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Table 1 Relationship between traditional machine learning and various transfer learning settings [23]
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Table 3 UDA methods for computer vision tasks
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Figure 1 Unsupervised domain adaptation methods using generative
adversarial networks. (a) Feature space and output space; (b) input
space.
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Table 5 The datasets used in image classification, target detection, semantic segmentation and depth estimation
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GTAS!" 2016 G B E4h X WEIRSFTIE, 5249669k B, A 194N KRINVERE, SCityscapes
SEAHA.
SIM 10K" 2016  SIM o =40 Kl 1100009 GTAS 18 HLfr) I?;fﬂ%éﬂﬁi‘z, .5 5870 LA ZE )
bounding box.
Foggy Citys- . FRTENIN {5 Fl 5k B Cityscapes ] G AN R B BIEAT IR e, TEH S35 5%
capes 018 PO AR s ARl UL %, % S Cityscapestf—FE.
Synscapes™” 018 Y e 4 Y H1250007K 58 41 E B FIRGB G A%, 5CityscapedSfl, ER

HHA 1925
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(5:35)
GRS Eh FEY ASYER EW/A PR fii s
N Cross-City, 75 4R EE B/ NPIR T BLARA S
NTHUY! 2017 N HL E4h 5 3 B0 KRG, BT 10008 BHEIERE X132 M
32001F oy R 5
IR 6N RE k. WoLHIL. GPSHMINSEE K&
Oxford RobotCar™ 2017 O HSE =) REE. B RIUE2000 755K B BRIEE T TR RARKLE, SRR
R BHYG B AR
TEARRRA T, LR THE, B8, 28, B
Mapillary Vistas™® 2017 M S E) ' S, SA250005K HHEFR MG RIS, Fhe6 MK, XL
H3 7T SLBIRRIE.
400002 4 ST AA B G ROt SR IA SR, BETX. 28
KITTI®? 2012 K KK =4 W B AEEAREY S, i T VRRE . e, Mot BARE.
YRR 5 BR BT 55
A5 FHA AL FR AT (RE A, R B A S 46437 S () 45
5] o e w2249, MEREE215), ALBELFHERE SR H 1449 RGB-DFE A
NYUDepth 275 2012 ND - A E R U eI R 40 SRGBIEHRASF, 5341 Fisod
AN RAFRE.
SuNcG®” 2017 SU HH =N TREE, 18 X5 mﬁ&%%ﬁ%ﬁgﬁg@ﬁg@ﬁgﬁﬁef%ﬁ%ﬁ%
SceneNet I SRR CANTE U] S EURTE AR R &R
RGB.D® 2017  Sc FSy57 =W REE BXEE GhR%E, RIS JURTTH S LA SE i R (et . AL %
T FVR Al V) PR AR 2.
Virtual KITTI® 2016  vK B 4 TRBE. VRN A %géﬁﬁ%g;}nzuii&?réig?ﬁ?iﬂﬁkﬁgﬁﬁgﬁm
Places365" 2016 P S = 4k B % 7100075 3375 B8 7, P37 508 AN E bR
Make3D"™ 2008 M3 Hs Ehh % A2y TUT T B e L5kt 7 O B P A
1) Ja TR 6~9 35 K B B S 3 R F X R 5 7 5
2) http://imageclef.org/2014/adaptation.
NTVEREAT IR, B AR A 8 45 F Citys- 3 EMgsak

capesm]\ Foggy Cityscapes[(’z]\ SIM 10k, KITTI™
ZE. Cityscapes-5Foggy Cityscapes AJ PUR LA [F] K S 175
LT 38 W%, Cityscapes5SIM 10k ] DAL FLSZ IR
55 PR 2 18] ()38 A%, 1M Cityscapes SKITTIA]
DARSEADLAS [R50 T 2 8] Ry i A% . oxf 4 S 1k i,
% ISR 4E 4 Cityscapes'”!. SYNTHIAP”, GTA5!!
S, — A A BN L SO B 2 A EAT 3 R, Ay B
T I CHCHE SRR THIEE Y A B S B Hh IRE Ly
TG, 515 8, IREAN T S NAR S
A I R AR IR SR SRAG A BRI G R BE R AT
Gk, A B o] H I 2R & BOK, & H I EURE &
ANYU Depthv2™!, KITTI®Y, Virtual KITTI®"%%,
AT EENG T LRI EENE X BEEE
N LM BEAR G EFIA B A, LR
vas i phe el K= DA SPTNREH L SE SNIE R 7 ralll NI S

