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Review on heterogeneous transfer learning

ZHU Yingzhao
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Abstract: Heterogeneous transfer learning breaks through the boundary that the feature space of source domain and
target domain must be the same. It realizes analysis mining and knowledge migration of heterogeneous data. It further
promotes data reuse and opens up a wider range of applications for the field of machine learning. Firstly, the defini-
tion and classification of transfer learning was introduced. Then, the research status of heterogeneous transfer learn-
ing was elaborated and its application scenarios were analyzed. At last, the existing problems and the possible re-
search direction in the future were pointed out.

Key words: heterogeneous transfer learning, source domain, target domain, knowledge transfer, data reuse

1 35l

[l

N TR REBAR A, JUHZPER %2
B P BN HLASS > I WTIE 15 F ok
B2 (R0, 2 H AR 2208 N AU o (ELE
fegehlas 7 2 # R BOE I 2l 5 MR Bt AT 4
R RE () 3 AT, 0 S5 b B PSR AN T . T
HARGENL a7 AR 2K R I 2R A 4 e il

Ii5 BEA: 2019-01-10; f&EIHHF: 2020-03-03

SRt — AN RAF AR, (B F AR T ] 2 b
BARD, N TARERRZE T ZAT I 8 S M. h
U, IER A EOR T, SCBUR I R IR
B H brrb, A B b = RS R B o H
PREBERLTERE, kS 2 1R T LR
Y HARS R 2 AN I, BEAT RN UUERS
RPN, 1% L BT AT A 2 2P
SRR 2 >) T ARG 5 40 1) P9 Sl e 4 21— A



101 -

BIERE 2020 £ 3

(1 28 3 2 ) s Y LR e 4 1) H A ks H
PRI B0 T 3, SR A Bt < 18] R
PUER . IR AR IR S H AR
GRS, AT B 5 I AE A7
FIRE 2041, LEHLER S > BEdh i 21 5 22 (KN H 3
S NI, ARAT D BN SRR S TR
(KIBIF 5T o

2 I®EF

§
Y|

EXE7%

T, WSS R AN WA
MES . TR I3k D & P o A Ty, 43l
SERFIER 0] X S Gk Z 534 P(X), BI:

D= {X,P(X)} (D

TR S IATSS T A2 s ey,
RFRAE ] Y FEAT R P(Y |1X), B
T={Y, P(Y|X)} (2)

IEA% 2% IR IR ERAT 25 h O A B AR
PR A7 50 H Ar sl al H ARS8 8 A, G
R R ENEE S H AR5 5 H AR5 2 1R
MLk, B AT TP IR S PR AR S REAE R IE
90 265 BEAL) B 28 Z A5 DT T o 4254 HY X ALt 2
. FEHT MR, 23— ANEIEE, T
SEINT H AR AR AR BT 40 R, R R K
SERCHBAMESS, WK 1 R,

TR A HAsig B ESSHEA
O O 'e) 8
0] 8
0 o 8 g
O O

HIRIER

B sl

BB SF
sl

H Apigl/
FARME SRR

AHERFIE R [ HEAT 702, A8 5 SR Yk
L5 B3 (1 R AR AU 225 182 15 A4 ) 7T BA o 24 [R] 4
TR 5 R I WY X RAER

720, LRI F bRk s A x I AR R, BE )
R A R, (R E AR IE A AN R
BRI 1o SEHLRIFIERS 7 > il ZE A R 1913 B
2R, R AR I 3 A
2 FHERORIR RN A ) B EONRFAIE 7> gt
[ 3 1 2 > % 2 Pl 1 2 ) B et S A
SNEE 25 S0E P 8 T B R AN OO & 1l LN (1
JEARTE, HIFFIED AT WA ik, KB
T 27 20 T B HGMR PRAFALL 2S TRD 6 5 1) 1 i, A
P B TGN S R, PERIERR S AR

%o

F1 FHEBES SRASTBEI L
IS H bR

T 2 AR ]

TR T5 A 2 ] i AP [K) 1) A

[ IER 7% 2 AH A B A & A

SERIER 2] AN R AIE 23 TR ) 55+
BRIV 9|

AR W ST 028, MR H ARk
R BAT R ST Loy A TR 22 >
EERIER ¥ ) KB IER % ) 3 2K, 514t
A2 AT 27 2] AT AGRSE 7 A AT 552 S A
o BRI MK 2,

#2 PAHNX. BHEXSEEE 3 MIBFIML

TR P H AR BRI DL
HRER] 2SN IR
SEE2 WA
HiEEBES  — A1
LMEERE] — WA A

HALT B TR AT 02, IR A TR 1
I A 1 2 AT Ly Oy T S R AT A A
A BETHRHERT R AE ) FET M4 1T % 4 )
FIETFRRMERES 42K, AR 3, T
SR IT RS 2% 20 2 NS rh Pk H A aE R A T T
B H PRI ZR, XTI IR L
& TrAdaBoost 513%™, 64l B s 42 (LA T



+ 102 -

DAL AR H AR 20 A, IR HIZER 2 AL i)
FEA K H AR H S FEA L RN S5 R, g
THRFAE AT AL 27 SR S H AR R R A 8t 3]
B RS |, AR PR REA I A S R AR .
Long 2P Z ¥ i K¥( 2% % (multi-kernel
maximum mean discrepancy, MK-MMD), SZH{
MBI TR TR PE 25 . BT 4 (1T RS 2% S S
T L PSR A YN R I (R P 2%, 3K HL 1T 1R I 24 25 4y
B HAHR AT LR N IT R I 2. Yosinski 25
H LeNet. AlexNet. VGG. Inception Z5# /& [ 4f
(R RE R 2% o T 00 R AT A% 27 > R s Al
Z AR 2R 5 H AR 2 1R D¢ R I 5 IR AR OC
PERFTIT % 2]« Davis 25 EL T — [ I R AT k%
B, 124 RN — RAVG R A, IR
BN T H AR P e B RE % .

