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Survey on Transfer Learning Research

ZHUANG Fu-Zhen, LUO Ping, HE Qing, SHI Zhong-Zhi

(Key Laboratory of Intelligent Information Processing of Chinese Academy of Sciences, Institute of Computing Technology, The Chinese
Academy of Sciences, Beijing 100190, China)

Abstract: In recent years, transfer learning has provoked vast amount of attention and research. Transfer learning is a new machine
learning method that applies the knowledge from related but different domains to target domains. It relaxes the two basic assumptions in
traditional machine learning: (1) the training (also referred as source domain) and test data (also referred target domain) follow the
independent and identically distributed (i.i.d.) condition; (2) there are enough labeled samples to learn a good classification model, aiming
to solve the problems that there are few or even not any labeled data in target domains. This paper surveys the research progress of
transfer learning and introduces its own works, especially the ones in building transfer learning models by applying generative model on
the concept level. Finally, the paper introduces the applications of transfer learning, such as text classification and collaborative filtering,
and further suggests the future research direction of transfer learning.

Key words: transfer learning; related domain; independent and identical distribution; generative model; concept learning
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SENLAF B ) R AL 2 ) P — M E B ) R AT AR BT RS K.

TEAE G4 85 2T O T ORAUE I 2545 20 11 43 A8 20 B A7 MR PR R oy m] o 300 W AN SR AR MRk (1) AT
2 S RN AS 55 37 P U AR I3 A R 23 AT IR 45 A5(2) e 0 9% v R IR I GRFE A A 22 I AR 31— A
L (1) 3 AR AR 70 S B B FH o JRATT R B, 3 P A S AR A A0 TGV A 1 5, B 5 I Tl (R 4L 8, s 5wl R FH R A
R 25 (A AR B4 T BB AR A5 AN T 5 37 S (R A AR 1 23 A 7= AR08 X A IRk 1 bl e SRt R 1R
B APk B 25, R b 3 0 R VI R A A 25 50 45 31 (RS 20 S AN AR 2 B 0000 A% 5 0y B0 B AR AR 5 410 b 28 RO A AR
BARAEATAR B Z 0 BARMEIRAF AE Web B 4290 A5l 57 B8 A Wi I, A I GRRE A T8 2 DU R 31
— AN AT 1) 4 SRR bR K IR AR SR SR B 2 ) o TN LR A S A X T T LA A
2P G Ah AN ) L G ] ) 2 R R AT AR A I A A B VR AR A, 2 A R RE (B R H bR AU AL
R AT 0 AT i N bR AR B T DAAS L AT R R PR B 43 A ). He 25 TS H B0 45 28 1 o 2 e |
SRARKE AL i) B, 0 4] e 380 LA A 3 1k AR AR SR A D I R 2 — MBS T 7T 00 T 2 ) . SR 198 o W /A
ASERFE 770 F 35 T8 il T2 SS9, % 5 ik T A R 5 R A B 1) o A I AR INREAR SR 1 R AR IR T4E 4
SCIRFEH T B/ REARSEST 2 /DR IE 7 340 T RE AR i S A7 B0 T R 6 TRURS A0 A T SCER 1136 B, 78 SE B b
UE I 2515 21 (1) 73 A5 20 5 A v VR A 20 R0 T S e 10 T A 5 AR A A A2 o ol S50V 218 e A 81 10, DR L AT AT 8 2
AR R H

AR ER S BT T 12 M e AE o P8 4 ik 7 R s BB 2 ST s H E AT I 40
VRO [ AR AH 2 400355 1) R0 AT S A8 T — o B85 2 2 7 5 B TR 0E T AR GE LR 272 21 h I A A i e, B I
SEITH OV (R AN SR AR v H AR S0 A > B AR SR AR B S 2 G % ) M LT % T2 A5 TN
IR B A AN [5) (1 AT 2 0 IR B 22 3 A8 2 ) w2 B, 5 U sl PR e, 5 o L ST B U0
B, AR RE LB — AN N R AL T I AAT B AR 25 5 22 S T AR, — D A B AR LT #E th e L
B MR 0RO B2 ) B rh AEUR A I A SR AR AR B 0 A A v R AR T B L% e S B
AT TR N SR 2 3 = 3 7 i AN I, IR Ay 3 19 ol 4 2R ) T o7 B AR ) 212230 L AR Sk, D 2 24 2 (R 5 3 4
N BT B8 5 2] AU R AR AE ML 88 2% ) 0B S5 98 14 T00 40 25 WUh 87 5% T4 2 3 (0 305 K %%, Bl ICMIL,
SIGKDD,NIPS,ICDM LA K CIKM %§.F 5 03T 8 2% 2I 0910 & IF 28 40 1) 430l R il AT RS 2 ) SR I e R A
FEHAT 4.