SCOYEIMR FEAG THE 55 P i R

AR T B A 3 LA PR 3 SRR S5 R K N
BEAT T IHIREE, 5 B ETTE S N =N Fe T i
ANCEREE L BT AR o BT B AR R T A D5 v 1 T M
B E &N, A SRR e, X T
A PUB RIS, RPIERRIIIH T 50 %%
fofar N, kTR S 22 8] BN BN A JRURS T2 X 2%
WITRER PR RIAR ] T AR B A T 17, b, SAR
PRI, TR H AR

3.0 FeTam/ MR Y T B e 3 R i

X TR RAESS, R T B S N 5 v
M B M TR S H AR ST B 8] B SRR
A ST R BRIURAAE.  EUACHS LR BIORE AL 35 B 1 1
i Z=(Maximum mean discrepancy, MMD)[so]\ FHIXS
3 (Correlation alignment, CORAL)"*' /4.
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Table 6 Image classification with UDA
S FEhy Ji LIS TPN Hoimg”
2014 pDCP”! - of
2015 DANPY - of, 0-C
2016 RTN™ - of, 0-C
2016 CORALM - Of, 0-C
2016 Deep CORALM™! - of
%{J}é{ 2017 JANPY - Of, I-DA
- 2018 RozantsevZ§ \* - Of, MN, USPS, SVHN
2018 DeepJDOT™”! - MN, USPS, MN-M, SVHN
2018 DasZ \ 71 - USPS, MN, O-C
2019 CAN™ - Of, VisDA
2020 RWOT™ - MN, USPS, SVHN, Of, I-DA, O-H, VisDA
2015 Ganin% A0 AT MN, MN-M, SYNN, SVHN, SYNB, GT
2015 TzengZ5 N RHE Oof
2017 ADRM AT MN, USPS, SVHN
2017 ADDAP? AT MN, USPS, SVHN
" 2017 WDGRLP" RFAE 0-C
i 2018 Saito% A7) FHAE MN, USPS, SVHN, GT, SYNS
= 2018 SohnZ A1 FHAE MN, MN-M
4 : 2018 CDANs"" HHE Of, I-DA, O-H, MN, USPS, SVHN, VisDA
gf 2020 Cui%g AP AT Of, O-H, VisDA
i 2020 Xia%s N\ FHAIE Of, O-H, I-DA
2021 MetaAlign""” AT of, 0-H
2021 DDA RAE Of, VisDA
2016 CoGAN™! KPR MN
i 2017 Bousmalis® A!'% £ MN, MN-M, USPS
% 2018 SankaranarayananZ A" K MN, USPS, SVHN, Of, VisDA
1] 2018 SBADA-GAN!"™ & MN, MN-M, USPS, SVHN, SYNS, GT
2020 \CEI N BIF . RRE MN, USPS, SVHN
2016 DRCN™ - MN, USPS, SVHN, CI, STL
2016 DSNs!'% - MN, MN-M, GT, SVHN
ﬁ 2016 CEAL!"" - Caltech-256
2017 Saitos A - MN, MN-M, SVHN, SYNN, SYNS, GT
2021 pcs!'! Of, O-H, VisDA

1) BB 77 Tl 5 1 PR 23 20N 22 1) A Y ) DA ST 1 4 o ) A i K 2 7 i, SRR, TR H Ak,

2) BB A TR RS B R R ) 45 5 T XL

sty OS2 s B g RS 18 Ml 2 AR S R

foe/ MU AN A 2 B PR . Tzeng NP 26T
MMD IR E 51k T — A 23 7 DU MEA
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W2 RS Z R, BEfS, MMDRIZRRAS W g1
HH DUSR TR I8 1 3 R AR, Long® A2 HHMK-MMD" "
FIMMD™", MK-MMD R B 56 43 25 2% th AN 2 AT



PEBE: FARRE 20224 2% 1

B E R IMMD I i 6} 55 Rl 5 2 A B 4
A AT EE RS R SO BRI A B AR IR 22
WX 28 AEAE BRI DG R, T IX — B oV L.
PRI, Longs NIk AT H Frdgl 2 0 2 AN R 4>
N EE,  FHABSIRIEORT B AR I8 43 28 I 28 2 TR] 1Y) 22 1)
A — MR ZE R B R, AR FHHMMD X 5% 2 /N
2% 2 0% HARAE. T RozantsevE NP3 H—ANXGA
WX 28, (SE YR I H AR (1) WX 2 A A SL =, SR e it —
AN 5K R B TR PR A3 19 265 A L

