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Kernel Support Vector Machine for Domain Adaptation

TAO Jian-Wen''? WANG Shi-Tong®

Abstract Domain adaptation learning is a novel effective technique to address pattern classification, in which the prior
information for training a learning model is unavailable or insufficient. To minimize the distribution discrepancy between
the source domain and target domain is one of the key factors. However, domain adaptation learning may not work well
when only considering to minimize the distribution mean discrepancy between source domain and target domain. In the
paper, we design a novel domain adaptation learning method based on structure risk minimization model, called DAKSVM
(kernel support vector machine for domain adaptation) with respect to support vector machine (SVM) and least-square
DAKSVM (LSDAKSVM) with respect to least-square SVM (LS-SVM), respectively to effectively minimize both the
distribution mean discrepancy and the distribution scatter discrepancy between source domain and target domain in some
reproduced kernel Hilbert space, which is then used to improve the classification performance. Experimental results on
artificial and real world problems show the superior or comparable effectiveness of the proposed approach compared to

related approaches.
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(a) Classification accuracy of SVM: 93 %

(b) LMPROJ 43 2HJZ: 94.6 %
(b) Classification accuracy of LMPROJ: 94.6 %

0 1 2 3 4 5 6
(c) AITTHIr ML 97.4%
(c) Classification accuracy of the proposed method:
97.4%
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Fig.1 Comparison among SVM, LMPROJ, and
DAKSVM
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Xs X

i,z € X, 2 € X, yemr (0, @) DA 5
it
i (F, X, X,)? =
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12

vies(F, X, X,) = ’ /X w' () d(z) Twdp —
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G N AE R, A7 75 BE B A A b Of 3 A s () 4
P o3 A —3hE, AR DR FFR o 10 ek p A5 ) 1) g
7.

2 F 24 URKHS A (A7 BRI, 21058 AR IE
vrears(py q) RERSTINZI AR 040 p A g Z AN 2
T

EIE 18, % F e XA/ URKHS =58 H L
(P — AL ER, H A% k(- ) & AERBJE &S
|, Hik X NEESEN—DNRETE p Mg H
EXAE X Ef) Borel MERE &, WY HALY p =q
I, vicars (Fp,q) = 0.

O R By VA=A N E1 5 T BB i BN =Ry AU ]
W AR Hilbert $EAEZS A, ASCEEFR—A
LEMERREA e f(2) = wT(x), I w & URKHS
HORE SR B S MY ) i A 1S B /N0 A R 4 A BE
BRI, ASAG 3 S PR SR R B I 22 560 XU B /M.
120 JAR Ay BT g v A8 R0 1) K 1) b 7 vk SR AR,
e F T 2R R Hilbert 250 (RKHS), ik [ i 1E
T, 5 7N I 5 i AR R B8 2 D) 1 4 A7 B 25
) B0, S 2] — AN T E0E Y 22 2T 1) K TR
B i 23 ML, A SCHf DR AE PR AR 2 > 1 e e KAL)
IR, J7 sk /MU TR TR B bR A £ 7 A
2, M SE T A A0 2 ) 21 H AR 57 2] 1 IT#%,
Rl DAKSVM 1) H breR Ficfiidk

min f = vrems(p, q) + CZV<$i7yiaf) (7)
=1
Hi, x, € X WNGHEARLE, v e Y, AXNT
WZAEM AL, C NIEMWSE, Vb IERR
Ko pf %, %R A Hinge HUKRERY: VvV = (1 —
yif (@), W x>0, (x); =z, HM 2z =0. T
Zetkps B f, 30 (7) &N

arg glgréf = Yrms(P Q) +CY &
e i=1

(8)
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T A RCRAEIAC TR R (8), F 5 | H A i i
2%>] Representer & #:

EIE 2 (FGIEN Representer EIE)2). 4
> :[0,00) = R F£om— M i £, X =
X, UXy h—MHEES, ¢ (X xRY)" - R U
{oo} N —AEREHIIREL, 1E I KU R B SN

R(f) = c((@i,yi f(@)imy) + > (I1f1I3)
e, f e H TR N Tt

f@zmem+Z@mm>@>

Horh, k WU, € X, v €Y, 2, € Xy, B0 N
HUERE 2, WIAF I 4518
EIE 3. DAKSVM (W aa i tb s 0

N
min f = %ﬂTQﬂ+CZ§i (10)

B.&b —

s.t.

n+m

yz(Zﬁ]ka(mwm])—’—b)Zl_gu izl,'-‘,n
j=1

Hrf oz, € X,z € X,UX,, QA PIEEKREL,
& > 0.

