27 Domain Adaptation
FBrIBLFRIIER)% T1RZ, Machine Learning B9 Model, FRLAXSAZ K, 1)I18— Classifier T4
A2 —NaRR

FTLMBIR BRI — N8R Classifier (R REGLAIRIIGER] () IIE5F— MEEL AT Apply 7E FEN
AR LR T BMG I HRRX BB SR AYEIRE, {R7E Benchmark Corpus, ZEMNIST Benchmark
Corpus _t FEfEM—I, FTREERSMHE 99.5% RILERRER

BRRIRS KR EH, RIS EHN S AR —EE T

BAE—NEROF RIRINIGEHE (RREFRERR BN (RS FER BN, SR EME
HRIEETE

IREJRER TSR, —HREAN —LR 2R —HEEAN —HEFEH B2 Model iRt FHIFR
B, EREBERBRE R DAREFR X aNE R L ST Nix T LOAHETRIE

B3R EAR AIRIRS KX FRANHEF LHIG—MRE EERRR e L (REEIRIER
KRLIFEIE SREIRE 57% FEEEE— NI

You have learned a lot about ML. Training a classifier is
not a big deal for you. ©

e’
10

99.5% 57.5%

The results are from: http://proceedings.mir.press/v37/ganin15.pdf

Testing
Data

Domain shift: Training and testing data have different

distributions. - Domain adaptation

Transfer learning: https://youtu.be/qD6iD4TFsdQ

FTLATRA IS RANE R, — B 143 SRR B R, ErhiEE — 2 £ R, Bl 1T RN D 2 AR (/1) 145
RO g RAVEEL R A EERTREpi e e, AR A A)RR ALfs Domain Shift, st 2 S RAIER
BRIRURE R, BRSO ME LR RRHE XFPRRAYE Domain Shift

S HAIXFMELEE, 8¢ & Benchmark Corpus #2H, Ff JEMRIRFSH Domain Shift XMalRR, (]

A1 BS RHRMNR BT R (R E B E— RIS 0 BBIX RS AR — MEIRAIEIS M Z 1 XN SRRV E
ATER ENRREE B ARY ARE IS L EHEIRSHIERS (BRhr L AEESTANA L,
SRR IR EHRUH R R AIPE), B —RERRIRHR Y RR8EAREBMIET MR — N RIS T

AR IS R RESF I RIS RHIRNN B B —RERARR BIRE MR EAT AL, 88
IS R MRS R T

ABSKRLEEH Domain Adaptation AJHAR, BB Domain Adaptation B9, tEETLAB#Z Transfer
Learning AY—#f
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Transfer Learning B2 R1E A {155 LZZIATHEE, nT LA FB7E B 1£55 L, BBXIBS Domain Adaptation 3k
B AREIEZERLZE— Domain RESKERIZ SN Domain AR5} L, FE— Domain
FERROENAREIBEBEIS M Domain, BEIMIXER L&, ATILMREIB— Domain FEIAIENIR,
FESSM— Domain £ FTLAERILABMIZ Transfer Learning BIEAH—NIAT FFEE X LIRATREAE
H, B 72 7 Transfer Learning 1B8XAMA FBEESKATEIBR FfiJ# R Focus £, Domain
Adaptation RYEBDFLF ANRIFEBANE (R LIBE— T3 E LIFNRSE

Domain Shift

Domain Shift ESLEREMARAIZEEL FAINIAEZIRY, 2 Domain Shift FIEA—FET8E 2B
AIE A9 T B AT BRI D B R —FF AT BEl

HsLAEB/M—MaJ st 2 M S e ae R 3, 201Kk ERe)I4GEs LH s — M 8=FE
HIAOH R E— R E2ENH RN LE T — MR ER—HN B RE— T Eh
HAWIERRSBIA BIRE I EAXMER RN X 2GRN

Training Data Testing Data

Domain

ApX th2—Fh Domain Shift &E—HMEZRF LLRFEN EBARTEATRERENNTE BN RN LS
PHTEEE—H.EBEZErNXEFEET

This is “0”. This is “1”,

WIFEARAN|ZEFHER, XM R 0,8 2 ERETIIE S EHER, XA RFAM 1, XEARATTEERY,
1 EBE AR AEIXFR R, R EE e e A £ MNRE B S IR EA—HE, )| ZRERU S B R A—R
ORI BBX X 25 Fh—Fh Domain Shift