FHIRAFFF(CORAL)E J3 — i F Rl & 4 2 [R)
FERITTE, B1SunZe N SedR t, TR 2 v A
X SRR H AR SRR 2 0] (1) 70 A AR AR 1) — P ¢
THE B 7 2) LAt B8 B & . CORAL %
SRR HURHIE, ARG TR Y, 2 )5 PRI 25—
ANSVMAF 2588, [RILCORALAN A& — Ny 23t (252 ) .
T BE LA X 7 S AT %, SunE A R
WA R R R, o] — MR R e, R
CORALY Ji# JyDeep CORAL, R 514 & #1220 4% tf (1)
FEHER BN RIS R, 25, T2 CORALKZAR AN
Wik s, A4 LogCORAL®™, Log D-CORAL™4%,

ARk, HAth vk AN [F)3E 2 AR A 23 AT R 1)
FALIZEWT . Courty® NP MR IHIDOT, ¥&mthift
f1(Optimal transport)"** fr) {48 T+ 12 B AN 7] 437 2 ]
8RB, Damodaran® A" IDOTHI A F B F 4329
T W B IR & R, f# B Wasserstein i 5558 & A [H
2 (B, SRT, Damodaran®e N7 AT T 51K
VLT 1T 20 1IN 2, B2 H bR AR A 75 TR
gz B XS RSO, R 5 HIR I ST
HEAFAR . EEXTE, Xufe AR AR T
FER SN, R 2 [A] 1 B R SR N S5 #3248 =
FEARGIS R 22 5, CLSEHURE I IR0 et A, 98D
TAE H AR SR L R IR AR AR B T . DasiE
PO T B DG 6 R T v, R
PRI, FIH B m ) —Fr . B A =Fr A
PEHAT R IE N BT, 25 R 3 DT 7 A B M
W2 I RS 7RG S, X AT BRI AR R A FF A
WK, SEUZEREZE. Kangs NP T — R
J% & 7720CDD (Contrastivedomain discrepancy), Jji%
B 1 IR N I m A AN (Al A%, i s /MR
WIS DL 4R 28 WA AR I RHIE R R, B KA (A4
A% MEAS [F] 2K B P sk i R iz

3.2 BT AR SO B A TG R S A T 9

5T e/ NEUE T IR B B S R EA R,
T AR RO BT AR G B & R s IR — A
WS AR AT A AR5, — R AE BB SRR AE 25 ()
g N AV EAT S A 2, HEAT 480 3 R
32.1 BB RRERH

78 BB 53 AR 2 (B AT X i S 7k h sy
— AN BEUZR AT N2 N — AN RS o, S0 3
DL o 2 I 24 3 B AREAIE >R B T 53808 2 H AR Ik,
T 23 2 10X 265 ) A B8 B8 B HH 3 5 488 TGV 40 0k B e —
IR EVRFAE. A W 28 381k AN W T, fE 1553 2R 4515 BA
A RSB B FH TR T 29 28 AN B 338 A 17 A A () 3l AN AR
FEAE. Ganin N\ PO* M1 Tzeng ANV 5 g ol it 8
BN B> SRAT 55 Pt 4738 & 7. GaninZg A\ P07
[F T Y ZER— > 73 A P00 25 A — A T30 s i B (1) 8 031
) 28 SR 5 0 U R Ak [ RT3 DLE AT 380 3 Y. Tzeng
2t NV ) ) S 08 9 A 2 AN 5 SR 2R, 3
FEANFEIRAID LA A A&, AT I 2 M
L1858, Tzeng NI HObR 240 8 BAA I T 2
RTINS, BRI SXTFRILE AL, R R b fE
B AT AR O [ AR 2 A AE (0 22 5, Tzeng N6
Ji SR —Fh 23 g X 28 A B AN L IR P E IS
ST, R ey kPO A PR N 3 2 2
PR 28 AR S AN TR, 125 3 PR R N34 43 2 T 285 1
TOAEANIL AR, W2 AT s, VAR
() &% S B R AIE S L.

