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Abstract In many practical data mining scenarios, such as network intrusion detection, Twitter spam detection, and
computer-aided diagnosis, source domain that is different but related to a target domain is very common. Generally, a
large amount of unlabeled data is available in both source domain and target domain, but labeling each of them is
difficult, expensive, time-consuming, and sometime unnecessary. Therefore, it is very important and worthwhile to
fully explore the labeled and unlabeled data in source domain and target domain to handle classification tasks in target
domain. To leverage transfer learning and semi-supervised learning, we propose a new inductive transfer learning
framework named Co-Transfer. Co-Transfer first generates three TrAdaBoost classifiers for transfer learning from the
original source domain to the original target domain, and meanwhile another three TrAdaBoost classifiers are
generated for transfer learning from the original target domain to the original source domain by bootstrapping samples
from the original labeled data. In each round of Co-Transfer, each group of TrAdaBoost classifiers is refined by using
the carefully labeled data, one part of which is the original labeled samples, the second part is the samples labeled by
one group of TrAdaBoost classifiers, and the other samples are labeled by another group of TrAdaBoost classifiers.
Finally, the group of TrAdaBoost classifiers learned to transfer from the original source domain to the original target
domain to produce the final hypothesis. Experimental results on UCI and text classification task datasets illustrate that
Co-Transfer can significantly improve generalization performance by exploring labeled and unlabeled data across
different tasks.
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Fig. 1 Data flow diagram of Co-Transfer training process
Kl 1 Co-Transfer Yl FRAYEHE R A
Table 1 Experimental Data Sets
BYETE S JE ST |Ds| TRIRIE S 1L |DT| HARERIE 71 1 KR
Mushroom 22 4608 0.562 5/0.437 5 3516 0.459 6/0.540 4 2
Waveform 21 1722 0.508 1/0.4919 1582 0.494 3/0.505 7 2
Magic 10 9718 0.707 5/0.292 5 9302 0.5865/0.413 5 2
Splice 60 795 0.459 1/0.5409 740 0.543 2/0.456 8 2
Orgs vs People 4771 1237 0.5247/0.4753 1208 0.5141/0.4859 2
Orgs vs Places 4415 1016 0.578 7/0.421 3 1043 0.562 8/0.4372 2
People vs Places 4562 1077 0.602 6/0.397 4 1077 0.576 6/0.423 4 2
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TRBE B Dregy, 174 5385 1) 2 BB A AR AR DI 2R 808
4 Ds. FRAR I P00 B9 FRic AR A T, FATL DA 5 58 )1 25
B 4 Ds R H b 81 25 B 48 4R Db Pk 2 A bR
I FE AR AR D Fll Diry J8 2% 18 B AR 1 B0 B 10 B A 4R
Dsy M1 Dry. 38 InEE A bR iC B9 BEALYE, 78 B 3T 58 56
R, B 2 YO IR I 25 808 £ DsFE AL 34 D,
M Dsy, H 52 3 YO H b Sl I 2R 8030 5 DAL 53
Dy Fl Dry. PRI, e 28 00 B 5% 32 2 30(5x6) RN 45
RIFHME.

AVEN 5 43 M Co-Transfer J& 75 7 LLAT 24 2% > P&
SR H B B I FRICFE AR S ORPRICREAS, BIA T
B f % L, ARG B3 (decision tree, DT) | TrAda-
Boost, Tri-training, TrAdaBoost,, Co-Transfers. TrAda-
Boosts, Co-Transferr.