1 IBFIFZMRAR

St X S AR R ATUIRAE A 2 5 b DA AT 45 2 5 I, mr DA DAAE S B 2 3 TAERI 4 Sy A 43T 8 2%
. HERUT R A 5 LR MBI A 2 ) 5 % RO RS 27 2 J7 1SR A I B AR R 4, SURT DUEAE RS 2% 5] 7 ik
Pk b5y ey BETRFAE L FEIATAS 2 ) VAR 9C;00) B TR AE WG 1 i 7% 24 ) SEVART 9i0) B T ALE T
2 S BEEUAR S0 B 4% 20 1T 4% ST 0 AR AT S A5 IR0k
1.1 REGUSMERTEEAREREIURESESTHER S

Pan I Yang! Vel tof Y5 AT H AT RE AR S 77 bR S AT 45 A2 5 ) B 15 P — T B 2 S HEAT T X1l 4y

FR GV AIAN H AR U P 2 T AR BRI % R 3 2 BRI b B > B AR R AR A4
iF % % ) (inductive transfer learning)t™, F A5 V5 45iek 7 5 A5 25 BE A 19 & #E 23T %% 2% J (transductive transfer
learning)™), LA K 5 ATUIR H A 45085k 40 B0 5 A S5 AE AN [0 T W B 3T A% 2 29 4230 55 b 3 W A 0 A58 v 2 15 A A 25
FEAITIA DTS 2 S R B AT 4524 )« F 2% 3] Pan Fl Yang!PHA4S I T A Gl as 3 S 5 & Ml B2 I B2
8] PR D% 2R, DA B 5 A T2 TR ek 5 B AR A2 AR [ VRIS H BRI (1 A 45 2 15 41 [F) AT 48 2 o) 2 R
G 2 )R B 18— K22 50 U5 2 A% G0 2 > Ab BRYR VRN H A A A [R] FLYE 450 RT H A A58 1) AT 25 2 A [ 11
S 3 TS 5 ) KRR A T 2 A 0 2 2] A AT R AR AT 14 AT 45 A S (S ] 1) U Al A 2 5] 101226310,

« http://en.wikipedia.org/wiki/Transfer _learning
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VR AU RN E b A0SR 56 AR A A [ T Y5 40 38R0 A 403k 1) AF 55 A0 [R] 1) B #E AT B 2% 2] (transductive  transfer
learning)>"** 71 Wi BT B 2% 2] 5 A9 ITE B 2% 2] 2B AN ik, G B AT B 2 30 LA B AR H b AUk P A
BEAT BRSO () 1) 1247 Pan B Yang B AR 4 Y1 25 R AR R AR A5k A 1 Al — A9 40 BT 2% )
Ko I FEAE B ZE « P J7 ZE A8 RO AU, 38 BV 2% 3 1K A O 1 T 403
1.2 REMABHEAXNS

U 10 KR 2 2 8 X IE R 2 I R IT T T IZ I, i HAR 2 48 th AR S0 9 b RIER AN A (R B R i
28 S BRI SC. R, R T Je A48 5308 27 IR LA S I 1 e B 2% 20 U5 VR AR5 T R & A BoR 1T
B2 ) TAET /48,
1.2.1 “RHE I,

TE AR S8 1 MR B 2% 5 b 2 2] SRR T R K A0 FR 28 I I 5 AR AT 27 =), DAY a7 A8 284 - F0 7 ik 3 >k
IR B A B 28 R RE A AR B (5 DR . FLIR M DL R A At B AR (1 B e Jee B0t 1k Bl SR 4R RS K AT
RE0% LU 2 S M WSC B D s R 050 A0 B 288 TR 0000 AR 0550 B K A e 28 1100 500 0 e Ay TR 3, K1 Ay 3 T e R 2 9 K
N T390 70 500 A5 AR AT BE 4 K B B ANV GRFEAR AR S A TR ZE KRR IR, B35
SEB S AEREAT Web 9 GUHESR T, FH 7 0 AN J 540 21 R 1R I T SR 1 AR L2 19 T i At S X R F1 , DR] Sbt A7 48 114 19 1
AR/ SRR b 78 S T F ol A 7R K ) T A 2 ) S T A A A ) R A /D I T — AL AR 2 ) B
AR BEE T KT 10 TE AR B AR B DL K D & A AR 28 N GRRE A TEAT 2% 20, DUER 8 73 AT 45 T At 56

