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A New Cross-multidomain Classification Algorithm and Its Fast Version for

Large Datasets

GU Xin''? WANG Shi-Tong* XU Min" 3

Abstract Cross-domain learning and classification involved in this paper attempts to effectively transfer the classification
results obtained from supervised multisource domains to an unsupervised target domain. Generally speaking, although
current cross-domain learning methods have obtained great successes for cross-single-domain learning problems, they will
encounter overwhelming troubles in the sense of classification accuracy and running speed when carrying out them on large
cross-multisource datasets. In this paper, based on the logistic regression model and the proposed consensus measure,
a multi-source cross-domain classification (MSCC) algorithm is proposed to realize effective cross-domain classification
for the target domain. In order to enable the MSCC to work well for large datasets, based on the algorithm CDdual
(Dual coordinate descent method) as the recent advance about large-scale logistic regression, an MSCC's fast version
MSCC-CDdual for large datasets is derived and theoretically analysed. The experimental results on artificial data, text
data and image data indicate that the proposed algorithm MSCC-CDdual has a fast speed, high classification accuracy
and good domain adaption for large cross-multisource datasets. The contributions of the work here contain three aspects:
1) A novel consensus measure is proposed, which is suitable for boosting multi-classifiers and convenient for us to develop
MSCC'’s fast version for large datasets; 2) The proposed algorithm MSCC-CDdual is demonstrated to be suitable for
cross-multisource learning for both small and large datasets; 3) MSCC-CDdual exhibits its additional advantage, i.e., the
applicability for high dimensional datasets from another “large” perspective.
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KHEGEIR N H,C,D N k x & HFF, o] LUK
B FARSCH s PR L 2B fai e

1
5 ' [F + A’ —wo)"H (w' —wo) =

LNEPNEY & L
2a Qa —1—;&
Horp, Qi = yilyjlmilT(% + )‘D)-”?éa Ezl =
aylz T [C/2 + AD — (I + \H)~'H]w,.
2k (21) S (24) &0, WA (15) 0
XHEFRIE R R AR w!, HARQE:

(24)

N L P d | gl
min 7 o Qu +;aiEi+

TLL

Z [a! loga! + (c — a')log(c — a')]
i=1

st. 0< ai <ec, (25)

Wit (12) F120 (25), fH g5 ieFRATRE T LUE
it CDdual 5skfi= (25) MmAu s, M n]
Pk w. AR AR (25) EHie X CDdual
P ) R SR A o 2

izl,-'-,nl

mzing(z) = (c1 + 2)log(ca + 2) + (e — 2) ¥

log(cy — 2) + 322 + bz

_ R |
(&3] —Oéi,CQ—C Oéi,

b= (Qa"); +alE]

—ESRH ot (0= 1,2, n!) BB (17)
SR w, FINRIER (10) 7T AT —AEbx
S RV IR H bRk Ac 1T 20 2,

2.3 MSCC-CDdual 43544

W 7 ASCE MSCC 5 CDdual
VLS AR TE B KA AR PE 575 MSCC-CDdual.
E R 45 MSCC-CDdual 5k 145 i HAACSR i ok 7
WS 4.

E3% 4. MSCC-CDdua Kfi#it12

N, ARSI SE DL, D2, DI, AN bR
S5 H bR s & Dy

WL m AR w w? - w™.

L1 (WHE). WEHH 1,60, k=1
i (k) = ¢ — ai' (k),
fori=1,2,---,n,,1=1,2,---m,
Qii' = yz‘lyilmilT(% + AD)z;!

st —c £z < e,

a =

(26)

ail(k) = min(eic, e2),

nl'
w' = (I +2H) ' Owo + Y ailyilei);

i=1

$E2. Forl=1,2,---,m
While o' (k) is not optimal
Fori=1,2,---,n}
$E2.1. 41 = ol (k),co = C — il (k),a = Quit,
b= (Qal(k)): + . (k)EL);
IR 2.2 N Gk AL AT R AR X (26), B
RRF S 3 R1G 21 F 20
7533?33 2.3. w' =w' -+ (21 - ail(k))yilxil;
'53?% 2.4. ail(k) =z1 Oéil/(k) = Z2.
For end
k=k+1
While end
Il=1+1