BBEANIS KR REFE HBNESEARER Domain Shift B9_EE 1F BREE— FHOREER XN R a0E
# BT ek 8 Target Domain YIERRIEEHL BT E3k 8 Source Domain,FrLA Source Domain 2
808, Target Domain 2FAIASMNEHR

Domain Adaptation

£ Domain Adaptation 2, B JANX MEREX MEFRI BA B —HEIEGE K BRXIAF M EREF
BEFHRR RS ERAIRIGIF M

BA1E—HE) 1458 BRX RIS E Source Domain, TIEIX L &R EBIREN R EEKEH
MNAYEF AR BRHANFEBRXLRR,)IGHE—MEEL X MERAT LIBAEA—AY Domain £
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Source Domain
(with labeled data)

4 0 /

.l‘l"4J'F l‘l"OH' l‘i"lH'

APEEXMRBAEAR—HAY Domain L, 753)IIRIEHE, FA IR RENT B I —" Domain, B 2IE
WX B ELATFERY Target Domain, B—L 7 % ARbEE T AERVZE AR, A JMABARERI Domain
Adaptation FY75i%
o BRTHRERZHVE RIKFKAIE Target Domain £ FHf1E—REH MEXLERFBRIES Label ABX
E—MER
o (BIXEBI—FHEFHMRRE BIFRIRATE Target Domain Lt #iE—XHEREEH BBLERHBEE
Label BR{RESERIAEE M Domain Adaptation {/REZEZ Target Domain BERIRI)IZ5F T

FRLAANSRARIE Target Domain _E, BEE—XKHAIERL MEE( 115 BrT BMAAFZEM Domain
Adaptation

ABEAH Domain Adaptation RIIBIRAJEER {7 Target Domain fEEH iR (BREIFREID AT
XA N EETE

Knowledge of target domain

 |dea: training a model by source data, E- ugr
then fine-tune the model by target data E

* Challenge: only Iimi_te_d target data, so be Little but
careful about overfitting labeled

AEXFRUAEZAE Domain Adaptation #H LHRAZIERRR NRIFSRBERNE BiratRrt R
EEREROIER T R AR LEEREAE R, KRIBIRTE Source Domain Lijll&k sRAMEEL 38
XIAFMBRYROAE, ERIREM BERT HBHERMT ARG MRIRELE —1ME Source Domain Lk JIIE4FHY
Model BRRE Target Domain B9 Data, RFEHEENF =4 (Epoch) FLEBET

BMEX—IEE N REE TSN E E AR Target Domain FIEREIEE D FILUREIG FE
Overfit, B 215 {RAEIE Target Domain EAYZEHRL L BAZHI Iteration, FRUIRIRIEAZH
Iteration, AJAE% Overfit 2l Target AUXL/DERIERL E AR {REIRELERT Testing Set ER AL,
XEE8eH

{RELL (fine tune) BIER (fine tune) EAMEEMNSH AEEREZ HERLL (fine tune) FIER (fine
tune) SRUEE, ERIMANIREHAKER AEERE S5 IBEREARNTGEINXANE FAwiA~4mit

BESREEEEIRAR D ZHIBER ERBA W EIBRIIBERRE 3 )1 Targe Domain LEXERE
# (B2 EER 2R BIREAY,/R8Y Targe Domain 2EEEBIHE (REEERT —KEBEEIHE
B R BRIRE Afratin, 8—KE F EEESFEHE



Knowledge of target domain

Ea

Large amount of Little but
unlabeled data labeled

L

BREAEA R MR R B ENX TN AR R, BRI Z Z B fRR, i EIRAi% 2 B fRe

IMGIXFhIEE HSL RS REESLNR S £ B e RERBIR 26K (RSN =Em) 1% 7 —
MEEL (REEIE © FEESCHYZIAEHE (RRIBIRAORE L4 MR — Y A KB B2 REIREERY
Feedback fRZE, AREFHAIRIRFIEFRZERRR BFEED (B RIRIXMHE (REIFFH AT LAR Domain
Adaptation BISIAR BB BIRNR AR BE L4k, BEE AR FRLMRAT LA ER— KSR, R B
BERENR2ERE

AAZE ANEE EERX LS BRERY S, RN FEAITE Source Domain L, illgE—MERL ©
BJLAARYE Targe Domain I