S DT 3R R AAE Do b 1 2 ke 58 A8 X6 0 38 25 9
AT 43255 Bk TrAdaBoost 3 78 7€ Ds A1 Dy I ifi FH
TrAdaBoost J5 12 Y1l £ 43 245 2% X1 i i 55 5 4 47 43 25
B9 Tri-training 3¢ 78 78 Do Al Dry & i Al Tri-training
T3 3k I 2 43 2 4 0 OO K BE SE AT 4 28 Bk
TrAdaBoost, 3% 7~ 76K Ds Fl Dy (1 4 T FE A ST T AR
Pt H] TrAdaBoost J7 1 Il 25 73 28 g % MR K048 47
432K B Co-Transfers 2 7~ 3% F Co-Transfer 1 HE 245
HEAT AR 2 AR AE A R b H AR AR A A Do,
1 55 2 U AE XL ] 3% A 2k B O S FE Do ) FE AL L
B O bR g A A ; 553 TrAdaBoosts 3 75 ¥ Ds 1 1 42
HFBAEAAT b bR ic A Do fif ] TrAdaBoost J5 7% Il 45 53
e A5 X I B BE AT 20265 i Co-Transfer U %7
¥ H] Co-Transfer [ HE 2 i 17 2% 2] , (B A7E £ i /& v
V5 BRRE AR FAS Dy, A 55 2 U8 7F W1 3% 4R 72 rp oA
SITE Do [ EE Al P38 P pRicAEAS. £ 2 9 H1 T Co-
Transfer F145 % L5812 AR AS 7 FH 3 W

¢ 2 AT Y R AR PR R e h H bR B RE S5 B IE
i #% F, DT #Y 73 2 5 1% 28 B 3% i 7, TrAdaBoost
I3 AR A P % AR, 5 Co-Transfer #H L ¢, Co-
Transfers/A~ ffi f§ Dy, T Co-TransferpAN f#f F Dgy.
TrAdaBoost M % A {5 1] Dsy, WA H] Dry. A1, 4%
Co-Transfer 73 5l 5 TrAdaBoost, Co-Transfers, Co-
TransfertAH [L %, 7] W 2E Co-Transfer 52 75 1] LL7A 3
A5G 5 R b H AR B R AR iC e AR R e S
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Table 2 Data Strategy Used by the Algorithms
x2 BEENEEERRE
ViR e
Jrid: e
Dgp. Dsy DL Dty

DT x x + x Drest
TrAdaBoost V x N x Drest
Tri-training x x N / Drest
TrAdaBoosta N N N N Dregt
Co-Transfers N / N x Drest
TrAdaBoosts N N N x Drest
Co-Transfert N x N / Drest
Co-Transfer v / v Drest

e X7 FIRAME R “/”i%‘ﬁﬁifﬁii?ﬁl?ﬁ@*ﬁ;ﬂﬁlf—\‘ﬂ’d%ﬁ”a‘”‘/ﬁﬂ;
N Ul P I AR A S AR
TrAdaBoost # It , TrAdaBoosts% M 1" Dsy, Al I,
TrAdaBoosts5 TrAdaBoost %f [t 7] 1 F| F Dsufig 15 %
B b H ARl e 2 15 A

A SCAE P AR HE ¢ 5871 K 35 K A Co-Transfer 1
KT AR Bz A RE D I KO R S A 95% B AR E
1) 4

BB 2 H0K & . AT Tri-training, i F C4.5
TR AE Ry LA 53 2 4 01 B A8 AS Ak 3L i X T
TrAdaBoost, TrAdaBoost,, Co-Transfers, TrAdaBoosts,
Co-Transferr, Co-Transfer, §f FAH [A] 19 24, BI XS T 4%
#i % Mushroom & & 1% QKL N=10, #4 (1 I &£ D=10;
X F F P45 Waveform 1% & N=65, D=4; X} T ¥t ¥5 4
Magic BB N=35, D=20; %t T 545 4E Splice i% & N=15,
D=50; X} T $u 95 ££ Orgs vs People % B N=50, D=5; X}
THHE4E Orgs vs Places 15 # N=20, D=4; %I T &4 4
People vs Places %X & N=50, D=3.
3.3 SRIGERMSN

