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Kernel Distribution Consistency Based Local Domain Adaptation Learning

TAO Jian-Wen'’? WANG Shi-Tong®

Abstract In allusion to domain adaptation learning (DAL) problems, this paper proposes a novel so-called kernel
distribution consistency based local domain adaptation classifier (KDC-LDAC). Firstly, in some universally reproduced
kernel Hilbert space (URKHS), the KDC-LDAC trains a kernel distribution consistency regularized domain adaptation
support vector machine (SVM) based on the structure risk minimization model, which extends the formulation of classical
SVMs to the domain adaptation learning schema. And secondly, according to the idea of local learning, the proposed
method predicts the label of each data point in target domain based on its neighbors and their labels in the URKHS. The
last but not least, the KDC-LDACs learning a discriminant function to classify the unseen data in target domain with
training data well predicted in the local learning procedure. Experimental results on artificial and real world problems

show the advantages or comparable effectiveness of the proposed approach compared to related approaches.
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ensemble)?. LMPROJ #1 DASVM, ¥ iX £ 5%
935 AT KDC-LDAC #4725 3 PERg th .
7 e GLH IR0, NSO IR B IR BT T 54k
i 2], IR )5 I EREEA T LR, AT AT RE
BT ISR 27 2R v TR G SCHR PR IR R X
Hif 44 SR T A ARG AL
321 HEKRE

1) Reuters il 20Newsgroups 7798, B 56, ML
R [27] A RS R SO 73 20 5 Reuters
H1 20Newsgroups K PEUT T4 751 5 405G 7 VA 1) 46t
WOE N RE. b T AR T TR S A R TR
orRVERE, ASCRH SR [7) AR L5 BE, B
X+ 20Newsgroups Fl Reuters £ 4, 75 7 T
REPHII 6 A3 AR ) i e, H
o, AR 2 N KRR EAEIESR AR, BTk
AT 08 ANFE 2R 2 AR 4. Reuters
H1 20Newsgroups £ &£ M TEA(E B & 1 k.

2) THIRVFR 8. 1 IR VT R A IS B A 48
Amazon 1 4 FAS[E] )77 SRR SRR EoE 41

%1

Ji, 3X 4 B iR AR AR DVDL T A
J5 B e bl BEASPPIR A AAS: 7 IR 0 E
(VLI 0 21 5), PHEH 4 FAPTEALE, PRI
fh 3 A PRRHREURIIN 8] AR I8 A 2. PR M
T3 WPFRAR N IE, YRR MEAR T 3 HITFigARid
AR, FEARRRE P AT DL T DAMIER. 2 2 108 T
VIR Bl AR R PRI A5 B 4 1 B AT A 0 o >
PERE FLA, H5 ISR [2] AOBEE, FIE 12 A5y
VPR 7P AT S5, WAL AIK A AT A (P A4 I
Zpdictle, A ) A AR INOR B AU B K PF