Basic Idea
HBIXiHEx Basic FUBRIERIXMEFAY XIBE AL S X MEF Bl 1B E— Feature Extractor

Learn to ignore colors

' Feature

Extractor = feature
(network)

Source ....... : é
. v
v The same
Different .
A distribution
- el
" Feature | )
Extractor =—p Ifeature
(network)__‘__

XA Feature Extractor, BEESCBE— Network, X4 Network IR lz—3kE F{EE@mN, Bt —4
vector,ItHH— Feature, &%A Source Domain R Target Domain, E{J8Y Image XE _EERRKA—HE,
B2 Feature Extractor, 2IBEA—HaIERS =i, BV SRS

FrAESANE R EEER XWAR R — 1N EEEE —NEBERE, EAKMBA—H B2 HIR XD
Feature Extractor AJLAZE!, i AMEREIX(HEHIE ICEEEN TSR APSRAERXE Source Domain
& 5 A28 Target Domain BB, REEITIXA Feature Extractor LIS, E152IRY Feature &i2
RBIREERN EERRE—H1D T BB R AT LABIXLE Feature,i)llgx—M&EEL £ Source
Domain bi)ll&— MERY, B FE7E Target Domain L, BB FRAVIBIRAH 2, /BB HiXH—1 Feature
Extractor
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Domain Adversarial Training

EEHHIXFRI— Feature Extractor g, BBESEEATATLUB——RgAY Classifier, i3 Bk Feature
Extractor, R Label Predictor FENER53

|mage class distribution

Feature <> “4”
. Extractor | Predictor
4

HANFE— Image B9 Classifier, iR\ —K Image Output, iR D EHILER IMEIRHX A Image B9
Classifier & 10 & 3BEAIH5, 81 5 EEE Feature Extractor,/§ 5 82 Label Predictor,[F&g] 5 &,
R— Image BIZHE] 5 B BRIEHME—1 vector I ABINRIR L CNN AYIE, EHESLE Feature Map
IH,{8 Feature Map FEL, tBAJLABME— vector I BRX/ vector, FBZEZ! Label Predictor Y5 5
B ESESE Class ARRTLAFRIRILIERD 5 B &2 Feature Extractor

A RETRE=IEN AR RHERR 5 B AHEARR 4 ZR13 E I 2 E /1 1 2R, TLUER 4 1 3 7l 2
31 1, XM ERE2RERN,— Classifier #B, MILtERE Feature Extractor, fiLEEf3 SR Label
Predictor,i X4 2R B CRER, BPXMEERE—1 Hyper Parameter i, HiIR Network Z2EiF—T

—F B

HBUNER{RSKIE, B Domain Adaptation B9757%, BRiXibE— FERRY AN, Domain Adversarial
Training

F3 Domain Adversarial Training {/RE4E Classifier #EERIB- MRS WRILE, 234 Feature Extractor,iX/
HBEERE S IXMERIRE CEREN

BBEAMEEEEF)|Z0X /N, Feature Extractor IR Label Predictor Ifg, & RKXIHL Source Domain EHY
##l,Source Domain EAYERLEETREEAY,FAJFHIFFHE Source Domain BYSERIEH#RZE, ﬁBT)E%EElJIlQ?
— NN—R Y9S58 —#E, BT Feature Extractor, BB Label Predictor, B] LABEAEIFFREYES

{BR—HEROME /5 2, Target Domain BUIXELER!L B 15— Target Domain BEEL (BIXLEEHI RSB
AIRIREERY XL BRI B R IRIREERY, FTATRA I A B B e Zi K LA S BB Label
Predictor & Output {+EE=F R A ITRAAENE Label Predictor,Z Output (HEEFEA Z3I8

(BRI LU AR, XL BRI ERAS UME R EXLE F E2NXA Image, E#HIXA
Image Classifier, SAf5 311, Feature Extractor f Output ZHKE, EHFELUE FA1FE Source
Domain BB 5, Ei#tZAY Feature, IR Target Domain BB R E#HZER Feature, BliIEREELS AL
=R

|mage class distribution

Feature <> 4"
. Extractor | Predictor
A

.0‘ ol "y

Source £/ o / L PR ‘1‘"\ .
(labeled) , ~4 g
' - ‘I- y r’.- .-. b

blue points

Wil 5 B

red points
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FMEIX Source Domain BE /A TFER Feature B JHE GRS~ Target Domain FIE F,
T Feature IR R AEER HIEXEEEHN MIRXET BN S AEER IFEE LIEER
RIRT BN D AHERR BBX N HEFEH, Domain Adversarial Training A9A