For end
2.4 MSCC-CDdual E:xE&E N

LA R KR 73 2 B 2 o) Sk i) 2% —
B O(N?) (N UIZRAE B BT, e AT IF A
TRMBE AR PR %, MSCC-CDdual 5%
H1 P2 IE AR B, 005 d i OB  Jmd E dme AE, IL
AMIERCN 5% 4 i) While 1638, WAIER N
% 4 v While WS For 7536, o A EAR
SRR, S R A N s, £
BRI B IEACH 5 S v P A 1) 7 04K ) e
FE A D7 U0 A ) I A ) 7P 8 2R 3%, A2 9 IE
AR w W R — AT =AP R 1) “T s
Wi WS e = '™ e = ¢ — ail(k),a =

Lob = (QL(K)): + ai'E) Wi sk (13) A1 (14)
I ARAGSK AR, 723X —F 5 1T QF, W LA S A7 A,
WO SRR ELAETHSE b AR EXH EL
C/2 + AD — (I + NH)~'H W] LS o5 36 75 6k,
RFERTAE b (I 2R O(nk) 459l O(k) H
1ok AR MR R ERL. 2) Bk 3
T 1) B0 SR AR MRS SCHR [13) /23 B JL I TR) 52
ZRBEEH O(1). 3) 503k 3 AU B HIE I
e k1 _ ) a, FE A0
T 20 = Yd , I ek
T AW AEVE LR T S RIE A E 1 5 5t
IS IR] T4, o6 BRESCR [13]) o 1) 23 B LI 1) 52 2% i
JO(1). R v € SRk AX While 1213548k
iﬁj}n M, W MSCC-CDdual 532 ¥ 1 7] 52 2% 5 4y
O(>_ (M x n' x (k + #Newton steps x O(2))) =

=1

NgE!

O((>.n') x M x (k + #Newton steps x O(2)))
i

1
Horp ) #Newton steps A A4 WEATE 111K
5 SR [13]) g BARRL, I AELAE A SR T K
ZHRGOHUT N 10 WSS KL MSCC-CDdual H i
() 53 2% B2 FH I 21380 ) FE A BEASE 2 N e MG R, IX
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YWNZ SRS & T RREA R L I 5. 5 24
[17& MSCC-CDdual #&47 53— M i, e &
A% 5 b Pk e H AR AR I YRR 1 RO,
T e g R . AT 3 19 oy ok
17934

MAJT i MSCC-CDdual s&—Fp- I 2% 2]
Sk, AT R HOH EEBIAT e B SR i A AT
WeATdt AT TXE T AFRATERIIASHE —4
P58 ) MSCC-CDdual HkHEAT HLEL, 7EIX G O
THI A AR R O(nx M x (k+#Newton steps x
0(2))), n R4 b5 25 1 5 AN U5 3 5040 A2 A
MSCC-CDdual 53 1 I ] 52 2% FE 2 2t 18 /) T3
A1 S3VM (Semi-supervised support vector ma-
chine) #V2: syttt coep (Concave convex
procedure) 8! R ] 5 42 O(ng,” + (n+1u)?), 14,
N AERE, n AW A TR RIREAMAEL, « IATNA
FREEIIFEARBL. 5340 3 Ml B 2 2] 5 TSVM
(Transductive support vector machines)*?’, SGT
(Spectral graph transducer)2°), CoCC (Cocluster-
ing based classification)®). TSVM F1 SGT ]
HIRER O((n + w)?), 4 n BRI, Hnf a5 2%
M2 & T MSCC-CDdual. CoCC [ a1 & A% &N
O(n x T x (k+2)), Hr s RKIEA B H 0T
9 10. S5 28 MSCC-CDdual [1432kE B2 m T
CoCC M7 KGR

A RATE — S AR R LN RSkt
T VSPVMPT AT eSPVMPH i () 52 2%
BN O((n + u)3), TRON (Trust region New-
ton method)® [{II A1 22N O(M x (nk +
#Conjugate gradient steps) xnk)), LBFGS (Lim-
ited memory quasi Newton implementation)?4 ff]
IS4 BE R O(M x (n 4+ m)k)m EHEE 5. %
bt & 3 MSCC-CDdual 1247 18 fE W WAL T Bk &
W, GG KPS Al e B s 5. A PR A -
Ry SIE5 vh EAT B8 UE R 53 A

3 RBERRHESH

FEAS o A T e N T8l SR M S gl AR 56
UESR A S R, B S o — 7 2K
W, ARGt T DUt 2P 3 AR (R 2 M 2 )
FARSCAE AL .

3.1 KRARSHER

ARSCEER Proe Bk e T =4, SR H B
A1 L ER AT T XL B, % g ) MSCC-
CDdual A5 F & — Bl ) K RE A 1R Dk 5
QU R S, EX AR a1 2 s
A7 (CCRE FI CoCCPY) L B 2 i 8% 4 1%

(TSVMUET F1 SGT20T) B el e A AR 2 245 H e
1] U BR B R 590 (TRONES! il LBFGS2).

