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Abstract
discrepancy between source domains and target ones, has been successfully used. But it is a global measuring algorithm

Maximum mean discrepancy (MMD), as a criterion effectively and efficiently measuring the distribution

and to some extent only reflects the global distribution discrepancy between domains and the global structural difference.
Therefore, we propose projected maximum local weighted mean discrepancy (PMLWD) scheme by with locality preserving
ability integrating the theory and method of local weighted mean into the MMD. At the same time, we formulate in
theory that the PMLWD is one of generalized algorithms of the MMD. Furthermore, on the basis of the PMLWD and
by integrating classical learning theories, we present local weighted mean based domain adaptation learning framework
(LDAF). Following the LDAF, we propose local weighted mean based multi-label classification domain adaptation learning
algorithm (LDAF_MLC) and local weighted mean based domain adaptation supporting vector machine (LDAF_SVM). At
last, tests on artificial data sets, high dimensional text data sets and face data sets show the LDAF methods are superior
to other domain adaption ones.

Key words Transfer learning (TL), domain adaptation learning (DAL), local weighted mean (LWM), projected max-

imum local weighted mean discrepancy (PMLWD), local weighted mean based domain adaptation learning framework
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Fig.1 Structure of the learning framework in this paper
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arg Wmin JH,UW) =

TWw=I

arg min
WTW=I,

WHI)% +n||U|% + Atr(WTXLXTW)> (15)

1
(- 11XTU = YiliE +6llU-

HTARCRE (15), AR ZALLF 3R [ 10,
18] M77 VR R il /2 iz Ak ) il H*, U DA R
W*.
3.1.1 HE H”

FRPE 4R 2, Ay BUIEH] 28 (15) XRG4 1]
A H* WJLLRR kT U MW g
EE 2. WRU MW [HE, BasX (15) /748
SR B AR AL BEA A
H =U"W (16)
IERR. ARERLA% B Rk, T LA (15)
X IR B L R B, O Rk B H B0 H
SHh o, W WYU - WH) = 0, k35451
WTW - Il. |:|

312 HEU”

AR | A2 = tr(ATA), Wal LA (15) Py
P g SR, Bl

1
—|[XTU = YillE + 0l|U = WH] [ +nl|U [} =
tr <1YSTYS —2U" <1XSY5 + 0WH> +
Ng Ng
1
Ut ((0 +m) 1, + nXsX;f> U+ HTH> (17)
H1 120 (15) g5 —BOF A B A e S U,

P, THRRCREE U, RS (17) xR U
SR 34 KB FRIEEET 0, WRT LA 21 AL
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1 (15) fetb il @i U* 2k
-1
U* = ((9 + ), + :XSXST> X

(;XSY; 4 9WH> (18)
FT AT LA 20 40 5 B

EIE 3. WiXFFREEm WO H, X (15) X
FRIDRAL i AU AE oy s s DA D 2 25 hy 5K (18)
M.

SR G SR AR A Ao SR g 4 X (18), B4 2
BHRARRAE ((0 + )L, + ;- X XT) ™1 I R A 2%
JZ (O(n?)), A MEA G 5 N SCHR 28] 4 1
(Sherman-Woodbury-Morrison, SWM) i X2 it
AT BUR S (I T 2R 2R (O(n2)), H
AR AL B e MEA BRI, — A n, << n,
ML A3 R LUK o 5512 R0 K P 5 1RO I 1) 20 AN
s SWM ik, =S (0 + )L, + - X X)) A
e = G Xs (s (0 +m) L, + X X)X, W)
A (18) AILAS

1

Ur= 7(In - XS(nS(Q + 77)[“5 =+ X;FXS)_IX;F)X
Ns

(nlxsys + 9WH> (19)
3.1.3 HEBRANEW"

EIE 4. R&EE H MU, WAL W af
DL sk a0 R 1) H A pR BT 7 RAE 0 f# (Sigular

value decomposition, SVD) 33

arg min Mr(WTXLX™W) — otx(WTUU W)
WTW=I,

WERR. MR (15) TRLEH, &l A
B 50 B W B A OG, ot 2 B X
(15) "] LUK fEi A arg minyrw—p, (0)|U — W H||% +
Atr(WEXLXTW)), HARHE (16), 1
arg min (0]|U — WHI|Z + Mr(WTXLXTW)) =

arg min Otr(UTU — 20" WW'U + U x

TW=I,

WWI'WW'TU) + Mr(WTXLXTW) (20)
M FARENE WIW = I, IF 454018 51 R
tr(AB = tr(BA)), W AT LLARR & A A
arg min Mr(WTXLX™W) — 0tr(WTUUW))

| (21)
S (21) R FH Bk B T SRy b it AR I f) o7 A
WA H BR 3, %P WA H e O BOY A W)