7 3~6 WoR, M AA IR ORI G H AR B FRic He
SR B, AN [F AR L [ % Co-Transfer 1 BT A7 X L
SVEAE DR AS B AR a4 bR ar B E IR 2. SR 3~6
A DAL EE B 7645 B bR ic l 2 55 1 R, DT (19 43 25 4
DR . MARIC HEFE o 10% Fl 20% I, TrAdaBoost,
HAREL L Co-Transfer HIZALRES158; TRYPRIC LA 40%
1 50% Bt , TrAdaBoost, 5 Co-Transfer 72 4k fE 11 M
ARFFAE 5 7R AR IC B & T, Co-Transfer A7
1. 6E 77 It TrAdaBoost, Tri-training, Co-Transfers((]7Z 1k
fie S ERE A4S, X Ui Co-Transfer E A 2 FH I 32K 1Y
PRicFEA R H AR U R bric AR

M 3~6 I AT LIWLEE #: Co-Transfer 137 1k fig
A Co-Transferrss . 4 73 #7 Co-Transfer fE 5 A 2 F|
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Table 3 Error Rates of the Comparative Algorithms Under the Label Rate 10% of Original Source Domain and Target Domain
®3 ERBFEES RS BRERIEEE RSN 10% TR L EENEIRE

G/ T DT TrAdaBoost Tri-training TrAdaBoosta Co-Transfer Co-Transfers Co-Transfert
Mushroom 0.004 * 0.006 * 0.004 * 0.0 0 0.006 0.006 * 0.006 *
Waveform 0.198 @ 0.145 0.190 0.160 ® 0.136 0.147 @ 0.138 %

Magic 0.156 ® 0.159 e 0.149 o 0.107 o 0.139 0.152 e 0.140 *

Splice 0.134 ¢ 0.118 @ 0.112 @ 0.056 o 0.084 0.103 @ 0.094 o

Orgs vs People 0.264 @ 0216 @ 0.258 @ 0.158 o 0.192 0.209 o 0.199 %
Orgs vs Places 0.279 @ 0.266 @ 0274 @ 0.178 o 0.229 0.266 ® 0239 e
People vs Places 0.274 0.228 @ 0.264 0.154 o 0.198 0.236 0.209 *
SRR 0.187 0.163 0.179 0.116 0.141 0.160 0.146

ST U 6/1/0 6/1/0 6/1/0 1/0/6 6/1/0 2/5/0

e "o “o"HINE 95% HIE(FEE, UM Co-Transfer 35k T ol 22 T AT LSBT “ % "ZRIR Co-Transfer A4 LA 95% (1 B A5 BEAL T r LA 7.

Table 4 Error Rates of the Comparative Algorithms Under the Label Rate 20% of Original Source Domain and Target Domain
* 4 ERBEESERBRERIEIL RS A 20% T L EZNERE

G S DT TrAdaBoost Tri-training TrAdaBoosta Co-Transfer Co-Transfers Co-Transferr
Mushroom 0.002 * 0.001 * 0.002 * 0.0 0 0.002 0.002 * 0.002 *
Waveform 0.173 @ 0.148 @ 0.169 o 0.160 ® 0.126 0.145 o 0.131 %

Magic 0.149 0.146 0.139 0.107 o 0.122 0.143 o 0.122 %

Splice 0.104 @ 0.096 0.095 @ 0.056 o 0.081 0.101 @ 0.085 »

Orgs vs People 0.208 ® 0.18 e 0.198 ® 0.158 % 0.154 0.181 @ 0.157 %
Orgs vs Places 0242 @ 0.237 @ 0231 e 0.178 o 0.195 0226 @ 0.208 ®
People vs Places 0217 ® 0.206 ® 0.199 o 0.154 0 0.17 0.207 ® 0.178 %
SRR 0.156 0.145 0.148 0.116 0.121 0.144 0.126
T/~ R U 6/1/0 6/1/0 6/1/0 1/1/5 6/1/0 1/6/0

e “e"E 0" FIRA 95% MBS, LA Co-Transfer W E LT 8025 T IT LN, “ % 7R Co-Transfer 147 LA 95% 1 & A5 FEAL T BT ELER 5%,