F3 ETIH. FHE. R, XA 4 MIBFIL

EBFE T T

HTIPIRT R ] B YRR S 4] A F o
(=

H PR NER 2] HFHRIEAR gl P H AR
Z A 22

T 2% TR 2 2] TR RIS AR 4 2 i)
HES A

ETRAMEBE] FEAN ] QU 1) (1) 5% AL

PO I is 252 A B R ot R M TP 18
AT . FOTR RSB Z s i X, Hor
— AN 2 IR Ry s ISR RS AR 2 H
bRep e et R, aERs. e b,
WA 40 A7 2 TA) ) 22 S S G 6 O AR IR . i
MsTrAdaBoost!”). GFK!', DSM!"" % MMKT!®!
SRS A SGT R IS . 4, kS H
BRI R A B A A TR I, RAME
FRIRELRNIR I TT W) o SO AR KRS Bk
FThRd i B SR 2 D, 5 B AR bR ic 1
I, AU a8 o 27 SCHR[20]42 Hh A%
IR 2 2 B AR, ST R KR L

FEAHAL, i m] P RR PR B UM €L, A0
MR AGER -

FERE I BRIV

EARZ GO, YIS H AR FE AR AE 2%
[ H AN L), A5 AR PR AR 4R B FVREAE 3
A, ANFEHRFIE 23 A SORT BEA B AN [F] R 1A S
ST RS R AT o WK T SR VPR IR RN H
Yy, BROREIEUE S TS VRR 1, i H RiEie
KWLM . —&IET, EE & RAE
MNEAHIE, WEAFERFFAELERE . “ 7“5
W B SRR ] B RO YRR S, A
) E U ARG, HAHER S RARAKN, X
R D S AR 22, A i (R4
R 2, B
P(X,)# P(X,) (3)

Horbt, X BRI AL I, X S H A
S IR A1, PO o S 43 i
534b, FER PR AT RE 2 L AN BRI, <A
SR VPR KB AT, B 2O RE AN T
PEARRTIR, 6T LIV 6 2K U 40 T A A 1
[y, T2 A N TR B — AN AR AR
R R A UK 8, HEMR, A
B R AL, 7E 5 Ah— N h R
B 7E b F SCRFAE AR 22 , 7 BREG 4 R 3 20 A
", B

P(%, | X)) # P(Y; | X;) (4)

Forr, Yo D UG G VR AR 8], Yo A H
Al L PE V8 U BR 25 25 8], P(Y | X) A 4 ARy
AT o X AN AL 22 ) AN [R] (R 3L AT iR
AR AT 2] ST 0
U B AL 8 5 3 R T AR R AL 1 U5
I SR 3 2 T )RR A REAE AT BT SCRFAIE i 22
(K3 2 AF N REATSE e, SR 3 A AR Ak 19 5
S Et



- 103 -

BIERE 2020 £ 3

3.1 ETXFREHERITTIE

BEF R FREFAE (1) 75 2R PR Al 25 1) 5 H AR
SRR 2 TP e e 3 — A AL AT, Il 2
Fizse AR A A L, PR AR A A S
Bl LSRR BEINEEL, W A AHIER 2K

HHRE A4
st
i
Rk -
Wil

K2 TR AL T i

BE TR B AIE (0 7 VR AE TG H AR bR 25 1 15 L
N B 7 SR SR &5 R R R A
(structural correspondence learning, SCL) PUHEAT
WbFE . SCL JE IS TN o AR R R IR 2 1]
XS IE AR, FFRN Y ST PIR A 3L 7w R
M1 SCL IR To T HFSbras, BE#HGe—dim
R A ST ASHEE oo Ak S (A 4511 T SR (L
RN ZE S5 . HJ2, SCL A7AE— MK
i R, i T sl verk il ek i HLBEE
RN A A G 6 6 i il = Sl [ LT
Prettenhofer 251°hKt SCL #iARda I B8 5 A
R R = I, e B T 5 A A Y o
(cross-language structural correspondence learning,
CLSCL) J5i%, FH—H1 401 {ws,wr} F =X il ek 45,
Horr wg Rk AYRIE S 01, 1 wr Rk B H
brife I, S {ws,wr) SEIUMNIETE 5 2 H bR
= EERRE