i .
3.2.2 SLIGLES

SCA K A T 5 A0 2 30 526 1) e DL &5 R 20l ic
KT 3 MK 4, Kb, Avg IR & I IAE R — 4
Pt B R 7 JORS LA, AT SR S5 R T

1) FELLT57E SVM IRIAREA ROt 1) 2 4k
72, WUE A e AR L 23 2R RE AR T LAt 40t
WG N STk, 1A AN IRE TR TSVM BARTE

B SCA 73 5B 20Newsgroups 1 Reuters

Table 1  The cross-domain text classification datasets 20Newsgroups and Reuters
I FEASL DA AEL
A B AR
fE% H X ik B 1%
1 Orgs vs. People
2 Reuters Orgs vs. Place THREEBFTH R FRES P LR
3 People vs. Place
4 Comp vs. Sci 1958 1972 2923 1977
5 Rec vs. Talk 1993 1568 1984 1658
6 20N Rec vs. Sci 1984 1977 1993 1972
7 ewsgroups Sci vs. Talk 1971 1403 1978 1850
8 Comp vs. Rec 2916 1993 1965 1984
9 Comp vs. Talk 2914 1568 1967 1685
* 2 Web UK (IHEEER) 7 KB4
Table 2  The cross-domain web text classification datasets (sentiment reviews)
5% Bl WA % DA A H
10 Books (B) 1000 1000
11 A i " . DVD (D) 1000 1000
12 Hazon Sentiment reviews Electronics (E) 1000 1000
13 Kitchen (K) 1000 1000
# 3 20Newsgroups fl Reuters SCA G IHREE (%) Lbi
Table 3  Classification accuracy comparison on 20Newsgroups and Reuters datasets (%)
. Reuters 20Newsgroups
Tk
1 2 3 Average 5 6 7 8 9 Average
SVM 80.20 71.35 65.36 72.30 72.53 70.10 75.40 78.00 83.80 92.70 78.76
TSVM 81.84 75.80 69.80 75.81 76.75 73.40 83.90 81.20 85.24 88.74 81.54
CDCS 88.50 73.90 64.00 75.47 69.80 82.92 64.00 70.84 82.72 90.20 76.75
LWE 83.42 69.70 68.52 73.88 85.24 78.60 87.20 75.32 88.30 94.00 84.78
LMPROJ 84.63 80.20 70.80 78.54 82.52 79.30 86.34 84.68 85.40 93.43 85.28
DASVM 87.34 84.18 81.46 84.33 88.25 85.24 86.79 86.66 91.31 94.22 88.75
KDC-LDAC 86.83 87.53 82.62 85.66 87.17 87.02 89.61 85.48 93.55 96.61 89.91
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Table 4 The classification accurancies on sentiment reviews datasets (%)

{£45 SVM TSVM CDCS LWE LMPROJ DASVM KDC-LDAC
B-D 71.29 71.52 69.33 74.54 76.71 80.47 82.10
E-B 67.89 68.27 72.30 69.10 71.29 74.32 73.61
K-B 67.72 69.96 74.34 77.60 75.80 78.89 77.71
B-D 75.69 74.84 82.30 78.70 83.65 84.29 86.33
E-D 67.81 64.51 73.00 69.40 73.20 78.92 83.62
K-D 7177 71.63 80.66 78.21 81.14 84.66 84.87
B-E 68.83 71.13 76.80 78.90 75.20 81.53 79.40
D-E 69.31 70.52 70.36 75.67 77.33 76.22 82.05
K-E 78.77 80.16 84.07 84.73 81.66 80.68 82.76
B-K 71.13 76.14 79.02 78.79 80.04 81.52 85.13
D-K 73.68 76.57 80.58 83.19 85.33 84.72 87.82
E-K 80.46 80.99 86.47 79.89 81.38 82.37 84.44
Avg 72.20 73.02 77.44 77.39 78.56 80.80 82.49

o s 5 (40 20Newgroups #ll Reuters) EHUfE  (b) Piow.
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(a) Classification comparisons on Yale with rotation
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Fig.4 Classification comparisons on Yale and ORL
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2005 HHEAEHS 61901 ASHEWT, 2 BIHhE H 6
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AN KRS H. TRECVID 2007 ¥ 8404
21532 AN ML, Lo HR FB ) Ak . BB
PR B E SR HM 60 MK MA. dT
TRECVID 2007 %541 TRECVID 2005 $#i4E
FALAT T H g5 R B K ZE 5, TRECVID %46
Xof T AT W 2% 2 LA Ik k29

2) SEEG W E: $EESCHR [29] 1R E, L 36
ANE SN, JLE S TR R 36 AN
AT AL, IR T T AR vE DL gl i id TRECVID
2007 Al TRECVID 2005 %4k 42 v 5% 5 it £ m #E
W2, Ak EC TRECVID 2005 % 5 v v S 4
B CCTV4 E A4, UL TRECVID 2007 %4
B0 B bR, a5 Dy A5 IR U A AR AL
FEA, Bl CCTVA4 BiEH 10896 /N ICHEMIFLAN. R
P STk [29] BEE, A G RRET BOHE 4R 0N 346.
M H FR AT BE HLIE B 4000 AT AR RE AR H] T
S SRR . AR SOR R A AR T3 B (Non-
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PEAN b v R 4 5 A0 b I R AR AR (BRI A
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AT HARSUER IR 2 205 S —J7 1, TR i)
Lo & S b A N B = o N 1 el [ 0 e R 5
i, PRI 10 50080 2 A7 ) B ) R K, BRI, 73
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Thttp://www-nlpir.nist.gov/projects/trecvid
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Table 5  Performance comparisons in terms of mean AP from concepts of three groups on the TRECVID dataset
including 36 concepts (%)
SVM TSVM LWE KMM LMPROJ DASVM KDC-LDAC KDC-LDAC(1)
TR 40.05 41.56 45.77 44.2 44.91 46.67 48.72 46.7
R4l 10.11 14.22 14.61 12.66 16.09 19.49 21.14 18.57
fHCARZH 4.62 17.13 13.85 16.02 16.23 20.14 20.10 18.70
Jr 4R 18.26 24.30 24.74 24.29 25.74 28.77 29.99 27.99