SER. AR X — ([,
{z;}7m)), & € X, z; € Xy, HIE—DARKNEBAS 8
oz — o), ¥IRUE R BB S B 2
FEAEZS 0] H A0S (). W)U 2 o) B 0 B A
MEAIZR R T 9(X) = ({o(@i) ey, {0(25)}700),
LA A B F(2) = wTo(z) [T
VAR & w TR, R w SRR AR
H ARSI AT O, 46w B 2, nf DK AE 25 1]
TSI ) R IR A

w=> Bid)+ Y Bio(z) (11)
;H\:EP; IB = (ﬁla” : 7ﬁm7'” )ﬁm+n)T ﬁi—\‘*X'fEIE’JE,
W w = 6(X)B. M (3) 2%
/YKM(Fa XsaXt)z =

=3 bl - > 6(z)

wT
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RERED e Xk

1
n?
1

nm

1
O = =K1K + WKt[l]mxmKtT —

(KK + K™K (13)

oo, K, WZREGRE (n+ m) x n BERE, K,
SRHCR I (4 m) x m AEEE, [0 h & x | 1
21 4.

B, it (5) WA

IYKS(Fa stXt) =

/X W 0(a)o (@) i -
/ wT¢<z>¢<z>deq‘ -

3 srota) ole)ote) Buoladp -

7.k=1
n+m
/x Z ﬂJT¢(mj)T¢(Z)¢(3)T5k¢($k)dq =
t j,k=1
1 n+m n
n Z ﬂjTﬁk Z ko(xj )k (i, 1) —
Jik=1 i=1
1 n+m m
E Z B;rﬁkzka(mjﬂzi)ka(zi’mk) =
Jk=1 i=1

1

1
BY KK - —KK[|B=8"%  (14)

Hdr, Qy = | KK — - K K| A (n+m) x
(n + m) WP IEERARE. £ Q= (1-N) +
AQy, E LTS, O

M (12) F15K (14) /&, Prig 7k DKSVM
W i N 2 TR) P QT J ) A A O3 A 22 (1) B e A A
RKHS ik A 7% 8] 1) 22 A% o8 B0 (1) ] FRARE0E 5
N TTAE A 00 1) 43 A7 22 IR b B 7 B, 5 i

EIE 4. DAKSVM s in & (10) x5
IF1] ity

1
min §aTH¢a -1l (15)
s.t. 0<a; <C, i=1,---,n (16)
i=1
B=(0)"'KYa (18)

Hrb 1, #RTENE L MAE, H = YKT(Q)!
x K,Y,Y =diag{ys, -, yu}, yi € Yi.

B 4 HRYE Lagrange X & HAMEUEAT, [R
TR, TEAHIE 44 0.

s £ Pk vk R R IR ] 44 DAKSVM J5 k0
i B AL & b2 K

n+m

1 1
b — _ 5 (Xs+ Z Z Biko(x;, ) +

reXsy j=1

n+m

somipS Z@ko@j,z)) (19)

S7lgeXx,_ j=1

Horp) X R X,y R PR AR 51 R AR IE
FREARLE, |- | BRELSELL % 1, DAKSVM #
AR R

Bk 1. LT A i s IR ON BE 5 11
AU N 2 >

BN FABIREHE X = ({z,ul,
{zj};nzl)v z, € X,, 5, €Yy, z; € Xy, mfilix
BB ko (2, 3:) = exp(—2220), S0y AT,

W SUEOE N ROR R AL S ().

$E 1. EHEBH y, 0, IS X,
(¥ (n+m) x n AR K, AL X, 1 (n +
m) x m ZHE K

FI 2. WL (13) Ak (14) HH0HE Q, M
Qo. EFESEN, MM FE Q = (1-X) Q1+ Q0;

LI 3. s 4 Kf# Lagrange 31 n] &
a, R (18) K43 B, AR (11) ML (19) 4>
S S S T T ) o o Rl AR R D

T8 4. Bl BUokm s f(z) = wlo(z) +

bo.
14 FETRE

AR SCRRHE 5T 05 SRR L (LS-SVM) 23 1)
JOAE o B3R5k DAKSVM AN 25 xQ 2 3R 0k 25
RARER, M35 DAKSVM 5 i (K #5 /N F 7
fix (LSDAKSVM):