A HAREE A A BRI HARAR2E, AT LUl
TSR AR 555507 30 21 AL E R AN 5 ] o
SRR 2315 T AR LS (heterogeneous
spectral mapping, HeMap) Jji%, € ¥EEF1H
PRI R A AN T 2 R S B8 20 A1 B B 2 TR AN
FATR], 38 T A et A Ytk 5 H AR5 2
AR NS ], BEORUEEGE J5 R S5 M AN R AR g
MRl P 2 ik Bl . ARG, AEAIL AR

HURHIZR I 7k 85 5 H br s AL R s £
I 1B R I R AR AN T s A 1) )
TS T DL 307 1) 753 T A JRORIRE HE 56 J80 0 PR i
AT — BP0 2D, SRARIEX 55
(177 2R DK 22 5 b AN ) ey s R AT B 4
WG — BN AW AEARYESS A], bk B AR5
(I A4S U 33 « Wang S5 P5E T B R 5548
W7 — Pl B 9 JE X 5% (domain  adaptation
manifold alignment, DAMA) J5i%, &tk
(1S4 00 25 1 BRI iR B e 3 A L1 g,
TR¥FFZ R E S0, B mldiis, 4 —
AN R B U0 37 11 25 3t B 71 3 A Ok 4 e Ik 5 Ut
T, FERTHREATT SURFEAE S i, SCBLEES IR
(RIREAE, TR SR A R IR CR . e, FUE
Sl S AR I 2 1) R Y Rt e P[RR, R
FHHUE WAL AR INACA Ze PR [, o il %
S 2 TR PR 22 572

EEXTEIMG MR, Zhu EPHEH T RS
¥ IE 8 2% ) 1% 4 25 Cheterogeneous  transfer
learning image classification, HTLIC) [{57%, 1l
PR 2 0 R AR AT SR IR B AR SCAS SR
TR, BT Flickr - 3REU SN A 5 Y
(B — A2 A B bRAE, AT TR — 2 0
Kl o 5 ESCAR SO N ] B Bl bR a8, B i 4%,
TRNAGNE, R XSGR s R I K
TP 2 4y PRSI DLBRL TR b 25 R A4 4 N
SCARSCRG R K o FF 0 FLREAT W 7518 Lo AT
AR 2% V& 45 e i o i O A0 18 SR AL, i
L MR f# (collective matrix factorization,
CMF) 2% ] M gURefE, T R I SCAR TG 2
7] [ L [R)E Cs i) Qi PO T —Fh AR
AFEMG (text to image, TTD &L, KA L
LA 1) 7 ORI G AN SCAS SO R, 3R A B
A0 85 ST A AL 1% 7 SCAS ST v 4k 21 1) A1
DA SR

K T RESRZ [ 4 AF 53 4 2 5%, Duan 227



E’f%z

Pt — PR R AE S 91 (heterogeneous  fea-
ture augmentation, HFA) W&k, ZH LM EXR
FHPEAN AR B R Y4l ) e Sl S e S 1) 28 S
FEAR AT, AR AN ) R 2 A A 45 B R H AR
Bl I AN AFERE, HLLL SVM 458 XU
PR g MV AL S SR T I R, Tl A
BOCACE RE AR ok T SCHF ) FEBLKDRHE 1), 3K
fift HH e B 2l & R o Li 252018 HFA (R 5ERd 1
BEAT Hh R, B Bt M B S R I 1Y o
(semi-supervised heterogeneous feature augmenta-
tion, SHFA) %35, ¥ HFA W41 RFE i
— e gt gl s, RV 2
5 SR AR R ST A
3.2 ETIEXMFREHERY I
HE T AR R BR A AIE 1) 5 VR AN 5 B 3 P

R ) ¥ AE A TR), B W 5 R AU 1 () 3 46t 2]
H b 3ol 5 1E 23 0] 50K H bR SRR AE 25 [R] % 6 21 Y5
SRR A1), S0 PR 3 N R E IR 5%, il 3

FioR o

. i ) H b3t
" E’Eﬁﬁ - HHERER g A
gl —

(a) BB EHE B

VAL | o
% ]

P D T
RS =7 i

(b) B EE R R B
3 BT AR FREAE A PR ik

DX P A A ) A sl A X AR e Ak
W5, R IR Ik 2 e e 4 1) H btk Ak 25
(8], RIDRF PSS A S S 31 H brssk, R )5 K58
JRR SRS TR S B AT K U, R RR R
SN H AR A B IAEA SR R ] HEA T, e 4
B

S REAAAE - DNBORN T, AR 25
B NI e, BB H ARAEA IR AL 2 ] 22
ﬁ%ﬁiﬁ% HH BRI A KR ik 3 1) K
TR, T 4 TR SR AR e I Ak Ak

<104 +
ﬁﬁ#ﬁb AR A
00 R0 2
o O
K22 e Wik
oé%> ik "%%.’
(ole)
SR A

4 PR ARSI AR K Tk

R RAFVERE, HER S AREH T 200 1) H ks
1255, BUUTEAARATRENE . DGR LT st
KR H bR k22 I 2k R 1K, R ok H
AN S (e T NS 7T = e 1 K 1l L R
AL, TN RGO T A I, o 2 B
IR, JXFEARIR S I TR A BT AR, 1 5
JIT7s (RIS T 105 R LUk 1 H AR AR () 5 Ak
25 [1) i AR J 1 T o 1 SR R AR S5
PIERANGRT MR, AR50 H Rk rp R AEA
BHATRAEZS M, T HIFH (1 FAR A A
TR T SRR R AR, R
5 HARRAE 2 ) A AR I B T, 2 2
TR H BRI S (AT R AE 2 T, U RA A
AN 52BN, T3 th AT fE