Table 5 Error Rates of the Comparative Algorithms Under the Label Rate 40% of Original Source Domain and Target Domain
x5 FERBFEESREBRERIEEE RSN 40% T L E AR E

A/ DT TrAdaBoost Tri-training TrAdaBoosta Co-Transfer Co-Transfers Co-Transfert
Mushroom 0.0 % 0.0 % 0.0 % 0.0 % 0.0 0.0 % 0.0 %
Waveform 0.165 @ 0.145 0.165 @ 0.160 ® 0.132 0.145 @ 0.131 %

Magic 0.142 0.135 e 0.130 @ 0.107 % 0.109 0.132 @ 0.112 %

Splice 0.084 * 0.088 @ 0.070 * 0.056 o 0.077 0.081 % 0.074 *

Orgs vs People 0.180 @ 0.185 e 0.165 0.158 % 0.155 0.183 e 0.155%
Orgs vs Places 0.197 ® 0219 e 0.190 % 0.178 % 0.185 0220 @ 0.192 %«
People vs Places 0.190 @ 0.192 0.177 ® 0.154 @ 0.142 0.192 @ 0.145 %
SRR 0.137 0.138 0.128 0.116 0.114 0.136 0.116
T/ T4 B 5/2/0 6/1/0 4/3/0 2/4/1 5/2/0 0/7/0

e 0" B “o" TN 95% MESEEE, EH Co-Transfer LT 825 T AT LA ST, “ k"R Co-Transfer %A LA 95% 1B A5 BT AT LA W 5T 5.

FH R4 U5 380 1) A B 2 R AR Dsu, 38 77K TrAdaBoosts 5
TrAdaBoost #4177 Fo A, 5 Rz 7w, NF 7
ATLAMZER]: DbRic bR 20% 5, #2T7HRic
K AT R 23 45 S TrAdaBoosts (1472 6 g 1 1 1 25 42 FF;
2) FEAFFRIC AT, X FEdELE Mushroom, Waveform,

Magic, TrAdaBoosts5 TrAdaBoost 7€ J&L 4 B Fr 8 [ 1Y
ZALTE 1A 2 X5 3) X F & i £ Splice, Orgs
vs People, Orgs vs Places, People vs Places, 3 fill Y5 45§, 1)
FRigFEA B ml BEAS B IE B YRR . 456 3K 3~
6 A F: Co-Transfer BE 75 A KA FH I 46 5 35 1Y R bR i
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Table 6 Error Rates of the Comparative Algorithms Under the Label Rate 50% of Original Source Domain and Target Domain
* 6 TERWFEEREEBREARCIE RS A 50% TRk EERNHEIRE

PAGIES DT TrAdaBoost Tri-training TrAdaBoosta Co-Transfer Co-Transferg Co-Transferr
Mushroom 0.0 * 0.0 % 0.0 * 0.0 * 0.0 0.0 % 0.0 %
Waveform 0.169 o 0.151 @ 0.167 @ 0.160 @ 0.139 0.152 @ 0.139 %

Magic 0.141 o 0.137 @ 0.130 0.107 % 0.108 0.129 @ 0.108 *

Splice 0.081 @ 0.080 @ 0.069 * 0.056 o 0.071 0.071 * 0.070 *

Orgs vs People 0.170 @ 0.199 o 0.162 0.158 % 0.149 0.182 @ 0.151 %
Orgs vs Places 0.188 0214 @ 0.168 * 0.178 % 0.176 0212 e 0.175 %
People vs Places 0.183 e 0.200 ® 0.166 ® 0.154 0.135 0.183 0.143 *
SRR 0.133 0.140 0.123 0.116 0.111 0.133 0.112
i/ A YR 6/1/0 6/1/0 4/3/0 2/4/1 5/2/0 0/7/0

e “o"E “o"FIRA 95% MIESFEE, UEH Co-Transfer 30T 525 T AT LB NG, “ % 73R Co-Transfer A7 LA 95% 1 B A5 BT BT LA 5%,