SHCN O, WH: AXLXT —UU") = W, W3k
M AXLXT — QUU™ SEREHEAT SVD 23, B Ay
) R LE AT B LR O

A bk s XM e #,OR BL A R R )
LDAF_MLC %%,

&% 2. LDAF_MLC %%

BB 1. W D, = {z,, y.}i, A HRE
Dy = {z}[iL,, WESH N 0,0, BRIERKE
maxIter F1EIH ¢;

HI 2. A 1 SRS H bR AR
A 25 S BUEAERE Ly

B 3. 45U — L W — Iy,
p=0;

HI 4. fHE 2 KR H;

$& 5. K (19) kit U;

P 6. e 4 kg W

HE 7. Y |J(H,U,W)®H) — J(H, U W)P| <
e ol p >maxlter, IR HFEFIEHH H*, U, W*, &
W4 p=p+ 1, FHELE 2.

3.2 LDAF SVM

IERIET SVM 5 PMMD A& &3 T —
F A BAT AU0E I A 2] fe I AR £ 1 S HE )
BL=5 2= R E P R O 57k, A SR
) LDAF_SVM W27 LDAF #E42 Filid 5] A\ LS-
SVM 732K 2281 Ji g e (1), MW LDAF_SVM
Pk Rz A tE, fEASCH iR PR LDAF_SVM
Jiide 1) 243280715 LDAF _BSVM; 2) i £ 432K
J77% LDAF_FBSVM.

3.21 LDAF_BSVM

EX 8. M RAFH LS-SVM 1) H b ek B A 2
(12) &L RS RS R(f, k, D), ASAARSCIH
LDAF BSVM 7324 nl LLd i S /b S e fk 1l
USSRl

C =
. 3 _ . ~ b2 2
mnl}J(w ,b)—gl(bl’rbl 5 (Hw I +Zesi> +

w?, -
i=1
Mr(aK LK o)

st ysi(w? d(xe) +b)=1—ey, i=1-,n,

(22)

Ho wf BRSSPI R, b R, ey b
k2.

WEA W = ¢(X)a, W_ERZR A ||w?]|?
R wlp(zy) AT EE N |Jw? = o"Ka,
wrd(zs)a"d(X) o(xs) = o Ky, WA (22) 7]
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LTS NEEAS 5 TT DLBR T 401 R 20

min J(a,b) = mina” (AKLK + §K> o+ arg max fy(z) (27)
’ oo ’ R, MR (27), WHRREAS 2 R 24
N KRR, TS A% RE A R AR TT 4 BE AR

2= 7 35k S RS T 4 RF AR 2R 0 K 0 U S T 49 21X 35
st. Y@Ky +b)=1—egy, i=1--n, KT R LR YIX ) AR AL
(23) T FLS-SVME iy it A AE ok St 1 %

XL (23) HERHIE, HT o &4k
gk, FTAS (23) I tr(@" K LK) Al LR
NN o KLKa, fHZELT LS-SVM J7 v 1) 3K fi
R, WS B R E B

EI 5. X T (26) Prar v LDAF _BSVM
GYEEE, AT LA N A2t R ST R AR AT 21

0 0
v (7)o

Lo,

Yty KLCAKLE  + CK)-K.,  p
(Hla"' nu’ns)T :}j *‘% Eﬂ El % ﬁ’ Y”s
(ysl7 T 7ysns)T-

3.2.2 LDAF_FBSVM

HIXEF2 502K 8, 7 LDAF _BSVM J5 ik 3
filti 8 H (One-against-one, OAO) 777k, Feilie
AT SCHR [20—30] HPASTR 43 28 05 105 IR B A Ji B R A4
HEASCIORO 2 43 55 J57%: LDAF-FBSVM. %51
AMERE SEBI 2 bR 5 U0 Y 27 > [F]INS I BT
YA ] 43 X3k (Unclassified region) FEAS 1) 5398
i) L.