7 & B FH — A 3305 ) 25 0 W X )RR AR R E
AT TT B2 A543 B bRk o AN [\ 288 22 ) 1 2 SRR,
NS 3 BB Z,  SaitoE Nt H bz i &
BT T IR RIS P DA o3 R 8R . X2l
1% FH 4325 W 25 1) 530 1E 4K (Dropout) SR 4 URHIE R &
By K R i AN 4 2B kAT O R
SRS, Sohn NPVEF RIS AN H kRl AT A
LA FIFRZE 2 A GO, 32— AN 2 H A
FRIERE RS 2%, 1% 2500 H FRIBRHE S5 U S8URRE 23 5,
FHFIF B bR R 5 5 4 5 10 IR S8R AiE il Bh 3800 55
Cui NI A ATAL IR A AR5 A1E 4 720 W AN [ 35k o
A HRFAE, DRI ER H — AN XX o 2% e AR A1 A ) A5
B, B T A AR A A TR s, X — B
BE RS AN H AR I AR 4 ) A b, kAN R E
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PR IOMERE, (A O8N PR R AN AR Hh B B 1)
MARIERISE T, XT R 8%, X BEE BT Hm
KBRSy, PRSP RE. BT A
BHEE5GANAEH VIR, FIHH FIGAN £ 14
H AR B 3 T A Bk SE AR 0 T8 M B I 1 3 7%
o 4 B b BR BB AR AE J BY. Shen N %157 Was-
serstein GANJi3 &, THELIRIRRIE RN H AR IRFE 2 18] 1)
Wasserstein i 257 4571 25 10 H AR i 20, 1M Long%%
A2 CGANPYH R o, 0 H 25 A 43R 1 o 7 DA
N7 5328 i) 850 P ) 2 AR A AR

— 7 T i BB A T 2 3] TR BN,
EER . XiaZe NP — R TR, K
(432045 FH R B EURTS 55 AN [F) 38 2 TR UE B O &R, 1T 47
AR S 2 (3R] [ UL IC 26 2R L0 AR AE SR B, AT
SCHUARAEXS 5. Weis N5 A\ T62 5T UG8 x) 5%
E55 43 FAT 55 22 1A AL H ARASHA 1] A 1) 7L, 45 450K
X FRAT 55 FN o3 FAT SR B — LR A (K e I 2R A i)
W 25, —HINETF A S, Ligs ARG
SRR AT N DA s B s s B T BB sk A
ENAT S, JEFII 3R H B A A B SR AP e
BANNZRIRms LA THE B bRIg 6 4r FERE 1L

322 HEfaRBARAE

FE T B /INEUEE I VR AR AIE 25 1) _E AT X i
JIEARAERFAE 2 (A AT 3 B & R, B GANFIAS
Wik &, —Le TR FHGANZET B A A B B A XU
TR DASE AR S8 0, AE i E 22 (RN R B8 . (E 0 1
SR AR, S A SR B B M5 S i A
AR AR AR FO), T AR R U A B AR R B R T e
T LS, AT B A% B Ik 45 1) 2.

— 865 9245 F G ANTE $in N 2 1] b 1) FH g 7 0 1]
FiREAE A PR 510103 o o i 0 4 TR RS ST
U Lings AP A4 PN GANICoGAN, i,
PR AN A Bt 20 ol MR 7 A s 3 RS R H s e AR
IR P> GANGE 1 3 5250 73 X 46 2 K 5] AN R sk
EUE BRI 70 AT TS 43 25 S X 4% e 8 2 s AN A2 f
fiF. Bousmalis5 A\ *F F G AN M P 1 e o 2
BH BRI B, DR T £ iR s 0m, AR
W A — 2R iE T IR B bR 1) B 5 25
#%. Sankaranarayanan&s V03T Sy b i ek R Atk
B IREAE T 28 XU (0 B8 e, 6 a4 T A >k
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[ 34 N 2 TSI PR YTk P 38 2 b A A R Ytk
Fro o CLIEHEAT o0 27 =105 7545 AL 2 R B Y J A A
fiE. Russo AMF| FH GANTE VR AN H Fid 8] 347 ]
PR IERS, H4k0t B ARAIE IR I 2 — A 45 2
2, B 2 P I A 43 2K 0 2% [ B T30 5K 1 )
(IPMZ . DLk R 1 38 RV S 1 2 SR AN AR
fiF, 367V H T AR H b i O U R
SKALDUE B F AR, B A I AR B [ B 7R VSR H
R ER B A KR, S xt e, Yei NI gk
43R DL R F BRI, T A5 — Fh B R RS, 75
PR 2 R RE O IR SR T H AR 04 K Pk .