WA BB
@) Q0
O%%P e
piad

1

kS TRHAE 2% [T

BiR B
R ﬁ 2 5
it J5 B AR AR

5 PRI A R SRR T7 ik

Kulis PO HH 1) — B AR B 11 WAL AZ S8R

AFH (asymmetric regularized cross-domain trans-



*+ 105«

BIERE 2020 £ 3

formation, ARC-t) J57Z% IF /2Rt 544 () H AR 5 451
WeShE SIS, LIS AR 28 (R 2 2 .l
K & RBF A% pR bR AR, SEBI T 5t
LA TIPS B e NGl Tl 1O | 35 i
SE A AR X BRENPUT AL o B0 Z2 U5 K15 2, Harel
B —Fh 2 U 5% (multiple outlook
mapping algorithm, MOMAP), JERuIEA H
PRSP, AR IO H BRI A2 2R
BEAT A, HrH N B A % . AR5,
TEX LR AN H AR R 2 (A EAT XS, Ffiad
¥ FRAE 7 A SR LR U % 2R A 3] H AR IO W 2R 20
(R AE WA B o Zhou ZEC2ME T —FhRR O il S 44
FEEHK 7~ (sparse heterogeneous feature represen-
tation, SHFR) 7735, E4iill 5 H bri 5 4F
AR —A B e, HIXEE gk o)
KA HAT K HAGED, BT AR 7> 2K s
ANBLALE T, DL /M H AR A 5 2l A8
A 2 72 H bR, 49 AR SRR B . BHX0 A
LB B T (4 8 P, Nam 28223 TRk A
SRJEFE TN Cheterogeneous defect prediction,

HDP) [9583%, Jo RV 2 LU A4 IELE £ 5%
TEVIR N P R, a8k S REAE A () TC AR
ARG R, R R SRS R— KRR
(Kolmogorov-Smirnov) X404kt Fl H Fre kA7
VNG VLRSS R PR AL, IR EATH T 25
¥ o AR Z SRR R 7 R E PSRN H AR
S A AR TR, ABRAE S B N R OFA BRI A
AL, 2% CHR[34] 18 R & I 2
(hybrid heterogeneous transfer learning, HHTL) %
W, BTG S 20 11 Bl B A TR R
>, AL R b AR e 58 e AR BR G H AR 2
PRI IR TR R A A 22 o Bl A 2H 10) S AT 5
A BE R AR S5 LR 4.

4 FUEHBFEIMEA

Bt ELIEC I (1 e A Jig BB PR IR N T 3
st I BATSOR, BHR . EE 2 B Hs
e 2 S 1 1o L1 T P = e e
AT 1K 32 25 A8 25 93 A R 2% A1 Bk 26 23 A 18R] REAS AT
[, [FREER A I TR L TR A K, 52

x4 BEUIBFIEZNHS

Jiik ERBARR EAE BRI 2 BLiDEE) RS TR
CLSCL F TR PRI brid Abrid ANSHF AHF x
HeMap H TR PR Frid fartRid ANSHF SCRF x
DAMA He TR FRRHL Frid artrid SCRF SR x
HTLIC Br o pORE (1 ARbRid Kiprid ANZEFF S 7
TTI F TR PRI brid bRl ANSHF AHF x
HFA H TR PR Frid artRid ANSHF SCRF x
SHFA BRI FRRFILE Fric o brid ANZEFF S 7
ARC-t T ARXT AR AL brid bRl ASCHF S 7
MOMAP T AR R4S AL FRid artRid SCRF SCRF x
SHFR HET AR AL Frid artRid A SR x
HDP FET AR XIS AE Fric Abrid ANZFF S 7
HHTL T ARXT RS AE brid Abrid ANSHF AHF x




E@éeﬁﬁ

+ 106 -

R 2 ) 45 ok BB B2, mT DU A SCAR 4y
H. BB PSR FEbR I S A T H 5k
T4 7 1

PP CARSYE, MEIES H bR E AR R 1)
O E 23 TR R A0 A I, P R0 AR 25 il
L S LR s A A 2 DSy
Hkm iR e, HAGZH A Em; X
FEI AL AR FE AR LR ), FZ At PR
R BT A A . B2, EIETRRL
TN, IREEAL G SRS BRI T MEA % 45 52
PN TP, R SHITBEE &S,
SERT R 2 > N FH 1) SCAR 4222 27 29,32 3 e 4
WSROI BT, SEILAE S 4 SCAR I 2 A1 HEA T 4
YT, 98D N TobryE R ot =5 U1 25 0 T4%
i, BRE SO RS I PERE .