BRI IINEEMBYEBTE  JIIZ— Domain By Classifier,iX/ Domain B Classifier, EtE2—1N—7t
A993 2588 EIZIXA vector HIEBIN, EEMBVEIBIMEF RN X4 vector 2B Source Domain,
EEREH Target Domain

] Feature Extractor B3I B 2B EBNEIRITIXA Domain Classifier, BRI EIIRITIX 415

Feature Label
# ) # ‘ » _> ﬂ'4"
. Extractor I I
Generator

* Feature extractor: Learn
to “fool” domain classifier

' . Source?
Domain Tt
‘CIassnFer getr

Discriminator

EAREIHMRINFFEZI T, Gan XN R, EAEHFI 7, Generative Adversaria Network iX/NEFE,
i%%8 Domain Adversarial Training SiIEE&E Gan {/RETLUE Feature Extractor 2Bk Generator i
Domain Classifier 282 Discriminator ﬁBHi Domain Adversarial Training,ﬁ“—%ﬁ’] Paper ?521815},—?5

Domain Adversarial Tra|n|ng 33[5/?9 Paper %EE,,—Eﬁglﬁﬁ;’éU Gan ﬁIZ Paper,@:ﬂBEﬂlﬁ Gan ﬁB)ﬁ Paper,
2B _ENeurlPS FTLABRIR &8 B—s B35 Paper, B2 T —MY Gan fUEEREE
Technical report F7EMEE_EAY,IRERBEAVEIER ~I& FRLABIIER— N R ERER

BREHEFNXIB, XA Domain Adversarial Training, iR Gan A2 BE—mA—E, BBEX N iE42mE, X3
Generator IHRRB AKX T FB3T Generator i, BEIRT Discriminator, R AEBEHHENSE—
MNEBE TG E, FEIRAY Feature Extractor, 87 2(RHY Generator, AEFRUTEMN, Kiz#BiEH 0
RFT

EZIH BN AR E H— Zero vector,BBXJ Domain Classifier i, ESZ2AEE Input AY Image £
HE, EXIEEPEE Zero vector, EMTTE T EDHHXA vector RERE— Domain (ERIXEARE
FAIERORR G0 Feature Extractor R Zero vector IXHFFERIBAMM ES LIS BMZE—
R

BXHEREREDR HNXHREREASRERN BHE FA Label Predictor tBFEEX/ Feature


https://neurips.cc/

p
always zero? x
X

ﬂ I‘.'>“4"

*

Feature

#
Extractor

* Feature extractor: Learn
to “fool” domain classifier

Generator

Domain Source?
* Also need to support Claecifisr Target?
label predictor
Discriminator

Label Predictor EtBFEEIX Feature, i.LERJLAEFINT MNAIE R ERSE— 1258, FrLARIR

Generator EREEN— 1 AGER, SAAEMANTERA Image FEHERR Zero vector, BBXIAS Label

Predictor 3gii, ERLZBINEAIETEW—KE & BMEIX/MER N EA Feature Extractor, ER SR EE

41X vector, it Label Predictor AJLAEAIERRRIE F BrLA Feature Extractor EFtARERIALE, EFMA
BEE BRI KITEBHIt Zero vector

e, BAIRFF S BREERIINZ HIRNEE BEHR REEFE—R

* {RI& Label Predictor (9854 A IHIUE 6,
¢ Domain Classifier FI£%§ U 64
o #AJS Feature Extractor F9SEK N 0

Feature
Extractor

* Feature extractor: Learn

Generator 6p =minl

) L
to “fool” domain classifier Oy d
S Source?
. —
Also need to support Clasifier Target?

label predictor 7 )
Discriminator

ARG 1IXA™ Source Domain EAYXLE Image, BRY Classification BJIX4™ Cross Entropy,#f Source
Domain XL Image, B2 Label B,FFLMREILAE I8 Cross Entropy, {REIEEAIIAY Cross
Entropy,iJHH— Loss

BEB— L L 2iX4 Domain BIHXA XA Source Domain _EAJEFLE Image, B8 Label {RETLAEH
Cross Entropy, REXIHIXAN Domain B9 Classifier TS, BE2XEED#% Source iR Target Domain
HIZE, BEEM— Binary B Classification F[A)fE, BEEM— 7057 SRAVEIRE, XN 2RAVEREE
— Loss MU L 4