%M Zhou %5 ATESCHR[38]H I ik, H T REA2 R FH /> 1k A7 b 28 B0 ALK B2 B bR B8 FE A B AR 3
2 W B 2% 3] (semi-supervised learning) ELHE 4% 3] (transductive learning)fl & 2 2% ] (active learning).ixX 2%
2 77 R I K B TC AR AR AR R A B /D S A PR AR AN IR A% 5 AR AT A AR b SO SR [ e A 2 R
R FETR A AR TR N LT B 58 TR 2 20t o LAR A i B 2] 5 2 ) — il
6 5 N LT, B AS 5] 149 2, 1 4 2 2 S BB TG A 25 1 50 il e 26 2 FH R 1 5080, 2% > 1¥) H IR e 7 3k
o b AT d FE V2 A RE ) AT R Ml 2 B A 3D A A ST A 0 e 6 A R A A B e M A 3
7 P& S — AT TR TH 5 B AE 2% 23 b AN S5 MR AR A A i T AHE 2 2% 20 25 R 0 ) — AN Jf Pl it i 22
WA FE A B4 £ 2 5 3027 > 1 R v G SRR T 15 06 2 A A JEAT FO0I0, 1 4 =X 2 ) T DU 45 D8 2 B 2 )
=R g ) S e 3 BEEE I s R R A T e B H TN LT e % il
T rpl g B2 et R T R AR 3 TR L8 A5 B K IR RE AR A B D> A AR R AR N 2 ) FEAR G HLAR S 2] X 3
BT B AR T N B 2 WA 2 ) (multi-view  learning) B2 2 W B 2% S AR TE B 2 ST AE
%% Yarowsky ™ FI Blum %5 A A s (%) 22 400 #2220 nT LA v 2 M B 40 22 ST BRI e i S g — D b,
Hik[47-49]H PAC(probability approximately correct)Eig 43T T 5 Yl 25 (co-training ) £E o bR B 43 41157 %
1 b5

AT SR Al A AR 2 AT 5038 03X Be 5 R W BT B 27 2] Al SCHR 2205 = Bl 8% 2% S BB EAT T 9. Shi 5%
POV 7 —Fof AT 1) 32 B30 B 2 20 T 3%, 0 3ok ALK i 5 1) /N SR P8 455K A1 (out-of  domain) A7 5 %5 (1 B
A TR S5 B 4% 1F B P00 S0k Y (in-domain) B0a HL v USR5 B A A 5 AR AR F T 308 A AR it 3 D AR A ) ek
F B2 ) BATHE PR Liao 5 N T —Fh o7 vk, RIS VIS ATUER P (0 AN RE A S H bR AUk o 2D b 26 $0HiG 2 )
(I ASUG BCFE B 3032 A BN T 2138 #E )T v  Zhuang 25 NP2 24 ST 3 FOE LR AR, % 1E
AP 1E AL R 2 1 )4k 12 48 5 TR 1 WK 3 RS 2 3] v A2 1 S IR AR I R 4 31—
A3 2R 5 I IR A T TR H AR SRR BT I

H 2% ] (self-taught learning)?* s J& — b ) HI K2 Tobn 25 B0HE S 3 Ve 45 o 20 S SAT 5 PR RE I 7 25, B 2
SRR FH TR 2 50 o TR B R EER e AR 2 B 10 23 A1 55 H B4 (6 B0 43 A1 1 17 Raina 25 NP T
— Tl B A IR v, R FH R 4 5 A X T 8 T R A MR ) 3 i SR R AR SR 5 D B AR A (R R DA K H AR
AU T B 28 A AR 504 0 b X BB 7 33k 1) v S R AR R T S A SR I I T T 0 T AR R b £ v 43 SRR 5% 1) T
EES
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122 FETHHEE ST %