3.3 BT A 5 A G MR S A S 9

AN RN B TVEREA R T B MU, ik
AR AT PTEAR, TR A G E A EE B E
SR JT AT B &R GhifaryZE A" FIBousmalisZs
OOV o R H R AT I A PR AT 1 S .
54t Ghifary AU R SR 53 29148
H AR A B E A 2. BT 028 11 G R 88 1) A
ERILZR, Rt gmhs #5 75 ZEAR BUSCN AR RFAE, 239
T N RN B A I, DTS B TR XS S A A
BousmalisZ A"\ 5 GhifaryZs N 75 56 A — 5,
R 7% 8BS [RISECRFAE BRI, Bousmalis5E A4t
Gy EIES, oy SR ECIE IR B R IR A R AR A FA
REAE,  FFRIH A — AN AR A 245 (5] B A A AR R AR
HEm A KA.

A —E 7 B BN GG N BB R0
B &R . Wang NN R 1R 9 B A5 B H RR
BEGHATHR, SAREEEMSEFEREMNE, &
B S BURIE SRR bR, DA s S 107
M rarias. WAV ZR(Co-training) F1 = i [F] Il 2k
(Tri-training){§ F 224> 73 2848 H B FRVEARBRIE FIREAR,
SR 5 WX T bR (R VN SR B HE AT 43 S 2 11 R
gl OSBRI i IS B A A E R R 1 R — A
d, TR 3V e A R S SR B AN R, BT I i)
i, SaitoZE AR T — R R K = B R 2505
% WA =AML, HAh AT AN
PRI OO ARAE I H R 4328, 1 55— MU A £
PRAE B AR 2. B BN G A8 A4 1 25 Ja
SV AARE RS R, AR H bR Bl O AR
BEHEAT NS, Yues N1 HR SUNRIR I bR (R RF A



hEBE: AR 2022 4 52 % A1

FIREAR D, PRIEHR B3 /R A ) T B 4 B I
Tiik, RVR R E B A R IR A RO R TobR
VAN H AR AT ISR, A, YuedS NiLiE
Ao 4 I A o TR AR AIE ) 77 7 5 ST S AR SUAE
308 o 3 1] SR S 1 MBI EAT R AR RS

PG 73 SRAT 55 v 1A 0 M B 3 1 3 I 7 Y PR PR A
XK D28 PEB R, HEA K AR B T
HAMMLGEAE S . BARAF TSR A 55 ) AR5
25, (ARXNTRRE A ER R, AFRUWEE
Z5 PRI TTVE 6 AT DU ELAR 4.

4 Hiwk

FHEE T B 73 AT 55, TE MBI B IG5 H
PRI DAL 55 R IR FUAT b i D B B, BRLBEAR SR K 5L
MR D, Faster R-CNNUUE: H i H ARSI 1 K 15 ¢
w BT RTEZ —, AT AR B A E
o7 H PRI S B S A AL T Faster R-CNNHEZE. A
RERERER an ol PN B2 = PRI SA L PIRr i DA L E St
e BT O PUB AR T H A 7 R R e M B A
N7, AT ERAE R T

4.1 BT A OB o MR A G R 5 T

S5EGIIRESSH, BRSSP T4
JEONS S0 RE A R 0 M 3 S T R AT K, R
FEARFAIE 22 R A\ 22 ) BEAT 355 3 L ) .

4.1.1  EARAMAFAE = 7]

75 B AR AR AE 2 [R) 3547 J6 M B 3 B O L ) B
TEZ8 3 H brokar I A 28 v hn N Jak %5 1) 38 34T X P s 2J
Chen% A\ P25 KL 7E Faster R-CNNFA 42 b A\ 5k 4 51
AT BRI B & R BT E ARl 7 T B
— AN ANIREAT IR AR E 7, R s R A T RE T
I A A BEAR 2 T (Cn BER RUAG Dl HREE) RS9 2 T
(WX GA . K/, Chen NPV ot 144 R0 5243
Sy BIBETE T IR 28 AN 2 A T S

I3 FAT S5 (3 B 3 B R AE A — AN BE AR
FA RIS RHAE 73 AT, T H SR IAE 55 75 (5] B 3R S A
SENLZ AR, BRI H BRAS I ) R 7R B DG
S HFRR R, eyl i K s R
X BB £ (G B E. He2h AR A1 4 1%