BRERANMEZEERIL— 0, BRILALIXA L ) vikeF

BNEEKR— 0,4, EILULXANL g #)viker

{iRi5 Label Predictor BEEHRIEEE, #iE1HX A Source Domain AY Image, 5 Sk A& ST, Domain
Classifier EffIEE1E Fi21L Domain f9 FRIERILT



if] Feature Extractor g,Feature Extractor EEMAYSEIER, BUk{E Label Predictor Xil, AR BEE
} Domain Classifier —JJ, BEZ# Domain Classifier #8&IEE1E FTLUXA Feature Extractor, B
Loss & Label Predictor #3 Loss L, Zi##E Domain Classifier 9 Loss, MU L4

FiTLA Feature Extractor BRY Loss, Bl X L Mg L ¢ [REXEK— NS K—HSE 0, EILULK LR
L (A& ey

XM RERIRIARY, Domain Adversarial Training R (BEXEAZ RIFAIMER, (R LUEEEIR BRX A
FIBENHAEH XN BEARE CBE Bk MEBEIE [Ri8 Domain Classifier ERNTE,2E
8 Source Domain R Target Domain o7, 2EERIXFE H, EXIEERY Feature 3EH Source
Domain, BEIXFE H, SHIEE R Feature 3kH Target Domain, EEIEIX#ZE Feature 5FF

M Feature Extractor 1R E/Y Loss2 Domain Classifier EiEIN— MRS IBEREHE ERER
CEMIYEE HMEIR Domain Classifier #8253 Domain Classifier H2IX5KE FHI Feature, BiiE
Source,BRHI7E Feature Extractor,2Eil Domain Classifier EEXNME R LG BiiE Target, EEXA
BR RISKERE Source ANERARIXEE (Y, A2 IBHA Feature FFK 715

BANREA I EZRMMAISENE, ZELL Domain BR,IX4 Source IR Target Domain iRBER! BRIRSKA
ERA LaARAH LqHLEBREIE Source IR Target Domain SFFIF (RELL L g BYE 45 Domain
Classifier,2Eit L g BYE#/NEF (FIER 5/ L4, Feature Extractor ik Ly BYE#AIRITF 3Lt
=18 Source IR Target Domainz F FTLAX R B EIFAVSIE EUEEM, SAXIBEE AN XIBEE
FARY, BBE R EEM T LIS BT S XN BEARIEIEEE

¥F FBFKA1KE— T, Domain Adversarial Training, &x[R48RY Paper, BIMAYEREEMIR, SFEEIXA
Paper RURHE BRITSERIERHIRA

Yaroslav Ganin, Victor Lempitsky, Unsupervised Domain Adaptation by Backpropagation,

ICML, 2015

Hana Ajakan, Pascal Germain, Hugo Larochelle, Francois Laviolette, Mario Marchand,
Domain-Adversarial Training of Neural Networks, IMLR, 2016

MNIST SYN NUMBERS SVHN SYN SIGNS
1]
SOURCE ,E 8 i
TARGET 1 ﬂ 8 ?5' N-V
i
MNIST-M SVHN MNIST GTSRB
SOURCE MNIST SYN NUMBERS SVHN SYN SIGNS
METHOD
TARGET MNIST-M SVHN MNIST GTSRB
SOURCE ONLY 5749 B66GS L5019 L7400
TRAIN ON TARGET | 0891 0244 0951 DO8T

BRIXIAR B T FOMESS, BB 258 2 Source Domain HIB iXINESCER R EFHRRM, BB 218 B
f= Target Domain BB F 4F (RS XKIB A 122 Target Domain BYE | 3&f Training, Target
Domain RYEI 3K Testing BPERGEBIXMEF B—MESEMZFERE 90% LA L BIRIE HISXK
£ Source Domain Training, Target Domain Testing, Train fEEANEF L IR E GNEF L &R
sl I XERISE RN A SREREISE

BRYNERAN_E Domain Adversarial Training B9IE, &R EERER (RS A TRASINR R Train E2ANE]
FE S eNE R L IER=E 57.5