A 25 1) B A% 3 28 B2 S B AR TR A A
RRAE, AR e A R IR T PR 45 Hh G A
JE P, R TGV R R A B 3 X
S BB EREEHDE IR, e X -
A RESAETERCNZEN, KM R . Fok,
TEAR Z 1% Gl BB mT AR 2 45 LE /e />, 1
ORI AT bR Z . Ak, ATRLNS
GRS SCA N 25 TR 4298 th A 0 AR A8
T B2 . SRBLECE i 7 i, s St
DL (0 )5 S 5, £E Flicke bl AR K&
P 1) SCA— UG H s 1222% 400 KDY Flickr H
A7 ) L 1) S0 2 0 A B AT UL ), X
SCAS P4 HL IR ) 38 T LA OA AR A IR s
Mo X FE R 7 2, AT BALE R AR A 1) JEE Al
b TR ORI R R SCRRAE i R 4y
FIUER

RN bR, AR AL SRR 5 )
e, W BVE 2 AR IR SE B A RE I 5k AR
VeSO AL . T HL, VF 2 REAR A 2 A7 76
IIARE ARG BN Tl F E AR AR s o, A%
SR T SO TSI 28 R 53 28 CL&8 TRV i i I

FEAAARE BRI, Stk B AT R 2
I B N B bR, R AR A A 1)
XV OGFR,  FT I BB S H AR AT R DG,
SEIE R AIRIT R « 27 SCR[42]5¢ tH— Rl i &
FIEHAE 2], A CPE T (CCAD 7
W, 0P B S H BRI R R AR 25 () 3R AT [
M. H UGBS s ME S Hbw, R BE LRI
SR AIE 2% (D 55 AR AE 25 (R R RE R, DLzt
SRR S BB R AT R AT RS . I BE
(RIREAf 2 LE RS TR (V) SR ) EERLEEIE L A0 B 5
Fr1) &ML (domain adaptation SVM, DASVM) #
LR 58.03%. 23.06%.

A5 NI A S BEAESG, A BB IR 4K
PEAE TS AR VR &3 AR AR B 5 1Y, AT
BAFS B T -y R WidE 2011 457 H 23 H,
DL Ay 47 sl o L B AR 2R G (1 R U SR B V8 e B
FiRZ D301 A 4M D315 IRAZER A RS
i, HE 40 i, 172 N%ei. #AESLaE i
TR R A AT B R Zh th— AN TR, 4R
Jo X} i SRR A AT RE AR R A TR TN, ORAIE AR BT
o AR, TEARZWPHRAEI H b, LTI
SRR >, EREARA, il G
SR FH 5 T A ke o TR0 1 7 5K B I H A
S B8 T A7 A o3 A 22 7 15 RN P4 45 Ak % 1)
W31, ST A 2 > ds P I H B e B 10 mT
DAAR G AR Al 3 26 i) 0, AT LL6 268 22 1) g s
BRI U B2 SR 471R T &
T S H 23 18] () HDMP $5.3% , 38 o b 00 H 58
RS A B, FE T MOMAP Jy 2 4 1 e B
FEBE, AR5 IR H 5 H bR E R 5
T, FF32 F 4 FE BP0 B AR A HEAT B B T o
5T H A H BRI H A7 A SLEE R, HDMP (1)
U AE R Ll 20 i PR e B TN A9 TNBESL,
NN-filter™! Ft TCA+PORREELS ;400 H A1 H AR
I H ANAEAE S LR RIS, HDMP SO v ff %
b cCA+PMr, BT DL ks s, SRR



BIERE 2020 £ 3

ERE TR, PRI 0k K I 2% 4 R ARy

0

5 HERE

RIS 27 2] ST AS R AIE 2 T 1) LR
A CATEARAN RIRFHEAERE AN [ b 28 25 18] LA [ ik
ROPATERENG, I ARREM G MR,
W ZMUUE N I . (B, RWIEE%
MPAFAERR 2 1) BT BB A 1R NR R
FEAFELLT 3 AU

W R R MIT R A o) SV T A
AT et 2, HURRIE T4 e N 3% 5,
AR A 2 TG v A R B Ak N H 3 serb.
HTLIC kY5 TTI HiEAUR T B G 22, ik
B A 2 A R AT 45 Lo B3R 4 S WA 22
BOET UL T MR, B A st
SRATH . A, R DB ZEHE & R IR
UL, e 2 R, W 6 AR
TR N TREAR AL A 4 7 25 BT 77 (9 A4 T AR
o A4, KRB M EOARES KDY, M)
& EHRAZ, RAERNEENHME.
AT 2 2] ) LA 5 AR B dls s pe i A DY
BUEE 4, T B E 52 25 15 2 AR A4 110 K4
VIG5 R N T e A2

W, AR SR G BT
H 0 R IS 2% 2] B AT P REVPAL SR AIF o
IR AR 2 1K) A RIS 2 ) SCHRR AR XS AT 9 Hh 1 BE 2k
kS I EE AT YERE LA . BARPT B
&t 11 77 V40 LU I A 1 1) BE 2R B VAT A A1
PEfE, (HRXEELL BRI L1
AU RAT 5 w10, 25T f UL B 14T
%, BEMERECH IR . ik, RA S R
R 7 ) ST R — A A R AE S, ik
S RIE RS 2 ) AL BRAE S I A AT AH TR 1R A S5
& FRHTIRRIGAUE, A ReX) & HIERHT IR 1)
WHHT, R SER 45 Rk P Sk P g