BE TR AR I 8 13 B 2% 50 J7 102 VU HE VR AN 5 A A b AT 10 R AIE R 2R 8RS R X SR AR AT S
PUE A5 Jiang 25 NSRA K, 45 0 AR 0 150 FE FH S (10 8 LR 0 7 12 7 Y11 2 45 380 AR A28 vl e k- 0 e PO AR
D] S b AT T AU . ) 50 e 48 T — A R B B R AR PR A5 1 B B S 3 Hh T U (L VR A R H
P AU FL A 1 T S VI 5 — A T8 P 110 23 2R 85 AR AN 00358 0 A 8 A9 A v 30k P A R AU Rt T P 2 2R 8
AT RGN TTT 75 238 A5 1 H AR SR 104> 25 9% Dai 25 NP T — B3 T B4 B 2 (co-clustering) (¥ T 4T8¢
A SCRS IR 53 2773 CoCC, 1% J7 0 it 6 S8 G AR AE JEAT ) 25 8 28, s B TR 5 28 Bl AR 28 RIE B .CoCC BVE 1 %
e SELREL A2 00 AR A (LR Oy I s A0 55 408 41 (A R Ay 90508303580 ) 50 1 0 3 4, BV LA 1 ) e i AR )i 28031
55 2 DA B R0 VR 3 3 A 1 T MR AT s A 3 H b AU Fang 25 A B7VR R 2% 20 6F 45 199 2% v () B 4
FEHEAT W7, 1K PR DR 1o 286 e ] 1) Bk 445 KA Rp HE ST % 1) L s o) 8% 2 B 00 o i 68 194 45 R 1 b DoY) 4% [ s 28
A B R I R DK S B PR W S8 NP3t — bl £ P SO 35 B i SO 3 R IR s 2 2 5 i A AT 1 24
bR A Th 1) Tag AR b SCBE ] A 2R 5 1A 2R e A O 1) 09 T, 4R I R PR B 5 S A 77 2t B SO e
T TG ) P Tag 1 9 st 0 o 5 o BT AR e S, AN T g R TR R 4 2% ) IR e S A T DA Ak
A BT PR AE 2 s 5 i T8 3t e /MR AR 5 R HE R 7 2 TR 1) A R, T LA 38) I A 1 2 S AR 43 2 B
123 BT RFAL M 7

BT R7 AE WIS (003 2 30 5 1% 2 5 A AR 1) 0 N D5 s v 4 R A 4% i) e B B0 4 5 F0E 4% ) 7 1% A1 4
2% 6] N PR AT 5 b AU K0 0 A ) A6 43 A B8O U SR sl vl DA ARG 4 2 ) 32 705 B s 5 F1 90 491 35K
FEAHHE I 2R o3 S5 3 6 B AR D032 B8 00 AT T 12 7 ¥k 15 5 A0 32 4% 10 DX 031 7 T, 30K S8 S 153 381 (9 RS AE AN LE JsL
(R AE 2 v A BT (R R AE.

Pan %5 ANPSHR 7 — 0 10 4 B2 AT B 25 > 7 32, At 3o 3 /N A U AT K030 5 L b 4080 0 00 £ W vk v
SCZS TR _E 1 #5 R 34)MH fm 25 (maximun mean discrepancy), M i 3K fif £ 2 [ 24 J 1R 45 11 28 1) AF 1 B 25 Ta) b AN A
(10 40050 L AT 4 7] 55 Sl 5 B30 (R 500 A1, DAL bl T LA T R D A 2 ) R U R Ak ) b A B AT
T Gu %5 NPT T 2 AN AT 55 10025 >) (X LR AT 55 AN S0, B 1 T T R L R 2 1] PR HE 242,
FE %P 25 ) R AN AT B 3 S R 2 0, 17 AT A A ME R 4 3 B T B 43 26 %% 3 Blitzer 25 AP
PR T Mg R X B 2 2] B (structural corresponding learning, [ F% SCL), 1% 504U SRR AT 1R R 1IE LR 31 i
A7 AT 2 0 Bl A AR S A AE I A <l R AE T BEAT I SR > . SCL 510 2l I 03 1 v B DA R 156 J8 4
BT AL T A B AT SCHR[64]55 .