SOURCE MNIST SYN NUMBERS SVHN SYN SIGNS

METHOD

TARGET MNIST-M SVHN MNIST GTSRB
SOURCE ONLY 5749 8665 5919 .7400
PROPOSED APPROACH 8149 (57.9%) 9048 (66.1%) .7107 (29.3%) .8866 (56.7%)
TRAIN ON TARGET L9891 9244 9951 9987

ABENERS KB Domain Adversarial Training IEERFAFE] 81% ERSEMESS DH IS BEEARE
79,59 F| 71,74 3| 88.7, 1 XN EELEREBAERY BPX N HLE Domain Adversarial Training

Limitation
BERIA X EAR L IR E — MRS, E—IVINYEIRE, VNG e

® class 1 (source) [ Target data
Limitation A class 2 (source) (class unknown)

Decision boundaries learned
from source domain

L m Yem
ey Hple o
°® oDﬁD‘ o ¢ ﬁ.
Q oo = D‘de qu Q 9. o
@ o
oy 85° A ElE[ér E « SD%DD
Pm g, AARn ®e o Agil,mH
. D.]j = A @ ‘.’ |:| D D
9."DDD - A 0°.’ A o Ij‘ ]
s N
|
Source and target data  Target data (unlabeled
are aligned, but ...... far from boundary)

B REEH SK BEHBBIREEIN=/AMN3K Source Domain LAIFA Class, BBE1Z5ABT LA
— Boundary, EEiXF4E Class IBESFFE, IR Target Domain _EHY Data, FAi i&B{EERY Class AY
Label A IRt R BERATE Target Domain §Y Data, B JEBFEIX N EAFEEETE

ABEA 15 K489 B R E LX EIE S AL BRI 10, BRIX BB = AR SR kAo fhildRimisys (B2

RO B kT e, ADiNiX 4 Case A BRIRIRESHNR B BERR Align £—E/, BEESHER
B, AXA Case A BRGNS B IEERS HhERIARY BRIRESAIAtRT HEG10
EEieF e,

i2tE RE ACTRERGIL FAUIRT ENZELRBNRAE MR Ao R £ 5 B
e, BELABAVN R E ARAPNRAE R e

BIF— AR FA IR E BB BR RN = AR, B 1N SR RERE XN o R R3]
EBANERY BRI INIZ LK LTS, B ABA A B E R W — D25 (BERA X E S B X — 1 R

R EELLTTIAREIX A7 F RV AME B LB REARAIENL IR ASE — T XM BB IREEE
AL

Considering Decision Boundary

2R — MBI ERIMIER IR IE SRKEBRZ Unlabeled BIE F,EZ! Feature Extractor, BEZ|
Label Predictor LU BAFIECE2W— X5 EEFKFEEE Boundary HixiidF, B EIUME
Boundary #rikiF e

o MRSKEHAERAEFE S S, IUHES Boundary i
o MRSKEHAIEREG— P SEBIERIFF IR W Boundary it
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unlabeled Small entropy

n Feature ‘ Label /
' 1 2 3 4 5

Extractor Predictor

N

unlabeled

) ’ . Large entropy

Feature Label
— w— | — . —
Extractor Predictor EEREEDN
9 o b y 1 2 3 4 5

Used in Decision-boundary Iterative Refinement Training with
a Teacher (DlRT'T) https://arxiv.org/abs/1802.08735

Maximum Classifier Discrepancy  https://anxiv.org/abs/1712.02560

FRLAFR A EBi74E unLabled B Image, Ei# Feature Extractor, B Label Predictor iiHHER, ©5
Boundary #izmihyF, tEl 2 X ERER — 5 RN EATECNIZERW—1 K51 EZEDiZ
EHEE—RFE

BRX R —HIBE H AR L I8 BYMRRI LASE — T3k LLami A — NN 75 A48 DIRT-T,DIRT-T,1X4
DIRT-T BHSL,E Paper ##EIFRHISHIFIRIR X MNES Dirty, ZIE Dirty, RPMAREPBIXMERGHE KX
I EamE —LREEIENE T IF X4 DIRT-T 22— MEELEE BIM—"MBEIX N, Maximum
Classifier Discrepancy, ISREEIX™ Domain Adaptation B4R {SRIRIFRIZRANS BRIXLAEEL
BB ERAY, ABSERR IR EAREUE BT IR EE R X MM BLEARE CHR

ARXIEB—NAE, RO, B )2 B AUA LL i & EBR1%15, Source Domain iR Target
Domain, BAIEBIEPER —E—HE, Source Domain (RIZEF/% 0 2KMEIE, Source Domain BZERE I
FER¥), Target Domain tBRIZEGE R ITFiRE (EREN—ESXEFE

Target Domain ZiA Label Y FKAMRAAKIE Target Domain #EE, BHEFAIZES!