XA m AAEZR RS 1 2 5 2K 3,
RALH OAO Tk RS 47 25, W 4 i 2= 4
m(m — 1)/2 AR 2K sk . P, T
LDAF BSVM Jsik, ATLMEBER p RAER ¢ 211093

frg(T) = O‘qum + byq
b, 2 AR, Ky = ¢(X) " o(x) H fry(x) =
—fop(@®). WAHMAFEAR @ 3l 2 ok HA T
TP IPREL foq () HIZEII

m

Z sgn( fpe())

p#q,p=1

L fl@)>0" PRI, XA
0, f(®)<0

Y, b _
n+c1, ) \u/

1,. - (1,

(25)

fo(z) = (26)

e, sgn(f () = {

e
L,
Tpg(Z) = { Fou(@),

e MESL 7, AN FEAR o J8 15 p K1Y
RO SR 8 FE R 3 oy () P AR B A TH5C

Mz =arg Max Ty (z)

#i fpa(2) 21

o~ (28)

(29)

BT (32), EAH DA z 55 IR T I
SRR T A5 2

arg max () (30)
p=1,--,m
i, ATLA#53] LDAF _FBSVM Jji.
&% 3. LDAF FBSVM &=
ﬁg% 1. ﬁiﬂjz Ds = {msiaysi}w;l %D H*ﬂ?iﬂji

Dy = {2z }|]4, BESHN,C;

P 2. [FHAE 1 SIS H bRk 454
A 2% RUEFERE Ly

B 3. A (25) WE mim —1)/2 M
PR K KR fog = —fp (g = 1,---,m H
p#q);

HIE 4. 4T Vzu; € D, 0 P4

1) A (25) W5 froq(2ey) JF2 fog(2e) =
—fqb(ztj)§

2) fEH(26) M5 £, (245);

3) W (27) WA, W SF iz AME—, W%t
VERMREER 2,5 RS T H RIS vy, F 2D
R 4; BMER] 4);

4) R (28) T RIB S 7,0 (245);

5) A H 2N (29) v 5 5 4B R B B eR 4L
Tp(24);

6) THHE L (30) FERr & RIS 2, MZARS
Ytjs %iﬂi‘gﬁ’é 4,

$8 5. & HEsER D, 54 Y,, =
(yﬂ, T 7ytnt)T-

3.3 HEEREEZREST
3.3.1 LDAF_MLC Rfa g E

7t LDAF MLC &k, Hakpm a5 2% 5

AP IR 6, WISKARS S HFE W, R Eib4e
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SR koA 22 ARG SERE L (MR R ngng, AR,
TESERRVFSERT, FERE W AR SE bR Ko ng + ny, BT
DAAERE X LX T Mkt K0 ng+ny. 1 H, 8 UTU
MIFEZ A min(n, m), BLAFHEAXLX T —0UTU
MFLE £ 4 min(n, m + n, + n,). B EHE
SR SYEIFIE, B0 n o> n, + ny, BAESILD R
6 b AR SR AR BT HIBE W TR N s TR R A% A
O(n*(m + ng + n,)). Fit, LDAF_MLC i[5
AREEH O(n?(m + ng + ny)).

3.3.2 LDAF_SVM RfAE 4%

XA SO LDAF _BSVM 5 vk i, I ) 52
PP EERIAWA IO 1) W n, WA
WA R 2) KR 2AKLK + CK)~'. &A15iELE
THEE g AR O 110 300 JRE R 0 97 £ B ) 52 A% B2
O(n2?), MAEHH (2AKLK 4+ CK)~" I a8 2%
FEWA O((ns + ng)®®). SRMITEMIE (24) IR
FEFERS, nTRARSE T E M 2AKLK + CK)™, )\
1M A43 LDAF _BSVM (1) [i] 5 2% B 8 n] DL il
O(n?%). MAAIM LDAF_FBSVM [ i) &2 %
£ O(n?5m?), IXAIILAE OAO &5 SVM J5
VTR ] 52 2% B A 4.

4 SLIG

h T U WA ST R A R, A2 il =
AN R () ot Ak AT ;1) A& Two-moons
BdidE; 2) @4k LA 20Newsgroups. Reuter®!
B4 4 3) AN s ORL. Yale % 4
£ (http://www.cad.zju.edu.cn/home/dengcai/
Data/FaceData.html). [f] N 45 & L5 H At AH AL
AN N 27 ) TR AT AR B0 AR ST I
PE.