Kan 25 N\ SHRH — R8T ) H b A D5 45080 550 i 10 450803 7 77 2, 1 N VR 01 3% 6 1 56 A A0 5k
AR5 A S5l A e 8 AN L S 1) A T A 1 ) v R AU A e R AR A Al e A TR T L AR R R
A REE DL B AT A B 1) 5 4 24 5K H 2R v R OR R AL R U AU K TT A E A AT A R R v R S
R FH BB IEAT 2 2] 42 . Shao 25 N SNHE — BT B 2% > 7 vk H T B0 3 2, 1% 07 125 e S 0 A58 R0 e 4535
Bl B ANZ AT A3 TR, S AR AU R T DA R IR Ol SRR 1) 41 I A B R I AR LR,
SRARFE PR AU AN bR AT ) 454 Yeh 25 LT — P A0 A0 I3k 7 vk AR e B AT 5 U 50 ) A0 At A7)
A FH BT A5G 43 #7 J7 ¥E (CCA) 13 B AH G 1 25 TR AE DAy Jir A 4008 45040 110 T06 75 6 s, 4t A LY A G 23 # J5 vk
(KCCA) LA Aab F =l 2 1 A G 245 Tr) 10 5 100 S bt Al A1 2 £ — 7 £ 785 A R G 1 DA 1) S RF: o S A9 7 2, v
DAFE 53 25 B8 BT v I AN ATUSSRAE R A g, T R4 T AT I 5 5 2 26 Wang 2 OS5 i Tl R AE b () A 3k
AT AN VUE R, FH 15 18 55 W 0043 8 AT A I - DU UL AN (] 450488 m] 68 SR FH AN [i] 10 ] AR A >R 2 7 ) — A Ak
A, I 3T LA FE ST T AT P M A R A BT B R 2 Long 25 NNk — 20 4R H XU IT A% 2 3] vk i —
25 2 1S TR R HE R 8 1 43 288, 0 5 A P AN [ P4 ARE 2, B AN T A0 58 R FH AN T ) A5 A 4D ARE 5 R0 AR ] 450 85k R P AH [ 37
REAE I AR
1.2.4 BT HREINE

FEXT B 2 20 v AT A 5 1A 95 AT A0 1) 40 A1 55 TE bR 5 1 b AT 5008 110 3 A 2 AN — A 100, TR B 08 6 4 s 2
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FAAE AN B3040 5 AN — e A0 A 1 e {00 5 3 4P IS 8 56 I s A8 20 288 A R D DI A 2 gl A 2 1 S 48 ) 3T
2 ) B AR P ) ) R T S A PR B 2 o T B A A A8 18 U A A 5 TE b A8 118 A A 2 TA] ) AR AR
K 40 O A0 PR AR PR SR AR ST AR B K19, BRITNS U1 25 B A A 2R A ) 1) 1 20 A AR A n DR, 5 DU A T
Fill 55 Jiang 2 N PO T —Foh Sz {510 A T AE 2 A A e [ AR TE 5 AR AT 45N 1A AT 1 i) 8L A AT ] 1 56 A2 A B £
B A3 A7 T 7= A A0 I ) R D IR, 32 A T 10 S4B PRI AS [R] 43 A LA S 2 28 BB B AN (R 3 A DR A AT T4 H T
— AN A 2 S R AR R B8 R A e AT I 1) . Dai 25 AURKE Boosting 2% ) HUILY JE ST R 2% )
R T TrAdaBoost vk 54 IRIE A P BB RE AR SRAFE 1A, B 7 355 A0 e 5 45088 (8 AR B 9 59, 17
AR T AT YN ) A A0k B AR B n s A AT TR R PAC B8 43 B T i S0 A 2%k T R 2
424 TrAdaBoost k.

M T8 2% SRS VR USR5 8BRS0 ES 3 AR 3 A7 AN [R), AF 502 A G PR A gl i, i B0 190 058 00
WU AR AT — o LS A SRk 2 X — DN W o BRI B BbR XA A R IE . T2
TrAdaBoost 532 (19 H A5l 2 M F B (00 95 H5 05 b 4k 0 T8 5@ A 0l 25040 1) S 491, - 3 26 S 465 B 31 H A A sk
b SRR AR AS R 2% 2 vh 25 AR SRR OB AR R A Boosting PR 5 AR i i Y ST A vh S L8 5 H BR 4
3 D A AR B AR e G IR AR E s I Boosting 5 R H >k i3 Sr—Fp B 2l A BB ML, T R T 2 A
SSRE AR S B 18 o AN B () YR AT AR H 0 B 9/ AE TrAdaBoost ', AdaBoost!" g FH 75 H br 4 Hh />
A AR AR A o, DURAIE 2 SR AR bR AT B0 b A B V5 10 Hedge(B)Y M I A2 IR AR B LT A 3))
T ATYR U 1 . — A B TrAdaBoost 617 Wil 1 57w 3 20,560 S OB A 1 TAE, i SCk[71].