* 6 PrAJNESMAE TRECVID Hfli 4R ERFEIIZRAnating &) (7)) (& 2 M7 i3 KDC-LDAC #1 DASVM
TE 55— B BRI Z B B (W 2RI 1))

Table 6

Average training and test time (in second) comparisons of all methods on the TRECVID dataset (The two

numbers represent the average training for the frist stage and third stage, respectively, in KDC-LDAC and DASVM,

respectively.)

SVM TSVM LWE KMM LMPROJ DASVM KDC-LDAC KDC-LDAC(I)
PIE 1450 1478 1642 4218 1669 1576 + 178 1883 + 135 1585 + 135
HIURES 443 318 107 508 61 74 65 65

b) 514k, \F 5 i&nlF i, KMM il LMPROJ
(R INE BEAE K 2 HE B0 ML T LWE, 1X 3 W] i
BV % 18 P A OISR ) 43 AT — B0k, RS TH 0
2 EARYERE. 4N, DASVM Al KDC-LDAC H
AT LA AR U M R, (ER, (EAS R0, BT
#2757 KDC-LDAC 76 =41 36 Mt Eudhi 4 L
AP {EIR T AR TV, X 75 i, KDC-LDAC
T 3 WD 086 2% s A 3 A 1) B o /N A AT A 2 (18] Jg 6 2
HETG, BE R AT R dz N Ak AU 1] 3 Af AN DL g
A E bR 27 > eR B 258 KBS ; KDC-LDAC(!)
Tk EE T 5 KDC-LDAC ] FuA 25 > PEfg.

c) W& 6 &, SVM IlZki [k, TSVM
R, P EATT R T 5 A b 25 B g AT 2
> KMM J5 5 2t i, KDC-LDAC Il ki
i) DASVM, {H/& KDC-LDAC(l) 5 DASVM
YIZRI TR AH 255 IR 1] Eke i, KDC-LDAC 5%
KDC-LDAC(I) B &A% T DASVM, 1] B¢ (1) fif 7 2
DASVM 750 B B 75 2 — 52 (1) W] 18] T B A
%, SEISIOE R KDC-LDAC 7 2] fi AL I
(1350 43 BEARTILAE SR 2% S B B, g Ak, (45 Ul B
(12, KDC-LDAC() il 5N a) £ — e #5211
WALT KDC-LDAC, iX#tW% 1.6 i ie 1) 5ugfie
TE— RS EIRAR T ik (a5 2% 8. BRI, 2%
B RIS LTINS i) 2R FE AN 35, KDC-LDAC(!)
JIEAE S bR N B — e R SE 4 k.
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Fig.5 Parameters sensitivity

1) K5 (a) AIEH, HTASCVERE T 451X
6 g /M 27 SRR BN IEIE S 4 O R BUCRE
JE LR, B Cy A5 i B N AN R R W S
S TR Tz AR e, X B T 24
Cy P i) FE

2) HE 5(b) WI&EH, 2 X = 0 K, BP 20545

B oy AR ZE ), BT T iEANRE A A 1 4 SR P e,
BEE N B n, pret ik dstERe A A Lo, 4
A B 1, TR TVE R RE RS TR (S 2 T ),
DRI, E S B N A AR AN B 5 A 2 S P e 1 17
T, AEESH N = 1.

3) MK 5 (c) nIEH, &l sk £y w8 /NGt
P v P RE s A S Y e B 4 T4, oy Bl
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