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Domain Adaptation Learning with Kernel Logistic
Regression and Kernel Canonical Correlation Analysis
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(1. Department of Automation ,China University of Petroleum ,Beijing 102249 , China ;
2. National Engineering Research Center for Fundamental Software , Institute of Software ,Chinese Academy of Sciences , Beijing 100190, China)

Abstract: The domain adaptive learning algorithm using kernel logistic regression model is proposed. The proposed ap-
proach use kernel canonical correlation analysis to extract the maximum relevant features of the source and target domain. We dub
it as KCCA-DAML ( Kernel Canonical Correlation Analysis for Domain Adaptation Learning, KCCA-DAML). Our algorithm is
based on canonical correlation analysis,which simultaneously minimizes the incompatibility among source features ,target features
and instance labels,extract maximum relevant features from source features,target features and instance labels,and use kernel lo-
gistic regression domain adaptation learning. In experimental comparison of the kernel logistic model and KCCA-DAML model on
source domain data,the target domain data,source and the target domain data,we demonstrate the power of our techniques with
the following real-world data sets :Reuters 20 Newsgroups ,MNIST handwritten-digits and UCI Dermatology.
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A5 i ;] UCI Dermatology & £ #F 47 52 56 , B0 4%

1 366 A~ FE A B, A B A ZE RO 33, [
MNIST %ds — ¢, R A 3 45 A I 22 %03k 56 /9 J7 i
X PR IR bR SRt AT R S A RER H R o
N

% $§ acanthosis, hyperkeratosis, parakeratosis, club-
bing of the rete ridges,elongation of the rete ridges, exocy-
tosis, PNL infiltrate , spongiosis , follicular horn plug 3% 9 4~
ST g i 22 A e 5 A i 2 TR A AH P R Y 1
AFREA (AR RN 9 % 10) AR RIR I ZRAEAS o)A
A FARIREA SR , N B £F 30 A H B H AR
SN ZRREALE B PRI Ax 240 ARG H AR L.

KCCA-DAML 7E Dermatology ¥i#ii 4 I AY2iR 2 %
I
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%7 UCI Dermatology #iE &R £ R

ucCl
0.5 0.6 0.7 0.8 0.9 1.0 1.1 1.2 1.3 1.4 1.5
SRR ER(% ) 7.92 10. 42 9.17 11.25 7.06 5.83 5.42 6. 67 7.08 8.75 14.17
A 0.5 1 16 0. 062 0.5 4 4 2 4 16 0.25

UCI Dermatology $U a5 520 7E a = 1. 1 A05 3 T fix
INPRIRFEARS. A2, I BRI A =0. 0625, 3 8 Z LAY
S-KLLM, T-KLLM, ST-KLLM J KCCA-DAML 7£ UCI
Dermatology $i4fa 4 AT IS I ~] 1 7 iRk 22 4.

#8 AREMEET UCI Dermatology #IB IR E %

HHIREFR (%) | S-KLLM | T-KLLM | ST-KLLM | KCCA-DAML

UCI Dermatology 8.33 14.58 7.08 5.42

7 #Hig

AR SCHE I BKA 35 V5 A 5% KCCA-DAML J¢
KCCA 2 [ 1 BV J3E 2 4 05 BE 0% A7 280 1) 48 78 TR R I
BRI 22 B T8 £ QI , DA T X AN [v) 408 Y 22 S
PEGEA T BE . 38 2 X PR IR R P A7 1 B I o PR A
TUZ T % 2 H be OB, 52 BB Jl 2y . KCCA-
DAML BERIFE B a7 > AT 55 b BA I AT HL 2T PR e
RLAF AR sy ) v g RSB SR 15 L, 50 A 1k
PRI SR, n] i KCCA-DAML R45 347 iYL A2 3008
S BA S A A 11 5 SR o) AT 55 R S A A R 5
22657 >] I KCCA-DAML W] 3 ] 3 22480 F1 36 17 27~
st IR AT T — 2 TAE.
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