RV, AT H S FA AR B 5 755K 5
Ui/ F U R ST SUE s RE P TR

= AT AR AR A R U 1
H AR A BATIRGF RIS R, ARSI A=
5 BIXFPG5 R R AR, Mgl T L
Bo M, EHATAES IR A POERZ R, %
B P2 R R OGIRRR L, R R AL X de
AT a2 A IR . R R S AT
7o), ATLLAE ST IR H AR R 2 TRV B
BRI, AT AP AN P R ALE 2 T A5 0 R R
HE PP I3 TEUL ) B ) PP S A e 7 0 5 REA T A X
FRIFAGFVPUERS o 25 05 S 1K) P Sl A AU A b oL
BOE M BIE, I ANAE I P 2 T BEA T AR XS R 4
KIYUER, e ROR R SUER, UHA R T2
SRS, PRI IC IR, R 5 F AR
HREE ma s, e el UtkRE. aiir2 R
2 ) T B F A LA B IZRAS AL, Tian 457
P T MAT B, W] DASEBLIC B I R H o >
oAby BB 2 T AT B T 1) G i 2 1) K
MBS R IE 2 T SR 1 i s ),
AN (N R e N E IV 77 WS i o ¢ TR S €k 1]
B SRR G O R . ARK, BT EAE G
BRI R A REE R, BNt s
Pt — b e m LR R .

B 3k

[1] E&E, g, NTEGEBRDTITAAKE R 5 Bk 554
RG], WAERE, 2017, 33(5): 1-11.
WANG Z H, YANG Z. Research on artificial intelligence tech-
nology and the future intelligent information service architec-
ture[J]. Telecommunications Science, 2017, 33(5): 1-11.

[2] EEG. TR SRR (B (R 22 I WEFUD]. )M
BT K2, 2019.
YAN Y G. Research on transfer learning for heterogeneous fea-
ture space[D]. Guangzhou: South China University of Technol-
ogy, 2019.

[3] DAY O, KHOSHGOFTAAR T M. A survey on heterogeneous
transfer learning[J]. Journal of Big Data, 2017, 4(1).

[4] Z7%%, B, W R o ) B R SL BT STt



[3]

(6]

[7]

(8]

[9]

[10]

(1]

[12]

[13]

[14]

[15]

+ 108 »

JE[]. e aE B TR E A CHARRIARRD |, 201903):
269-277.

LIMY, YANG L, HU Q H. A survey on theories and algorithms
about homogeneous transfer learning[J]. Journal of Nanjing
University of Information Science and Technology (Natural
Science Edition), 2019, 11(3): 269-277.

MRS, PMERE, DHEBE. BREE N ST RE(T]. B8
1244, 2014, 40(8): 1576-1600.

LIU J W, SUN Z K, LUO X L. Review and research develop-
ment on domain adaptation learning[J]. Acta Automatica Sinica,
2014, 40(8): 1576-1600.

UM, JRF&IE, B, 4%, TR IWHIURMSELER ).
Kb R2E 4R, 2018, 32(5): 33-36, 41

LIU X P, LUAN X D, XIE Y X, et al. Transfer learning research
and algorithm review[J]. Journal of Changsha University, 2018,
32(5): 33-36, 41.

FHL TR IR, BRETIRS A, 2017, 13(32):
209-211.

WANG H. Transfer learning research[J]. Computer Knowledge
and Technology, 2017, 13(32): 209-211.

DAI W, YANG Q, XUE G R. Boosting for transfer learn-
ing[C]//Proceedings of the 24th International Conference on
Machine Learning. New York: ACM Press, 2007: 193-200.
LONG M, CAO Y, WANG J. Learning transferable features
with deep adaptation networks[C]//Proceedings of the 32nd In-
ternational Conference on Machine Learning. New York: ACM
Press, 2015: 97-105.

YOSINSKI J, CLUNE J, BENGIO Y. How transferable are
features in deep neural networks[C]//Proceedings of Annual
Conference on Neural Information Processing Systems. Cam-
bridge: MIT Press, 2014: 3320-3328.

DAVIS J, DOMINGOS P. Deep transfer via second-order Mar-
kov logic[C]//Proceedings of the 26th International Conference
on Machine Learning. New York: ACM Press, 2009: 217-224.
PAN S J, YANG Q. A survey on transfer learning[J]. IEEE
Transactions on Knowledge and Data Engineering, 2010,
22(10): 1345-1359.

WEISS K, KHOSHGOFTAAR T M, WANG D D. A survey of
transfer learning[J]. Journal of Big Data, 2016, 3(1): 1-40.
WANG Z , DAI Z , POCZOS B, et al. Characterizing and
avoiding negative transfer[C]//Proceedings of IEEE Conference
on Computer Vision and Pattern Recognition. Piscataway: IEEE
Press, 2019: 11293-11302.

YAO Y, DORETTO G. Boosting for transfer learning with mul-
tiple sources[C]//Proceedings of IEEE Conference on Computer

Vision and Pattern Recognition. Piscataway: IEEE Press, 2010:

[16

)

[17

—

[18

[t

[19]

[20]

[21

—

[22

—

[23]

[24]

[25]

[26]

1855-1862.