LM Two-moons A 4 U6 BH PR A n) 8L
1) B A ST 1) Jr) 38 0l ad B 27 > HE B 2 AT A5 ) )
a2 6601, 2) CEISPAT 2 E N R ARSI 2 I HE
B2 2T fe DT R s e D PR A S () v 4 SCAS B
5 G R A WA Kb P S o i) RN () 27 2D 68 g, TIN5
WA A8 2 HON 3% 27 2 15 . 3 3 03K G 2 s
B R U B AR STV A 3 v e R i T B R 20 2R
TR he 1. AR FELE Intel Core 2, 2.0 GHz
FHi, 2GB RAM, Vista &%, Matlab2007 V-5 L
S
4.1 MK NEHESE

A& Two-moon s 8 HAT WAL J R B 45
Fa, DRI 28 5 ol FH A AT N 92 1 g 2 > g
TEARP B T MR A SCHR Y (1 261 1) LDAF _MLC
TPk AL LDAF _BSVM  J5 VA AE SEPLT R 2 2
(R TRJINF, 3 R AT fig b OR REAE AN () R & 4, AT AT

H— M54 300 FEA 1 Two-moon AHE4E1E N
P, ZEIEE T LA N IE . 2 K KRR
150 ANFEAS, WL 2 (a). B8k E i 43 i 2 00 )
JiEHe 10 ¥k, TRATS 2] 10 AN A AN RMEAH G B A
5. Kl 2(b)~2(d) i Eon e 30°. 60° 1 80°
MR E AR A 2 WTRLE H, 20 ) f R
K, Frre e H b3 PRI o3 A 2= oK, T
Tt I AR I, PR 40030 B, (] 0 R A %, Ry ok, AT
1EZ AR AR 2 4 H MLC 710 MCDARS
MIASH) LDAF MLC J5 vz A7 A LR, (A A
FH SVM. TSVM. LMPROJ FlA S {1 HE L1t 5 v
LDAF_BSVM #H47 A L%

411 HWigit

FH T S 560 o R T R P AR v, DAL, AR
PRSI AT ABETE

1) 769 B 55 £k 1 LDAF MLC J7 32 0 i
B, AKX HETH ke = ke = [2,4,6,8],
hy=hy =2 (i=—-10,-8,---,8,10), A = 2! (i =
—7,-5,-3,-2,-1,0,1,3,5,7). 6, n 5 MLCI J5
. 3CHR [15] W MCDA FikMSH o, B BB
[F].

2) AEMR LA S AE Lt LDAF _BSVM. Jr
R R, T AR B A v A w0 A R
$, Horb m ez ek B 58 o G — B MR
SO E T R [ 4 LDAF_BSVM J7 i
) hy, g, ke, ko, X AT 1) SRR A 2500 3 e B
Fl, C BUEEERE N 20 (| = —2,0,2,4,6,8). 1f
TSVM Fl LMPROJ J7 ik 2 50 e %5 7] T SCik
[4].

3) NT RPN AR BT
LDAF_MLC. LDAF_BSVM Jj ¥ Ja &2 > g J1 11
SEM - PRATTRE B b A ke BA 3 B, X
— MR FEFG (2 2 R B R v e HoAth 2 50
TG0 R, TS50 X KPR 5 v 6 N 16 4
FBR I Rg ), BRGS0 3.

4) ZIAR R R 10-377 28 BRI, RS R Ad T
IEAf 2> I RE A S MAAE A S LR R R ia
ATI R HLAS 1), sy A b, seat & B LR 1 Al
% 2.

4.1.2 XWHH

FR s RS 25 5L, LA BN &g

1) K 1 F13k 2 nf LU, Bl e i 19 15 1
K, IR JUFPIURR 5 72068 WY 1) 43 R bl 2 FRAR, 31X
—EBIERFASEBR Y. R B R A B ARk, H
FRIE R I 25 5 2 JE R AR T84k, ek ff FE 18 K
H 38055 Y5385 1) 23 AT 22 Sl oK, AT 2 380 T STk
PIGE N AR 722 Rl ] LUB H, MLC fit SVM
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TR I 50 SORs B W AR LA P R 5 32, 5 002 AE 73
A2 A BRI DU T, 3 P 52 1) 70 G L W]
AR T HAb Tk, iy — @ R BB IR G kA
KGR RIER 22 2] 1), Il AR 1 Ak 2
B HR AR SO R ik R P B L ALt D 2 i, KA

SRR BV SO R AR A SRR SRR 1 T TR
FIREST. TR DA L A R S AT R I (]
FORF, A SRR FAR T A L AR — e R 1
i e, D ab B AR S A AT RO R v AN SRR B AT K
A BATEL i mAF A e (18— ] .