Table 7 Error Rates of TrAdaBoost and TrAdaBoosts Under Different Label Rates
£ 7 AEFFEEEZET TrAdaBoost 5TrAdaBoosts & iEHIEIR R

. 10% Fric Hetsi] 20% Fric Hofil 40% HRic LAl 50% Fric L fl
AR TrAdaBoost ~ TrAdaBoosts TrAdaBoost ~ TrAdaBoostg TrAdaBoost  TrAdaBoostg TrAdaBoost ~ TrAdaBoosts
Mushroom 0.006 * 0.005 0.001 * 0.002 0.0 *x 0.0 0.0 * 0.0
Waveform 0.145 % 0.148 0.148 * 0.143 0.145 * 0.148 0.151 % 0.157
Magic 0.159 0.157 0.146 * 0.145 0.135 * 0.13 0.137 % 0.138
Splice 0.118 @ 0.098 0.096 * 0.097 0.088 ® 0.075 0.08 % 0.079
Orgs vs People 0.216 0.199 0.18 % 0.172 0.185 %« 0.189 0.199 * 0.185
Orgs vs Places 0.266 * 0.262 0.237 0.215 0.219 x 0.226 0.214 » 0.222
People vs Places 0.228 * 0.221 0.206 o 0.223 0.192 * 0.182 02e 0.175
TFEFE R 0.163 0.156 0.145 0.142 0.138 0.136 0.14 0.137

I “o”m “o” FaRA 95% ME(ERE, ¥iBTrAdaBoosts i L T 825 T TrAdaBoost; “ % ” R TrAdaBoosts %A A 95% 14 &5 LT TrAdaBoost.

FEA R 25 B A SRR AR OC.

N R A WEE Co-Transfer 1Y 2% ) o #2, FA1F
BIRF AR IC 3T 45 B0 b Bk A SOAR o3 B0 42
AR IEAR A Ay AR R K] 2 iR T A BRI IR
AR F de 2 2K AR 1 2o 8 1R 3R 1 A8 Ak T A R Y
J&: 1)TE 5 Co-Transfer X} tb 19 5 7%, XA Tri-
training, Co-Transfers, Co-Transfer(ffi i T JoAR i FEAR,
HoAh A AT AR D RE A 2) Y — N RE R AT &
1B T, FRATOR R A D8 Ab 55 1 8ds. IR 2 T LA
WL E: 1) Al TR e AR A 1 B0k Tk AR AR, AR
ARADIEIRR, DT R R &G, HiIkE
TrAdaBoost £l TrAdaBoosts, £ Ji5 4& TrAdaBoost,; 2) %]

& 1% AL}, Co-Transfer, Co-Transfers, Co-Transferrf1] 3F-
15y BB 1R LT A B B 3 I8 F Tri-training, Bl %
EARAWT HE4T, Co-Transfer 11 4 43 25 £t 15 5 A W
ik, I P Ik k.

BEAb, 8 WS T R A YR ) A bR T R
I B PR AR iC H R X — 0. 3% 8 Ik 9 WoR Rl

PSR IC HE Rl 50%, T 4R H As 80 AR i 32 45
51k 10% F1 20% i, Co-Transfer 5 4% % b5 2% 1) 43
H AR R, AT DL ZL B . DT W9 70 45 1R R i i s
TrAdaBoost, i #& Z t Co-Transfer fY 372 1k BE 1 5% ; £
FFARIC LR AT, Co-Transfer B2 fLHE T L TrAda
Boost, Tri-training, Co-Transfersft) 12 1k fig 11 #f B 4. 1%
Ui B« A R E U B B g bR LR R H AR A bR i
LR S B, Co-Transfer i 684 0 A1 F J 46 5 35k (%) b
ICFEAS RG4S H AR B AR AR DR A

MF 8 Ik 9 ik i] M4 F: Co-Transfer 12 fk
Bt J1 N Eb Co-Transferr55 . *A 43 #1 Co-Transfer 88 5 A
ORI 4 U5 B R AR IE AR AR Dsy, [R]FEKF TrAdaBoosts
Y TrAdaBoost #17 L #2, 45 R 404 10 Fros. Al DA
ZEH: Y IR IR PR IC LU 3R 8 B, 30 D 4 R Sl bR
TCAEAS 0 B 5 AR AT RE AN Ok S i H AR B e Al iR
(42 3 T . NIk, 3 8~10 H B R Ef# B¢ Co-Transfer
H7Z fL B8 11 ANt Co-Transferr55 .