SHA F, SHI Y, GONG B, et al. Geodesic flow kernel for unsu-
pervised domain adaptation[C]//Proceedings of IEEE Confe-
rence on Computer Vision and Pattern Recognition. Piscataway:
IEEE Press, 2012: 2066-2073.

CHANG S F, XU D, DUAN L. Exploiting web images for event
recognition in consumer videos: A multiple source domain
adaptation approach[C]//Proceedings of IEEE Conference on
Computer Vision and Pattern Recognition. Piscataway: IEEE
Press, 2012: 1338-1345.

TOMMASI T, ORABONA F, CAPUTO B. Safety in numbers:
learning categories from few examples with multi model know-
ledge transfer[C]//Proceedings of IEEE Conference on Com-
puter Vision and Pattern Recognition. Piscataway: IEEE Press,
2010: 3081-3088.

IR, BT TR A S RS BN ST T [D]. Mat: HE A
HiErE K2, 2017.

XU QY. Facial expression recognition based on transfer learn-
ing algorithm[D]. Nanjing: Nanjing University of Posts and
Telecommunications, 2017.

TAN B, ZHANG Y, PAN S J, et al. Distant domain transfer
learning[C]//Proceedings of AAAI Conference on Artificial In-
telligence. Palo Alto: AAAI Press, 2017: 2604-2610.

BLITZER J, MCDONALD R, PEREIRA F. Domain adaptation
with structural correspondence learning[C]//Proceedings of
Conference on Empirical Methods in Natural
Processing. [S.1.:s.n.], 2006: 120-128.
PRETTENHOFER P, STEIN B. Cross-language text classifica-

Language

tion using structural correspondence learning[C]//Proceedings
of Annual Meeting of the Association for Computational Lin-
guistics. [S.l.:s.n.], 2010: 1118-1127.

SHI X, LIU Q, FAN W, et al. Transfer learning on heterogenous
feature spaces via spectral transformation[C]//Proceedings of
the 10th IEEE International Conference on Data Mining. Pisca-
taway: IEEE Press, 2010: 1049-1054.

WANG C, MAHADEVAN S. Heterogeneous domain adapta-
tion using manifold alignment[C]//Proceedings of International
Joint Conference on Artificial Intelligence. San Francisco:
Morgan Kaufmann Press, 2011:1541-1546.

ZHU Y, CHEN Y, LU Z, et al. Heterogeneous transfer learning
for image classification[C]//Proceedings of AAAI Conference
on Artificial Intelligence. Palo Alto: AAAI Press, 2011: 1-6.

QI G J, AGGARWAL C, HUANG T. Towards semantic know-
ledge propagation from text corpus to web im-
ages[C]//Proceedings of 20th International Conference on

World Wide Web. New York: ACM Press, 2011: 297-306.



* 109 »

BIERE 2020 £ 3

[27] DUAN L, XU D, TSANG I W. Learning with augmented fea-
tures for heterogeneous domain adaptation[C]//Proceedings of
the 29th International Conference on Machine Learning. New
York: ACM Press, 2012: 711-718.

[28] VAPNIK V. Principles of risk minimization for learning
theory[C]//Proceedings of Annual Conference on Neural Infor-
mation Processing Systems. Cambridge: MIT Press, 1991:
831-838.

[29] LI W, DUAN L, XU D, et al. Learning with augmented features
for supervised and semi-supervised heterogeneous domain
adaptation[J]. IEEE Transactions on Pattern Analysis and Ma-
chine Intelligence, 2014, 36(6): 1134-1148.

[30] KULIS B, SAENKO K, DARRELL T. What you saw is not
what you get: domain adaptation using asymmetric kernel
transforms[C]//Proceedings of IEEE Conference on Computer
Vision and Pattern Recognition. Piscataway: IEEE Press, 2011:
1785-1792.

[31] HAREL M, MANNOR S. Learning from multiple out-
looks[C]//Proceedings of the 28th International Conference on
Machine Learning. New York: ACM Press, 2011: 401-408.

[32] ZHOU J T, TSANG I W. Heterogeneous domain adaptation for
multiple classes[C]//Proceedings of International conference on
Artificial Intelligence and Statistics. [S.L.:s.n.], 2014: 1095-1103.

[33] NAM J, Kim S. Heterogeneous defect prediction[C]//Proceed-
ings of the 10th Joint Meeting on Foundations of Software En-
gineering. New York: ACM Press, 2015: 508-519.

[34] ZHOU J T, PAN S, TSANG I W, et al. Hybrid heterogeneous
transfer learning through deep learning[C]//Proceedings of
AAAI Conference on Artificial Intelligence. Palo Alto: AAAI
Press, 2017: 2213-2220.

[35] NIR F, DAN G, MOISES G. Bayesian network classifiers[J].
Machine Learning, 1997, 29(2-3): 131-163.

[36] JOACHIMS T. Text categorization with support vector ma-
chines: learning with many relevant features[C]//Proceedings of
the 10th European Conference on Machine Learning. Berlin:
Springer Press, 1998: 137-142.

[37] QUINLAN J R. Induction of decision trees[J]. Machine Learn-
ing, 1986, 1(1): 81-106.

[38] SHIMODAIRA H. Improving predictive inference under cova-
riate shift by weighting the log-likelihood function[J]. Journal
of Statistical Planning and Inference, 2000, 90(2): 227-244.