10

E)12 -8 -4 0 4
(b) W 30° 11 F BB

(a) Dataset in source domain (b) Two-moon dataset with

12 -8 -4 0 4 8
(a) Vs MR 4

rotation angle 30°

K 2

8 -12 -8 -4 0 4 8

R R
(d) ekt 80° i1 bR BSR4

(d) Two-moon dataset with

(c) Tk 60° 1 H ARk
(¢) Two-moon dataset with

rotation angle 60° rotation angle 80°

H T Two-moon BUHHa AR I (RIS H bl

Fig.2 Two-moon dataset structure based source domain and target domain

09
——30°
08s5| " gg 0.95
0.8 09
o7 W g0®
g oql 1 3 08
2 0.7 2 .
0.65 0.75 1
—30°
06l W 0.7 \’—H/V'\/»_V:OO
0.65 80
08— 5 3 0 2 4 6 "8 6 4 -2 0 2 4 6 8
=10 A=10*
(a) LDAF_MLC (b) LDAF_BSVM
Kl 3 Two-moon JKIRZHL X X 43 M LE 1K 50
Fig.3 Influence of two-moon correlation parameter A on classification accuracy
® 13 MEMTTIEXT 10 MANFE 23 AT Two-moon AR I HLEL
Table 1  Comparison of testing results of 3 linear algorithms on Two-moon datasets with 10 different distribution
Target
domain
10° 15° 20° 25° 30° 40° 50° 60° 70° 80°
(rotation
angle)
Algorith Accuracy Accuracy Accuracy Accuracy Accuracy Accuracy Accuracy Accuracy Accuracy Accuracy
gorithm
(time) (time) (time) (time) (time) (time) (time) (time) (time) (time)
MLC 0.8833 0.8633 0.8233 0.8 0.7833 0.7133 0.70 0.6733 0.5433 0.45
(0.6754)  (0.5373)  (0.3780)  (0.4199)  (0.2962)  (0.6218)  (0.5543)  (0.4815)  (0.5377)  (0.4982)
MCDA 0.9267 0.92 0.8933 0.87 0.85 0.8067 0.7867 0.7333 0.65 0.5133
(0.8795)  (0.9012)  (1.006)  (0.8997)  (0.9103)  (1.0893)  (0.8796)  (0.8923)  (0.9038)  (0.8978)
0.9433 0.9267 0.9167 0.9067 0.8733 0.8167 0.7867 0.7533 0.6867 0.6
LDAF_MLC
(1.7936)  (1.6855)  (1.7973)  (2.0498)  (1.9939)  (2.0156) (1.8978)  (2.1098)  (1.9923)  (2.0142)
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#£2 5 PRI 10 FORE A Two-moon A A LL 4%

Table 2 Comparison of testing results of 5 non-linear algorithms on Two-moon datasets with 10 different distributions
Target
domain
10° 15° 20° 25° 30° 40° 50° 60° 70° 80°
(rotation
angle)
Alrorith Accuracy Accuracy Accuracy Accuracy Accuracy Accuracy Accuracy Accuracy Accuracy Accuracy
gorithm
(time) (time) (time) (time) (time) (time) (time) (time) (time) (time)
SVM 1 0.9833 0.9667 0.9533 0.9367 0.87 0.7567 0.7133 0.6000 0.5767
(4.2744)  (4.2967) (5.0271)  (4.9376) (3.9121) (5.3982)  (4.9736)  (5.9219) (4.6194)  (5.0239)
TSVM 1 0.9967 0.9900 0.9800 0.9567 0.9233 0.8833 0.7833 0.6967 0.6133
(6.7869)  (7.9210) (7.3347) (6.5728)  (6.9826) (7.9935) (8.0177)  (7.9645)  (7.7855)  (7.5761)
1 1 0.9967 0.9767 0.96 0.9567 0.9167 0.8467 0.7567 0.7033
LMPORJ
(7.8598)  (8.1943)  (8.8683)  (7.9991)  (8.6366)  (9.0326) (8.5387)  (7.9485)  (9.2847)  (8.7543)
1 1 1 0.9867 0.9800 0.9667 0.9200 0.8733 0.8233 0.7467
LDAF_BSVM
(8.9376)  (9.5638) (10.8769) (9.8847) (10.0189) (8.9903)  (9.6983)  (9.9143)  (9.4565)  (9.8922)