A f

(@) 9 BV IR AR 2D (I Ak, (b) W R HEAT K Al B I it A
O3 AR A WERER 7 R =) T g A
R A OB Al o1t 43 2K

f

() A I Al BB s b T B 2 it (d) TrAdaBoost 57230 ik 1 s 43 211
Iy REER, b S e (Y O N Y AN e N ]
eSS v e L I ¥ F AR I 2Rt (A T, A 73 3 S 1 5
R RS

Fig.1 An intuitive example about the idea of TrAdaBoost!'?!
1 XF TrAdaBoost 512 AR 1 — AN H M 45112
AR JE 77 M 22 A Y A Sl B AR 5% >0 I 2 20 SR ST BLg3 Dy S PR AR DL K 2 A YR AU R T A 2
Ben-David 45 NPV #T T 400800 10 2678 R 4R T — AR U AR 2SR AN S /b oy AL A 1 25 K0 1
(K972 A5 22 1 H g /M B AU 5 B 52 1) P AR ) Ling 26 AN U2H T — o i 6 16 43 28 5105, i VL 10
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P H AR R R 3 R AT T f A RS U P AR T 5 ) 2 T 1 5 K — B Zhuang 45 AU
P 2= B2 ST e g JUAd IE DA DU 32 H T TR A LE U A HE O (S B 2 ST HE 48 Mahmud 25 N3P A
SR B BRI FUE RS 9% 2 %07 R T AN AR 55 Z 18 O AH SRR S8 5 D 22 04 S nT DUBGE B8 LA S dn
B ix e B Xing 258 N T i 5 2OE B 2 2 0 15, 207 1050 e TR R R T A 8080 51 (1 435 9 A0 47 A
F b AU HCH ) 1) JUART 43 A 5 4, AR 5 PR D A0 11 G0 T 5 ) e 22 Y 4802 > ) i, Gao 45 A U744
H T o 2 AR g P8 5 KA RIS T3 5, S s R AN [ AT 1T A 8 AR R T AN ] 18 5 SRR, T AR 2
R TR AR A 5 (1) 5 3 43 Al 4R P2 1. Gao 45 AU e 7 AN [RTASEARY ) — S0 ol F50 3o 79 A 22 Y5 4082 > 1 T
PEAR Ly M Ab B2 T 22 /A5 AL IR B B i 08 1 SE IR N M A2 L T R 4% U Al S £ pAY 8 5 A B e 4
Aii Luo Fl Zhuang %5 A\ ST —S0bk E WG HESE, 7EIXANHESL T J5 358 060 7 43 2888 A% 18 T 7RV AU L 11
AR P ) E SO T L% HR K 4l Y A i U A B 1 43 2R A AR U 0 () — B0tk Duan 45 A
K U U I 259 S PR AR 20 A1 i ) 2 2 2.

2 ERFIMXRERIAR

BRI T BT 5 2 ) U ST LR ) 5 — A4 S A T MAUR A B0 I 25 H 1) 43 28 23 RR W 71 H b5
IR I L 140 Sk fie, BT 2 45 2 R nT AT IR 258 =, 45 5 o bR H AR I, B E A /D 3 AR e s, an
i) 78 I G B 5 OB A i R B 4 A A A K A 3R 22 B /N BT RS 24 ) VA 5. B AT R 25 )
PRI P A 2 1 A S 2 T A 0 Y T