JE VAR [0 53 JE 0ot 55 B B R 5 2 U SR AT 1 % 5%
B —A 2 B0 PR EE AL, A g =
MRS T ZA R R ERHE R0 S, R
A5 P FBE 5 26 J2 R 44k 2 LA JRR /N A R FEE Rl
BEIR A RI 45 A TR SO 5, R A Ry
U A N30 1) 5 I N B S 2% J2 AR ST M VR VS 114
REA. Zhus NN 8 R A A R AT, B
S bR R X I SRR 5, TR e AE T
5 H R B AR X BRI . bR, Xu
AU BRI b R T R A B bR
F9 T 5 X, 38 T B ST R AT B & A ) . R
i, B AN 2 B TE AR5, (R 76 P4 s
I BEAT HARRI, AR — 35 5 75 4 A0 b
A5 5 (AT v

H1 T E ARSI o A [ 45 o 4 b AN A 15 00
RSN, SRATUCAC 2 BOE 3, 3SR T SO
PG 5 R A SR UC T R 2 XL, B EAIA S
SR R R. ST, Saito AR T R LT
IR S 3 X 55 60 55 4 R 0 55 A9 BRI 1 36 R 5 %,
TE A J2 K e A 0 0 J2 YRR E WA 2 T AT B3R, 1 3
BIE SO . 0 S I VR A AIE BE AT SR 55 (38 U5 5
0e), TEVE JAE SUAE B 2 U E BEAT 58 56 55 (0
LMK IRRE A HEAT 350 % 56). B ARAEIIAE 5, [l —
S I P el 1 H RS AR R A R ELARS R 2550
HARREA M0 % 5. 2 BT — s TAEC>! D2 gy
JEFXEe(E B, TR E T OR R R H AR5 A6 24
VEREOEHEATIR &R, R ZhengZe NP U2 t— Rl
WA R R 13 RV, MKELASE FBE B0 2 i A7 45 A o
S FERURLEE BRI B, SR A LR BT 5
H R HH FAE — AN AR AE 22 J2 25 T nd 5 FLih 24y
. EAPRIEE B, % T R8¢ H bR o i 5T R R 251,
F 43 BIR Tk B AR FHR T 5 HAR. 8 T IR/
] (e R A 5%, Vs AIOM e Y 2 AN e ) Bk ket
FARFHEE SR R0, VS SR A e A2 i
BN UX 2 AR FIE B H AR, TSR R R
b AR (A g . i Xui AT e R
7] % 328 HEE 2 W 4 8 5 2R LA 38 45 B K 1 1) 52 491 iE 36
TR, R T S T G RS 1] T 4 Sk
SR FFANE B AR HAh, XuZe AR IR T
ISR VRAE A B 2 T v LA SRR T 2 H AR 1 3
RO
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Table 7 Object detection with UDA

Ve s Ehr WARES ESIES PN S Hoim g
2018 ChenZ AP AR - SIM—C, C—FC, K—C
2019 Hezg AU EAIE - SIM—C, C—FC, K—C
2019 Zhug NI FEAE - SIM—C, C—FC, K—C
% 2019 SaitoZ A" AT - C—FC, G—C %
% HAE 23 (8] ey [113] iy st
o 2020 XuZ A RHIE - C—FC %
it 2020 ZhengZE A\ AT - SIM—C, C—FC, K—C
2020 Xuzg A HEAIE - SIM—C, C—FC, K—C
2021 MeGA-CDA!! S0 - C—FC, SIM—C, K=C
PN 2019 Kim% A B A S— HoAth KU C—FC %
2019 Roychowdhury%i A['*) - - WIDER—CS6, BDD”
HoAtr 2021 ST3DM B B Waymo—K, Waymo—Lyft,

3
Waymo—nuScenes, nuScenes—K )

1) SRR 5 Tl 5 8 PR 23 AN 22 18] LA £ AR TR 10 4 o ) A pl i 0 2R i 7 i, SRR, TAUER ARk,

2) Bl S AR R S B a2 (K 4 5 3K

3) AR ISR EWIDER!™ . €S6!"" 47 AR 43z 42 BDD" ™, T6 A %5 B 42 4 Waymo' ™). nuScenes! >\ Lyfi!'>), iy T-ix B4 45