LR R 3~10 SR IR A5 IR, mT DL — 254 . SR 4G
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Fig. 2 Error rates of the comparative algorithms during their iteration on the text classification tasks
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Table 8 Error Rates of the Comparative Algorithms Under the Label Rate 50% of the Original Source Domain and 10% of the

Original Target Domain

*8 TERBFHIRIZILER 50%. Rk BHREHRIE 2R 10% THRAENILEERHHFEIRE

PSS DT TrAdaBoost Tri-training TrAdaBoost, Co-Transfer Co-Transferg Co-Transfery
Mushroom 0.004 * 0.006 * 0.004 * 0.0 0 0.006 0.006 * 0.005 *
Waveform 0.198 @ 0.147 @ 0.190 ® 0.160 @ 0.131 0.148 0.140 ®

Magic 0.156 @ 0.156 ® 0.149 o 0.107 o 0.137 0.154 0.140 %

Splice 0.134 o 0.109 o 0.112 e 0.056 o 0.079 0.106 ® 0.085 %

Orgs vs People 0.264 0216 e 0.258 0.158 o 0.186 0212 e 0.194 %
Orgs vs Places 0.279 0254 @ 0274 @ 0.178 o 0.220 0.257 0234 @
People vs Places 0274 0.222 @ 0.264 o 0.154 o 0.196 0221 e 0.208 *
IR 0.187 0.159 0.179 0.116 0.136 0.158 0.144

o T/ R 6/1/0 6/1/0 6/1/0 1/0/6 6/1/0 2/5/0

e “o"E “o" TR 95% MESFEE, EH Co-Transfer LT 825 T AT LA ST, “ k"R Co-Transfer %A LA 95% 1B A5 BT AT LA W 5T %,

Table 9 Error Rates of the Comparative Algorithms Under the Label Rate 50% of the Original Source Domain and 20% of the

Original Target Domain

F9 ERBFIHIRICIEER 50%. R BEREARIC L ES 20 THREMLEERHEIRE

AEIES DT TrAdaBoost Tri-training TrAdaBoosta Co-Transfer Co-Transfers Co-Transferr
Mushroom 0.002 * 0.003 * 0.002 * 0.0 0 0.001 0.002 * 0.002 *
Waveform 0.173 ® 0.149 o 0.169 ® 0.160 @ 0.133 0.142 @ 0.130 *

Magic 0.149 o 0.143 0.139 @ 0.107 o 0.124 0.144 o 0.123 %

Splice 0.104 ® 0.091 o 0.095 @ 0.056 o 0.082 0.094 o 0.077 %

Orgs vs People 0.208 @ 0.176 * 0.198 @ 0.158 o 0.168 0.177 ® 0.174 %
Orgs vs Places 0242 e 0234 e 0.231 e 0.178 o 0.195 0231 e 0.2 %
People vs Places 0217 @ 0.216 @ 0.199 @ 0.154 o 0.173 0.204 o 0.179 %
Rkt =+ 0.156 0.145 0.148 0.116 0.127 0.142 0.124

i/ KL 6/1/0 5/2/0 6/1/0 1/6/0 5/2/0 0/7/0

e “e"E 0" FIRA 95% MBS, UEH] Co-Transfer LT 525 T AT LIS, “ % 7R Co-Transfer A7 LA 95% &4 BEAL T BT ELAER 5%,