2) K 3 LW A SO R AAEIR T ORI S
BN ASFMEI, 3 RGBT, N B ol AR
i, FED A SRR R T A R R RS A B
EAN], WBTRE R 5 MG AT AE e 22 5%, BIBEAT
RERZE N WNFR, IR R 2 B2 it
Fe. HE 3 th B IFAZ 280N B0, K E
BUlR, X — s U T S8 N ER A S
TN, WIS B, S50\ IERAR A
T T UUNRG BE IR AR AL, XU A S S 4
S W 2 SRR EAT 2 A3 N PEA AR UE T

42 MR SHEXALIEE

20Newsgroups. Reuter fE & WA~ Lb 5 #7011
SCAS KU A 22 Wl R AR AT S B g ke 12
PERE. o T A RO A SO VR IR 2 ) RUR,
AT SCHR [5] &5 th i 7~ 2R 40 & B ), 3 0l A
20Newsgroups. Reuter #04s 4 #1012 KKt &
AHHEL 4 A (comp. rec. sci. talk) Al 3 MK
(orgs. people. places) Ky 2= ) itk BT
LR A B R AR oK, O T T A Sy
T R WA 73 2868 00, o6, BEALHh
BT 2K 25% MIFEARAE M AEA, [\ NN
h K R B AR T AT A R E O IE
KR, TE R R A S A0 br - 1 D
T, AU T A B RATT AR e A A TR R A
FAE TG U SR H bR B an, AEAE ] 20News-
groups FH R R ML A SL T VA, FRATTE SEBEHL
RS 72 25 % IIFEAAE R MAFEAS, [R5 38
fi1# comps rec XA KKAEE— N HAHA
bR BB 748 20Ng-1. 168 s 14
20Ng-1 2 J5, nI L comp.graphics. comp.os.ms-

windows.misc X W A K A & B IR 380 IE 2K,
M # rec.auto. rec.motorcycles X W A4~ ¥ K4
B U S 2R i BRCRDAE B R ) AT L 4
B RO N 1 H bR L Sk, JRATT A & K T AR
g B R B vk MLC. SVM; —
AW B 5 vk TSVM; T Fh 43k 3@ W 2% 2] J7 vk
MCDA . CDCSBY | LWEEFY . LMPROJ. DASVMI2]
B RS W R R ek 2] 7% LDAF_MLC. LD
AF_BSVM #HATIA L.
4.2.1 KW
1) e R, MLCL MCDA . SVM., TSVM,

LMPROJ Ff1A ) LDAF_MLC. LDAF_BSVM
TEZER RS 4.1.1 W S 80k e ik
CDCS J7iZH 2 $ise e i K H SCiik [31] T ke e
JE U, TWE 773 i Il 20 55 4 48 SCik [30] i
DRAFREE.  [RII Ry 7 15 B AR S ) 8 A i 1 3 27 > A
BN ZH Ky ko RTAESL2E TR TR RE MR, FA T4 HL
AR SCPI TR 2 2 7 EAE A 20Ng-2, 20Ng-2 #il
Rut-1 =AM S i f v 5 AN H AR 45 F ok n
DL BH, 113K — LAk &5 SR 2 A ] e oAt 2501
TOLT, 4 k= ky HIOESHETERY [1~ 10,
12, 14, 16, 18, 20] K5 2.