[39] ¥, Rl SCAAR BR G 43 SR bR T S B ) ALE 52 (D).
Jent: JERtsRim Ry, 2016.

YANG L. Research on key issues of images classification and
annotation by fusing text information[D]. Beijing: Beijing Jiao-

tong University, 2016.

[40] DAI W, CHEN Y, XUE G R, et al. Translated learning: transfer
learning across different feature spaces[C]//Proceedings of An-
nual Conference on Neural Information Processing Systems.
Cambridge: MIT Press, 2008: 353-360.

[41] NIEBLES J C, CHEN C W, LI F F. Modeling temporal struc-

—

ture of decomposable motion segments for activity classifica-
tion[C]//Proceedings of the 11th European Conference on
Computer Vision. Berlin: Springer Press, 2010: 392-405.

[42] HEE, BRICER. SRS IR 2% 2] AL s vE VA D]
THENLN L, 2018, 38(6): 1547-1553.
TAN Y, RAO W B. Heterogeneous compound transfer learning
method for video content annotation[J]. Journal of Computer
Applications, 2018, 38(6): 1547-1553.

[43] LORENZO B, MATTIA M. Domain adaptation problems: a

—

DASVM classification technique and a circular validation
strategy[J]. IEEE Transactions on Pattern Analysis and Machine
Intelligence, 2010, 32(5): 770-787.

[44] U6, BRI, XUEEF, & FETRPET A A ST A (15 T
FHBRFE TN A ], BRI, 2019, 30(5): 1308-1329.
NI C, CHEN X, LIU W S, et al. Cross-project defect prediction
method based on feature transfer and instance transfer[J]. Jour-
nal of Software, 2019, 30(5): 1308-1329.

[45] XURE R, BT REAEIT A% 1K) 5 00 H B F BB T (D], 09
T BTG R, 2019.
LIU S'Y. Cross-project software defect prediction based on fea-
ture transfer[D]. Hohhot: Inner Mongolia Normal University,
2019.

[46] 220, FLT IR A ) IR BB TN BORBETT[T).
Ji S F, 2019, 35(4): 93-94, 99.
JIANG L H. Research on software defect prediction technology
based on transfer learning[J]. Microcomputer Applications,
2019, 35(4): 93-94, 99.

[47] %5, HETITB A 2 IS I H BB HND). KA &4k
R, 2018,
WU Q. Cross-project defect prediction based on transfer learn-
ing[D]. Changchun: Jilin University, 2018.

[48] MA Y, LUO G, ZENG X, et al. Transfer learning for
cross-company software defect prediction[J]. Information &
Software Technology, 2012, 54(3): 248-256.

[49] TURHAN B, MENZIES T, BENER A B, et al. On the relative

[}

value of cross-company and within-company data for defect
prediction[J]. Empirical Software Engineering, 2009, 14(5):
540-578.

[S0] NAM J, PAN S J, KIM S. Transfer defect leamn-
ing[C]//Proceedings of the 35th International Conference on

Software Engineering. Piscataway: IEEE Press, 2013: 382-391.



*+ 110 *

[51] JING X, WU F, DONG X, et al. Heterogeneous cross-company
defect prediction by unified metric representation and
CCA-based transfer learning[C]//Proceedings of the 10th Joint
Meeting on Foundations of Software Engineering. New York:
ACM Press, 2015: 496-507.

[52] iRE3. 1R 5 AR SO 43 I S A I RS A X SEVETE ST D).
JoIM: SRR EE TR, 2014,

TAN Q. Research on heterogeneous machine learning for
cross-domain document classification[D]. Guangzhou: South
China University of Technology, 2014.

[53] VEKTE, xtbd, XZREE, S5 01 W0 45 R Bt 1 22 4 o A
HANAD]. BERE, 2017, 33(3): 112-118.

WANG L F, JIN HM, LIU D X, et al. Application of security
analysis technology for network big data[J]. Telecommunica-
tions Science, 2017, 33(3): 112-118.

[54] =¥, XUHE, Tk, 22 BB Al ZOR Bl 1 6 K A s H
SEER[T]. SRR, 2018, 34(1): 135-147.

WU T, LIU T, WANG B. Construction and application of Anhui
Unicom enterprise big data platform[J]. Telecommunications

Science, 2018, 34(1): 135-147.

[55] MAGDA F, MARCEL J. Asymmetric heterogenous transfer
learning: a survey[C]//Proceedings of the 6th International
Conference on Data Science, Technology and Applications.
New York: ACM Press, 2017: 17-27.

[56] ZER T, TPl RARMEARIORAL . 2] £7i8(Z]. 2020.
JIAN S L, LU K. Survey on representation learning of complex
heterogeneous data[Z]. 2020.

[57] JIAN S, HU L, CAO L, et al. Metric-based auto-instructor for
learning mixed data representation[C]/Proceedings of AAAI
Conference on Artificial Intelligence. Palo Alto: AAAI Press,
2018: 3318-3325.

[HEEE N
REZEI (1993- ), 53, hEAUE R A R
AT E P 2R 2T ST B g TR,
BRI I ARG S RS, AR
[EEp SN
A,
i



	12-20060-1ﬂ−.pdf