P53 AN 5 as B AR B0 FRg L 320 [ 25 4 X T Co-
Transfer 1) %% > 23 F2 /Y 5% ) L3054 X 2 R R Y
IR BAR IC AR R IS — o BRg R TR e
MR s B bR BUPR 10 A Bl Y BG n 2s HE o U B
CREAR A SR 1Y IE 1 i % . R It , 7E Co-Transfer %% >J
b AR PRI E AR AR W] REAEAE — AR R

4 Co-Transfer 1Y 53 2 % 2K FH YL 5k B ), 25 18 %)
YRR VR D R TrAdaBoost (1491 R YKL N 7T fig 2
SR Co-Transfer AYIZ AL HE J7. BRI, 76 SCA 73 K 504
R k2P IE TR TREE D Ak AR B N X Co-
Transfer 2 fL.BE 77 1952 M. (8] 3 F 3R 78 A [6] i 45 i
FE RSN 19 43 8 DR 37 35 Co-Transfer Y722 1k
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Table 10 Error Rates of TrAdaBoost and TrAdaBoosts Under the Label Rate 50% of the Original Source Domain and 10% and

20% of the Original Target Domain, Respectively

F 10 FEFEBFEIBARICIEERA 50%. R 18 BFREFRIC LR S 5028 10% #1 20% T TrAdaBoost 5TrAdaBoostsHI55 1R &

PEIK 50%, HFREL 10%

PEIR 50%, HFREL 20%

Bl gk
TrAdaBoost TrAdaBoostg TrAdaBoost TrAdaBoosts

Mushroom 0.006 % 0.005 0.003 % 0.002
Waveform 0.147 % 0.148 0.149 » 0.143
Magic 0.156 * 0.157 0.143 * 0.145
Splice 0.109 * 0.098 0.091 0.097
Orgs vs People 0.216 ® 0.199 0.176 % 0.172
Orgs vs Places 0.254 % 0.262 0234 0.215
People vs Places 0.222 % 0.221 0.216 * 0.223
TSR 0.159 0.156 0.145 0.142

1 “o B “o” FKARM 95% WEER, ¥iHTrAdaBoosts it F 1 T8i25 T TrAdaBoost; “ % "R TrAdaBoosts 545 LA 95% 1485 LT TrAdaBoost.
0.27 —D=2 0.25 —D=2 0.27 —D=2
—-D=3 —D=3 —D=3
7‘“‘ 023 D=5 ol D=5 ¥ 0.23 ~+D=5
D=6 i D=6 oK D=6
£ 021 D=7| 021 D=7 021 D=7
K K K
& 0.19 & & 0.19
0.19
0.17 —— 0.17
0.15 0.17 0.15
10 20 30 40 50 60 10 20 30 40 50 60 10 20 30 40 50 60
IERIHBN IEARIREN IERIRHBN
(a) Orgs vs People (b) Orgs vs Places (c) People vs Places

Fig. 3  Error rates of Co-Transfer with different N and D
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N Ml D X Co-Transfer 5. % 43 ZS B 1R R 6 B K.
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R BRAG; SRTT Y N /MBS, Co-Transfer 44324 5
RABES D A B N 9 HS N, Co-Transfer

IS4
7

B 43 A IR RN 280 D W UM AE /N
4 45 i

ASCHEH T R B H T R S HESE——
Co-Transfer. 7 4 4> UCI fI SCA 43 JAT 55 Bt £ 1 5
7 AN X L SE 55 2% B : Co-Transfer (1 3 Ff X i) [7]
A IR AL AT LU R4 2 > P50 80F H AR 0 A i
FRARICFEA R THZ (PR e, FATAR KM T/EE
5 - i ] 22 b 26 A9 0% 20 53 26 4% R PFl Co-Transfer
(53 S PERE, AN A 28 9 45 | Fb 3R DL 307 455 I SR H
b 38 2 18] 54 XL ) AT 3 B8 4 X Co-Transfer 352 M. 1
b, 3 BEZ G B 22 i BCE B, 0 R SR I R 1
U 45 K PE Co-Transfer 1932 1L fiE 1. AR SCEA LS
H] LA\ https:/gitee.com/ymw12345/co-transfer.git T %K.
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