2) EMAIE R, O T — R R E R Ak
K, TATH 20Newsgroups Reuter £k 427 7 L
FHEUEERFEATT 25 % 60 % 1E R I ZRAEA RN
A (W 3). ARMAIS RS 10-4728 I UE. S5
iR I3 4 T 4.
422 KBS

M 4. B 4 v EIL R 45

1) IR 4 XN BRG KRR, AR g
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BT MLC, SVM [AHATT WO, (64e 11040 2h8 1701 AR T B At LR ST 725 51 v
KA MR ERBUREE, il TSVM BT T R4, A0 )7 % LDAF MLC 5 R
B4 b B I TR R B NG, TR U R R ST R 1t LWE 7 VA AR )
RELHR ARG, (N L, LR r T AR, AR 1] LDAF MLC J7i

%3 MK H 20Newsgroups. Reuter £ £
Table 3  Testing datasets—20Newsgroups and Reuter

Number of sample in source domain  Number of sample in target domain  Number of

Datasets Sub-datasets
Positive class Negative class Positive class Negative class feature
20Ng-1
(comp+rec) 489 495 484 497
20Ng-2
(comp+-sci) 489 492 484 494
20Ng-3
20Newsgroups (comp-+talk) 484 462 489 493 26214
20Ng-4
(rec+sci) 495 492 497 494
20Ng-5
(rec+talk) 497 462 495 193
20Ng-6
(sci+talk) 495 462 497 493
Rut-1
(orgs+people) 353 389 372 350 4771
Reuter Rut-2
(orgs+places) 353 257 350 273 4415
Rut-3
(people-+places) 389 257 372 273 4562

R4 10 Mkt 4 20Newsgroups. Reuter £ 58 TR AR 1) L3¢

Table 4 Comparison of recognition results of 10 linear algorithms on 20Newsgroups and Reuter

Datasets 20Ng-1 20Ng-2 20Ng-3 20Ng-4 20Ng-5 20Ng-6 Rut-1 Rut-1 Rut-1
Algorithm Accuracy  Accuracy Accuracy Accuracy Accuracy Accuracy Accuracy Accuracy Accuracy
MLC 0.7512 0.7035 0.8416 0.6226 0.6890 0.7522 0.7410 0.7014 0.6636
SVM 0.8287 0.7638 0.9164 0.7013 0.7209 0.80 0.8186 0.7801 0.6822
TSVM 0.8419 0.7587 0.8914 0.7921 0.7427 0.8217 0.8324 0.7913 0.7256
CDCS 0.8563 0.7038 0.9134 0.6539 0.8023 0.7203 0.8726 0.7416 0.6620
MCDA 0.8122 0.7382 0.8577 0.6619 0.7006 0.7536 0.7618 0.7512 0.6698
LWE 0.8828 0.7803 0.9054 0.7028 0.7380 0.7521 0.8269 0.7303 0.6932
LMPROJ 0.8644 0.8537 0.9530 0.8496 0.7980 0.8623 0.8629 0.8026 0.7116
DASVM 0.8695 0.8507 0.9516 0.8658 0.8125 0.8536 0.8726 0.8186 0.8202
LDAF_MLC 0.8154 0.7985 0.8622 0.7013 0.7406 0.7565 0.7881 0.7640 0.6945

LDAF_BSVM 0.8736 0.8885 0.9530 0.8729 0.8110 0.8797 0.8920 0.8016 0.8310
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Fig.4 Influence of nearest neighbor parameters k1, k2 on local study ability of LDAF_MLC and LDAF_BSVM
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Fig.5 ORL dataset structure based source domain samples and target domain samples
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Fig.6 Yale dataset structure based source domain samples and target domain samples
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Table 5 Comparison of testing results of 10 algorithms on ORL and Yale datasets

Datasets ORL_Gauss ORL_Poiss ORL_Gam Yale_Gauss Yale_Poiss Yale_Gam

Algorithm Accuracy Accuracy Accuracy Accuracy Accuracy Accuracy
MLC 0.6800 0.7000 0.6950 0.5444 0.6111 0.6111
SVM 0.7100 0.7350 0.7250 0.6111 0.6556 0.7111
TSVM 0.7200 0.7450 0.7600 0.6667 0.6889 0.7222
CDCS 0.7000 0.7550 0.7050 0.5889 0.6445 0.7000
MCDA 0.7000 0.7150 0.7100 0.6111 0.6556 0.7111
LWE 0.7300 0.8400 0.7150 0.6222 0.6222 0.7222
LMPROJ 0.8050 0.8350 0.8650 0.7222 0.7333 0.7333
DASVM 0.8450 0.8750 0.8700 0.7222 0.7333 0.7667
LDAF_MLC 0.7400 0.7200 0.7350 0.5889 0.6333 0.7111

LDAF_FBSVM 0.8500 0.8600 0.8850 0.7333 0.7333 0.8000
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