. C
mlﬂf_’YKMs(Pﬂ)JFQ;fi

st (w, o) +b=y; —&, i=1,---,n (20)
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EE 5 (ZHEmR). aESH A € [0,1], X
Tooea s, 5 (21) At (22) MARIIRSSE T
SR T T AR o (E T FR4L:
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1, Q
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REHIRE.
WERR. ABAL IR @ (21) A1 (22) 1Y Lagrange Ji %

=

A
Lwbéa) = 3 ¢+ Latag -
A y U Q) 2 g i 2
n n+m
Zai <Z ﬂjka(-"’p-’lfi)‘i‘b‘f‘fz‘—yi)
i=1 j=1

(24)

Hrh) o; K Lagrange 1. 2 50 AL AR E AT
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oL N
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aL n

%_OH;%_O (26)
oL (67

oL

—0—-B K. +b+&=y;, ()

60[i
i3t (25) ~ (28) FilRASE: B I & Ja {5

] e

1, Q
NI 2 BRATHE. O
X T2 our R, g eE R B i 2
AU ORI Z ek oy, i <X —” % (One
against one, OAQ) Fl “—Xf£” % (One against
all, OAA) 45, XUET7 k0] By ok s e TS AR

B BAFTERA A 0 . O T 48 H LSDAKSVM

TIER 22 T0 53 2 1) L) SR AR AL, AR SR [24] i

i, SIN AR S, BRI TS ¢ MRS

&, mRINGEHEALz, 0 =1,---,n) BTH kK,

Mz, MRRENY,; = [0,---,1,--- ,O}T € Re. X
——

k
FE S50 LSDAKSVM 1542 2% B Al T 43 2528
¥, MWimAE43 LSDAKSVM 78 % 2545 2% F ik 5
B e 2R S E A R Y i HANME
AR LSDAKSVM 143 KM fe, S 76 F 26
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: 1= =~ O~y
min [ = -8 Qﬂ+2;€i (30)
st B EK.4b=Yi—&, i=1,---,n (31)
Heh, B e R™e, b e Re.
EHE 6 (BLHEM). HTESH N € (0,1, X

TZounkKind, 2 (30) ML (31) KIRALMEAEN T
SR R TR o 2t Iy fEdl:

0 17 _

b oo L7 =[o. %] ©

;H\:Elja Oc = [07~ 7O]T7 o = [0[1,"‘ 7an]T) }A}S =
Yy, YT, 0= KNQ) K, + L

IERA. 5 5 RAEM . O

SEHL 5 HEH 6 7334t T LSDAKSVM Jy
PRT T e M Z e KR SE L L. K (23)
M (32) KB LA, LSDAKSVM X —Jtsr
M 2 7073 2R HA A R O HE SRR AT A6 45 LS-
DAKSVM 7573 277 2] IR LML T REAZR )
¥, B LSDAKSVM it T J0 43 KA L 7043 2 n) 1
HATR T AR
2 g
2.1 GURERF S LW XK R

S I 10 1 B0 2 52 W3 N K B B g VA e A
A, B R SRR X AR P(x),
€ X, UEAEBRE f - X — [0,1], & X T 9414
1 X B ER H - X — {0,1}, WRBEREL
h € H 5F% 8 f Z 107 (B 3 XK o8 £
e(h, ))& Xh

e(h, f) = Ezwp [[P(z) — f(2)]]

BT R, 2(h, f) R e(h), XREHIL KA
W B S 2 (h). U4 S 75T T L XL

T HLR W BN e,(h), es(R), e(h), e:(R).
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heH
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AT X (h) feohs, AT AT LU 545k R 56 1 45
S 10 93 A R B AT B, H R 2 56 UK. e 45 2250 X
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Us, U 7304 A Dy, Dy WR/ANA s [ TGhRZERT:
A, BRI s BEHIEREREALE S, 73 hlHili A
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AFEAR, VRSN H AR SR 38 R E BN S, fre
i h e HNWAGARNAWK ez(h) 15 S LA E &
N, H by = min, 5 e, (h) 3 HEs XN, W
/UM 1 — 6 e P

ei(h) < e(hy) +

5 &—j N (1 —5:)2 \/dlog(Qz)S— log § N
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2(1 - a) (WKMS +

J 2dlog(2s) + log(%)
4

S

+ A*(h))