FEARZRR I — IR, BIRAER 2B,

412  HArA S 6

TE H FR U\ 25 000 A7 358 13 7 ) B B T4
FHSR 56 50 9% A0 BB FIAT 45 P 4% BEAT P02 5T, 38
N T HIMOGANSEAT HE 58, Kim& A Cy-
CleGANBEATHUR B3R, A AUEHE KUk 21 H AR I XUk 2
1] £ 20 /A ARG (1 TR, LI 6 G SRR L B4, iX
FEMIRAT T 0 257 0 R S8t R i, 9 7
25 AR AR AR RAE, 33X R A ) B AT 2 43 28,

4.2 BT ST VR R T B S8 8 B 9

—UETEE ] B WU ZRA TR EAT H AR I A
BREIER, E A R O E b Dy
PREE LMEAS H brisk DU B 1007 AT UK. Roy-
chowdhury % A\ MV F7E 95480 Y1 2587 ARG 0 5 i
7 2% 9 H bR (0 B R 2B A H AR A AT 55 A i D A
2. Horp, I ERERAS O T 8 e Rl 5 U 4 AR
BRI H AR, BEAN, ATEIER T RITRZIE N B
ML B, BN RITARERTE3D H A I 3k B 1R
Yang NV St BEHLX RATIBCHMS, 7RI L
YRR HEAT TN 2R, DASBRAR YIS i 22 1) 97 T 52
SRJE, A H Bl b A2 A P A e SR s A TN 2, B D
P2 ST ATR FH VR B0 18 5 AT R )1 5.
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LT R AT 55, F bk I 38 B A AT 7T
THERD, TP B WH AT R RESHAKE,
FbrAsr A 55 P A AR 35 B I 5 9 5 B 0 2R A 55
HRASE P AR 38 3 5 9 (S A B AR BL. AEAROR (1
FOH, AR S A R R B B TSR AR
S E I B R B E R T, A5 A B ARREIAE S
B S AT Bl NS B 1), SR H A AR Y
IR

5

Bt PR 7 R T B R 3 L T 9 R A R
M TR R BAN DAL 55 B3 G o L AR
X o3 E P R T I S B A R TTVE T e R A A
g, FNERS . T EA BRI AR A 2 N
T8 X B MBI B E N T ik, Rt T
PSS A AR Db 2. AT, YRR
Bl K#ER B T REM B, SA1E R, T H AR
R R B T RS, ANE I SRR

5.1 BT AR OB i T MR Sl A A i
A RO LB AR A2 N T SR IS5
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Table 8 Semantic segmentation with UDA
I KL N
B¥ Jrik A R s 5 St 4
2016 FCNWild"™" NS - - - - - G, S—C, C—B
2017 Chen% A7 - &R EW - - - v - S—C, CHN
2018 HuangZ A% - ERER - - - - - G, S—C
ﬁ 2018 ROAD!" - 73] - - - - KRS0 G—C
s 2019 SSF-DAN!'?7 - v - - - - G, S—C, C—N
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2020 cscL!' N S| - - v %E%ﬁﬁzfﬁ% G, S—C, C—N
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2019 Tsai% A1) - - PSP - - - - G, S—C, C—0
#2019 ADVENT"" - - v - - v N G, S—C
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A survey on unsupervised domain adaptation in computer vision tasks

SUN QiYu, ZHAO ChaoQiang, TANG Yang & QIAN Feng

School of Information Science and Engineering, East China University of Science and Technology, Shanghai 200237, China

As one of the typical applications of Industrial Internet, Internet of Vehicles (IoV) develops rapidly in recent years. It relies on the
interconnection of information, where the transferability of the accurate perception is of great importance. Though deep learning has
accelerated the development of computer vision tasks, traditional deep learning-based methods still have strong reliance on manually
annotated training data and are poor at generalizing knowledge to new environments. For computer vision tasks, since it is difficult to
collect training data with ground truth, it is agent to improve the generalization ability of deep learning models and alleviate their
dependence on manually annotated labels. Unsupervised domain adaptation (UDA) methods apply deep learning models to extract
and align features from data in different domains, which ensures the satisfactory generalization performance of deep learning-based
computer vision algorithms. This paper focuses on the challenges and applications of UDA in some typical computer vision tasks.
Firstly, the definition, significances, application difficulties, basic methods and relevant datasets of deep learning-based UDA
methods are introduced. Then, the mainstream UDA methods in typical computer vision tasks are introduced separately. Finally, the
prospective technical development trends and a summary are given.

unsupervised domain adaptation, computer vision, deep learning, transfer learning, autonomous system
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