O u t | OO k Closed Set DA Partial DA

Universal domain

adaptation

https://openaccess.thecvf.com Universal DA
[content_CVPR_2019/html/Yo

u_Universal_Domain_Adaptati

on_CVPR_2019_paper.html

O Source Domain Label Set '- Target Domain Label Set

X NEREHR XANSDIOAY,SEEABIBIER, Source Domain {2EE IR, XN ELLBE X FE
Target Domain #REBRIZRES FTLAR BiZE8EE.1X1" Source Domain {EHEAIAFEEELRS, Target
Domain #@EMNGZALLIRVIR B Er8EE Source Domain {2ENAALLE L, Target Domain BI%
FELLRB IR, B8 B I seRE BEAE R E (B R BEBIFIIEIR XEERE s R EN



FRLAEIX /MR Z TR Source Domain R Target Domain /REEEIEE(]5TE Align E—iZ, IftkE
R BIRENF, A EASIR DX Case 4B, B {Rii{RELL Source Domain Y Data,ER Target Domain A9
Data, EfiJ8Y Feature 55& Match fE—it2, BRERE R (MER B ZRALBIRNG S ERERERE
DS IRIIFE BRHRIFA D R HERIX AR T

ikt 2B RREAYTT % AP EERRRIXNEIRE, B EEf#R Source Domain IR Target Domain, ERJ8eE A
—ERY Label A9IERE, BRRATLAZ XN, Universal Domain Adaptation iXksXE=

i BBEARERRIRBRF R AR N IF BRFER

UNER Feature Extractor 2 CNN, A Linear Layer,fiB Domain Classifier Input,Zi2 Feature
Map, HiiEfY Latent Embedding,iXt¥ Latent Space ZFZH% I, B/ Domain SERESAREE
0, EA Feature Map F3R#A Space RIX(E MEAEEEHE

= -

{RSBAEERT, B (RNEIEEX FE Feature Extractor, EE—NEZYHY Network ASHAJEEE B
R Domain BYZRFEHIE—IE, ST ERER THIE—EmifE—iE, CRARIREF 2, B 14k
FHE 1X Feature Space ZRIRFANR, BRNEZHME &2 Frll Domain Adaptation, ;B AZKIES:
BINER S Train i3k, BAAFHENI A HEEBIEE IR, SR EARE AT LAE SRS — T H,iX 4 Domain

Adaptation, B2 RMEMEI—MEL FrLA I IX— N AREIEFA I7E Train B9RHE BB RESE M
HEEE,— M REEIRT Domain Classifier, BIMNEEILED ST IEH ABEA T FRIX M4 = 154D
AR, bR —A EEEIRIT Domain Classifier,—AEIN 9255 154F, BB EIRHER4 Domain
Align T£—it2,[ERY Latent Space FAIIN HLE D HEIEMRY ELAMRIA TS 1 R 7 Euiig FpBi15

515, latent representation #2EAYXAN Space PARIREB —MELEGFHY Latent Space (BEF—E X4
EA—ERRESHIN T MRRSK{RES Domain Classifier, #i.2Z0Rid Domain Classifier, IX{HE1EHII
FAKAREI Model #iSZ 3k, EER8IRIT Domain Classifier, EfALELIFH Latent Space, Frld
NI B RYAE FSCE B A se 2 AR 4T, ATLARR AL MR E X MEEB LS HERN I iF FEIX
HERIZZRIEFAYE-R

BT R BE— N ETIRRTIR NI BA TR RIRIRIZA Labeled Data (BE/DE—KHE X MHE(RIER
LAt FREHBEIAN Space IR BB HIE—iE

BERE— R BIRFRIZE Label,ME Data if R ELINRFEMARBE—KME
Knowledge of target domain

, ’ ..C »

Testing Time 1 ugn
Training (TTT)

https://arxiv.org/ little & Large amount of Little but
abs/1909.13231 |\ |nlabeled unlabeled data labeled

Domain BE Align FE—i#2 X MHEREEDIE, R Target Domain B9 Data IEFE/DRIRHE EEEIE, 15
ARRBREN
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