IR T AUIE SN T 0 PR AR 23 BT B AR AE SR (2] H B2 R A% ST VO Y U30E B 0] R T #E
] T AZ S A AN R DT R AE T e T 23 A 2 R B 2 L B 2 S A PR A DG R R A AR vE
Yehk oL, n] H SCIR[76] 42 th 0 T7 12 N BRASFEARAL THE NAHE) e ) B VC dEA R ARSI T4
FERI S5 10 1% S0 IR G5 T, 75 Bk — PR AT o A0, AN [R] 1 40038 43 A 2 1] 1) B2 £ 15 th S [0 B )i ZE Ak ok,
AT st T A Tk F % EL R [ B 25 DA R e A0 I ) A, DT 3 AN ] I8 FH 3% 6 1) 75 22 . Ben-David i i@ it
SIS HREHY SCL(structural correspondence learning)®! 5 4 52 A8 % 78 B AE A BE TS #5 /N B4 ] B 1) B 453 2% A A1, A
42 5 bR AT 1 2% 3] Pk B Ben-David 25 NPV M7 T U S0 1 38 I 4R T — MR RO %58 AN
A 8 /M o3 RS BRI G Bal b v A 22, i FL Sse /R IR AU 5 H BR8] (0 A [ 14 3 T30 T A 5 SR F 91
IR B R SR e 2 AE SCHR[36], 12 ST IR B4 A & SRAF Y, FH 45 H FE e 58 I & 06 KBS B /M IS TE R 11
A 22 BRI RO K e AE 2010 4F £ MACHINE LEARNING 2436 U700 gE T 7EAF A &6 F F — A2 25 88
REAE H bR ST AR 17 Hb 56 1 73 AT 55, 1 W90 T 46 5 B bt /b 5 (1 © b i BFEAS, ] 72l gt #2 v 4meAl 5
K ) CFRVE BRS04 5, DL I bRt 25 B/

Mansour fi§ X245 58 1) H B 0 550 A7 AE — AR I8 B35 (0 8 I 3 A H G AR Lk B 2 0 45 08 T
BT AbIE R FAT R0 E bR 03, 205 T 56T AR AR ATk 2 1A 1) Rényi 505 A AT A ) 5 2 U7 T g RS
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Fig.2 The commonatity and distinction among different domains
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Table 1 The word concepts output by the proposed method in Ref.[82]

F 1 SCHR[B2]4R th Jy A2 3 (1 1] Rk Ak &
rocket, esa, assist, frank, af, thu, helsinki, ron, atlantic, jet, observer, satellite, venus, sei,
min, ir, russia, stars, star, ray
relay, km, rat, pixel, command, elements, arc, acceleration, nasa, earth, fuse, ground,
bulletin, pub, anonymous, faq, unix, cit, ir, amplifier
from, earth, science, word, pictures, years, center, data, national, dale, nasa, gif, reports,

mil, planet, field, jpl, ron, smith, unix
service, archive, unit, magnetic, thousands, technology, information, arc, keys, faq,

Domain 1

Associated Domain 2
with concept:
space science  Domain 3

Domain 4 . o . .
probes, ir, available, gov, embedded, tens, data, system, unix, mil
Domain 1 support, astronomer, near, thousands, million, you, vnet, copy, ad, bright, lab, idea, data,
hardware, engines, ibm, project, soviet, software, program
Associated Domain 2 legally, schemes, protected, bytes, mq, disks, patch, registers, machine, pirates, install,
with concept: card, rom, screen, protection, disk, ram, tape, mb, copy
computer Domain 3 discomfort, friend, normal, self, tests, programmer, steve, state, program, lab, you, your,
science jon, my, headache, trial, she, pain, page, trials
Domain4 V¢S cipher, scheme, brute, user, file, encryption, message, serial, decryption, crypto, keys,
cryptosystems, skipjack, plaintext, secure, key, encrypted, nsa, des
Domain 1 S&Ves, power, was, at, disappointment, al, europeans, will, ny, north, their, they, deal, best,
year, sports, cs, new, series, gm
. . crash, price, vehicle, insurance, handling, gas, xs, dealer, cruiser, leather, buy, latech, fj,
Associated Domain 2 1sh, P . . g, & 3/ il
Rk paint, ride, buying, bmw, engine, car, Honda
with concept:
. or, value, they, wade, good, car, better, best, three, performance, more, runner, than,
car Domain 3
average, dl, extra, base, cs, al, year
Domain 4 dealer, camry, saab, engine, eliot, requests, mazda, liter, mustang, diesel, wagon, nissan,

mileage, byte, saturn, toyota, si, cars, car, db
*Domain 1: rec.sport.hockey vs. sci.space, Domain 2: rec.motorcycles vs. sci.electronics
Domain 3: rec.sport.baseball vs. sci.med, Domain 4: rec.autos vs. sci.crypt
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