2.2 SEMEFHFROR

MEERE Q AT R AERER, AR REAN T,
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2.3 & ERINA
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N T PR R S DAKSVM. J7 7 1
RE 2, K s Aoy vl AT 2 50tk Rz Ak s A% ok
Hoe XA
z— X,|?
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FrfIESH ik, PIREEE Q rRBE st
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Forp, QU (i = 1,2) FRRRIME Q, P . o
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(O(d?)) 261, 5 5ol 2 77 Ak B o i 2500 I 4 W 2
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3 KSR

h T BT 77 DAKSVM. 7545808 3 27 >
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HEATSERG: 1) — RIVAAGARIE IR NG 4
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IEHIAC T BE.
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ISR R EUE e (BUREESE S U SIMIRF WL /g SRS
Wi AR SC 5 R AE [ IS R 55 00 5] 4k 70 A1 R 23 (A
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K10 FAZ IGAEVERIE R, szie, S Sdide
ARSI 10 Wk, BUHT-S80RS FE (AT by 5 = Bt I v
(2% > Pk RE. sEg6h, SVM ik il LIBSVME2Y #%
PESEZER, HoAth B34 Matlab 2009 B FRES S SZf.

3.1 AEHIERE

N LA M 600 NMEEARTIAH 4
FEARGAE IR s 42, R4S H A 300 AN
A, AR IERFGARFEA, WK 2 (a) P, ¥
PR o3 3 e 11 I, AR 11 AN
A= BEAN TR H bR A AP A, T A 75 5 0 s RN H
Fr A0k B A 52 AN [) 40 A, i HLJie i #f oK,
AR IR AT N ) R 5T . AR SO SR [6] s,
KH Jensen-Shannon % (D g) K55 A0
Z RV 2 SRR DT i BH A3 1. v 50 (1) 52 %
S HbREARELL Dys FERNEIEENE 4 (a) Pr
. ARS8 1% L4 DAKSVM 5 SVM, LM-
PROJ &5 7L A I0E N 27 > 1t ge. & 2 (b) FE
2 (c) 73 A o R e 30° F1 60° J& i H bR EE, K
3(a) M 3 (b), Bl 3(c) MKl 3(d), Kl 3(e) T
3(F) 23R AN R VA g e 30° FH60° Hdh 4R
b BAIEE 2 S RO, B 4 (b) BoR & ik IR
11 Bl H Frdi g bt s v 27 2] e Lh AR, Htk
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(a) Original two-moon dataset
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(b) Two-moon dataset with rotation angle 30°
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(c) Two-moon dataset with rotation angle 60°
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Fig.2 Three two-moon datasets with

different rotation degrees

1) MKl 3 (a) ~3(f) nl%1, SVM TET A Hidii
TS RE A T LA Ty vk, X — A U B4R
S 113 1 g RS S /NG TR 272 20 T VAN I T 15 Ak
5 2] BHAE BUEOE N ) /) AR BT, BT A
PR BN BB, H SVM Jik R REIU A
B, HEFE 7L DAKSVM 789 % [E AR FF4
SRR AS R oA () — 35k, A 1S HAH T SVM M
LMPROJ J7ik HAA — e PR 1 & F2 2) ERe.

2) K 4 (b) AIF H, ££— & M e f B
(10° ~50°) 1N, B4 J7 i35 PR FE A AH N 38 e 1 HL A
A ) ERE, LMPROJ 5kl 2300 T 2410
SrIRPERE, T SVM — BRI M@ (H1)EH A
B EFE) 500 LA R, P 73 N RS, IX Ul
HH 1 AU I 3 ) 1) B 2 BE b T B — s R R, A
FRYRAE S H bR ] 1) 53 A B L 584 Lok
ARZS, NI HH AT I I 2% 2 (1) I FH 461461,

3.2 IPREIERLE
321 BIEKRE

1) Reuters F1 20 Newsgroups 79K, /e ML
Bk [26] A EC AN SCAR 3 SR 4E Reuters
F1 20 Newsgroups KV T H 77 745 AH G 7 1 14
WOENAERE. A T A SR T vk S A O TV
oy RVERE, ARSCRH S SCHER [7) AR L0 e, B
X} T 20 Newsgroups 1 Reuters 44, 7 7 W T0
JERFEHHIEL 6 ANFT 3 AN K DUl 2% ) S din £,
g 2 A K BEAE IE A, B 3 T+
FKAT 3 E], AR F IR A R 4. Reuters
A 20 Newsgroups #u 4L HIPEAN(E Rans& 1 .

