostafa Dehghani, Matthias Minderer, Georg Heigold, Syl-
vain Gelly, Jakob Uszkoreit, and Neil Houlsby. An image is
worth 16x16 words: Transformers for image recognition at
scale. In International Conference on Learning Represen-
tations, 2021.

Bolei Zhou, Hang Zhao, Xavier Puig, Sanja Fidler, Adela
Barriuso, and Antonio Torralba. Scene parsing through
ade20k dataset. In Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition (CVPR), July
2017.

Ivan Skorokhodov, Grigorii Sotnikov, and Mohamed Elho-
seiny. Aligning latent and image spaces to connect the
In Proceedings of the IEEE/CVF Inter-
national Conference on Computer Vision (ICCV), pages
14144-14153, October 2021.

Martin Heusel, Hubert Ramsauer, Thomas Unterthiner,

unconnectable.

Bernhard Nessler, and Sepp Hochreiter. Gans trained by
a two time-scale update rule converge to a local nash equi-
librium. In I. Guyon, U. Von Luxburg, S. Bengio, H. Wal-
lach, R. Fergus, S. Vishwanathan, and R. Garnett, editors,
Advances in Neural Information Processing Systems, vol-
ume 30. Curran Associates, Inc., 2017.

Mikotaj Binkowski, Dougal J. Sutherland, Michael Arbel,
and Arthur Gretton. Demystifying MMD GANs. In Inter-
national Conference on Learning Representations, 2018.
Gaurav Parmar, Richard Zhang, and Jun-Yan Zhu. On
aliased resizing and surprising subtleties in gan evaluation.
In CVPR, 2022.

Mark Hamilton, Bharath Hariharan,
Noah Snavely, and William T. Freeman. Unsupervised se-

Zhoutong Zhang,

mantic segmentation by distilling feature correspondences.
In International Conference on Learning Representations,
2022.

Jang Hyun Cho, Utkarsh Mall, Kavita Bala, and Bharath
Hariharan. Picie: Unsupervised semantic segmentation us-
ing invariance and equivariance in clustering. In Proceed-
ings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition (CVPR), pages 16794-16804, June
2021.