2) Web #5328, ARSI 5 e fy g —A i 1) 48
VBN AU A 402K, KRS Google 3 4
TR A LA N SER N e 5, HeA b
PO AEVE N MNRAE, PRI FERT IR S WSCHR [16]. 1f
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Fig.3 The discriminant boundaries in the two two-moon datasets with 30° and 60° rotation, respectively

H AOL [aiihr 2 AR A PF I EEEY (http:// MR BW# 2 P,
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A5 1 & ) (Business, Computer, Entertain- 322 ML
ment, Health F1 Sports), 735l E A Il 25 £ AT K S o B8 B s AU A ) S 1) e I A R 40 Al
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Fig.4 The two-moon datasets complexities and classification accuracies with different rotation degrees

# 1 EYUIEOCA S REHE 20 Newsgroups Fil Reuters

35 60

Table 1  The cross-domain text classification datasets 20 Newsgroups and Reuters
55 Hpi sk WIZRFEA ST DR A E
1E% e E% e
1 Reuters Orgs vs. People
2 Reuters Orgs vs. Place TFRAEG A SCRY TR A SCRY
3 Reuters People vs. Place
4 20 Newsgroups Comp vs. Sci 1958 1972 2923 1977
5 20 Newsgroups Rec vs. Talk 1993 1568 1984 1658
6 20 Newsgroups Rec vs. Sci 1984 1977 1993 1972
7 20 Newsgroups Sci vs. Talk 1971 1403 1978 1850
8 20 Newsgroups Comp vs. Talk 2914 1568 1967 1685
R 2 Web IR A AOL il
Table 2 The cross-domain web text classification datasets AOL query
% Hi e INREAEL MR A S
9 Web query Business (B) 1500 1200
10 Web query Computers (C) 1500 1000
11 Web query Education (E) 2210 2500
12 Web query Health (H) 1180 1190
13 Web query Sports (S) 1420 660
% 3 20 Newsgroup Ml Reuters XA HHEE (%) LLfs
Table 3  Classification accuracy comparison on 20 Newsgroup and Reuters datasets (%)
JiE: Reuters 20 Newsgroups
1 2 3 4 5 6 7 8

SVM 80.20 71.35 65.36 72.53 70.10 75.40 78.00 92.70

TSVM 81.84 75.80 69.80 76.75 73.40 83.90 81.20 88.74

CDCS 88.50 73.90 64.00 69.80 82.92 64.00 70.84 90.20

LWE 83.42 69.70 68.52 85.24 78.60 87.20 75.32 94.00
LMPROJ 84.63 80.20 70.80 82.52 79.30 86.34 84.68 93.43
DAKSVM 84.78 82.12 71.40 83.73 81.40 86.70 84.92 94.80
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# 4 Web EMDINERE (%)

Table 4  Classification accuracies on web query datasets (%)

g SVM TSVM CDCS LWE LMPROJ DAKSVM
B-C 82.52 82.64 84.34 83.26 84.68 84.68
B-H 85.93 85.42 82.86 86.72 86.48 87.32
B-H 90.94 91.19 96.44 93.20 94.82 95.34
B-S 87.25 82.60 85.40 82.56 85.78 88.32
C-E 87.34 83.35 78.70 85.80 88.52 88.78
C-H 93.19 89.70 91.28 93.66 92.00 93.40
C-S 92.01 84.68 89.40 84.20 86.12 96.46
E-H 92.55 93.11 92.76 94.40 95.38 96.12
E-S 81.59 77.93 85.55 79.46 82.70 83.20
H-S 93.45 80.84 91.25 94.71 95.00 96.43

x5 ANREIEE (Yale A1 ORL) FHIRBKEIE (%)
Table 5  Classification accuracies on face databases Yale and ORL (%)
NI 4 LS-SVM LMPROJ LWE CDCS LSDAKSVM

Yale 10° 61.78 68.45 63.78 62.47 70.24

30° 58.37 64.13 61.66 60.70 66.47
50° 52.29 62.08 58.78 60.20 63.00
ORL 10° 76.30 85.94 80.90 84.64 86.28
30° 70.72 82.00 79.33 83.71 83.10
50° 65.70 78.65 72.22 79.91 79.25

1) BZ 757 SVM RIARE A AT 7% 51) 2 4tk
), WU AT B AR B 23 2R BE A AIC T A 4
AE N 5 X 5 SiAh AN R TR TSVM BARAE
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