S N TTH s, EER IR EE I 7 2K
R FSE OO R RE AR K ) PR i S ks 5 — 4155 R
SO LA AR, )BT A ) S Uk B A
KEEARKAE, 75 TSVM. SGT. CoCC. TRON F1
LBFGS SEMEAT T AT HL A #r. 28 =41 0 2 Y5 H
P 5 £ i AN PERAG Ak BRI o5y 43 B %) A R AT SV
Uk, SEEGFAEE: Intel Core 2 GHz CPU, 1 GB RAM
Windows XP, Matlab 7.5.0.

P T A PR T S B B A 2 Ay B Al RV
BOE 1), R T B X S E i AR A e b B . P A7 S 5
K H Z AP . — 4L B AR e, pra 3
P BB A N TE s AL al L s Bl 4, AR #
HIESP RS, EH R oy AR IE R A
HARENMEN) B RN, 522K XXar ok
JE ARSI AT AR ) 4 NFR A Ary -, Ay,
By, ,By. ¥ Ay, Ay 5 By, -+, By FIPIBENL
REHMEIE D = A, U B, (TR dl & #b20A
[[]). fEECHYE D Rl 4 419E g s o £t Hrp
=AW ESE D, = Dy, -+, D} (KI), 55—
HH s B 2 b % B PEAE 0 B bR i &4l D, wf
%DXﬂL? Al,"' ;A4, B1,"‘ ,B4 *ﬁﬂuﬁi 96
(4 x P3) Pl &7 2.

H TR PSR EAE Y Sk B b I SIOH ) AR
RS R HEAES S w 1) A% 2 7E” RDV
(Relative difference of value) 1 b i & Hik I Shd
FE () — B EARER, S ER RN

B PLR(,w*) _ PLR('w)
RDV = — 5

For, we WRACAR, w bR AR R o 0
PR (w) 152 XBHR (2).

95 HORS FE S S0 25 LA T B b B4 S
FAMHIE X, Bder

IEHf T FFEA

H T AESREG S R A I, fE—dlsei ik e
BB HOF 10 IRBHUELT G, FHBMES 280 1,
YIS ] Training (s). 75248 H 0 & 7EH VL LR
TRON H1 LBFGS & MR 0 KFE A B ks (]
PERY (R0 BT B AR0v2:, AR B FEAS S KR A 5 4
RS, AT HOIX P %S MSCC-CDdual
HEAT R, 2 EEH 1 B A IS . Y 4h,
TSVM. SGT. CoCC IXHeA i i P 1 %5 Atk 47
15, BERSTAM LI T A S S0 1 — 2 Y5
s DY, .- D3 S — AN 5.l b

x 100 %
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A LR B MSCC-CDdual [ SIGH 5 A3 2K 46
R VA A7

fifi MSCC sEih 2% ¢ weh 1,
B RIEAR KL max WE A 200, RZEBIME ¢ WEAN
0.05, iTHf MSCC-CDdual S2¥: i 2% ¢ #E N
—1, 1,8 43 E AN 0.02, 0.06.

3.2 AIHREEENR

N T8 R = 2 XU g ke B, Xt — A
NP YN NS DINGIETE o vas Rl RPN INES RV
ik AR x,y, 2 AR B 2 AR
MRS L) RO T R TR A

x = (k0 + o) cos(6)
y = (k6 + a) sin(0)
z=10

Horp, kN o 2R, 22 AR AN R ;6
e LUIEE N SR AR £y BN B A o, W45 21
AR R e 2. IX BRI 4 AR EL, i o,
o~ IAFRIIUER X 2 ISR, RARS 8 e Wk 1.

FHEAREZR W 1 . U8 1 (b) ~ (d) 4l
NI ESE DL, -+, D2, B 1 (a) O H bR EE
Dy, £ 0 Jy (0 ~ 107) KIVEH NIEBFEAR L AT
WX MSCC 1 MSCC-CDdual 132 534 % (%5

(27)

INFa]), FRATTBENLIEIRGH 2 1 (a) 241 2000 A5
YE4 H AR, JEE R — N BEHLIE L 1000
£ 150000 S5 R dEAT SE 8. fEsEaG it fE ke A
WREME N 5 (B E N ). &2 BT AL
PHAE N CCR, M SCC il MSCC-CDdual [£)°F-3)
WIZRE T RSP 38 20 RS X b R 2 T LR
YR E i FEAS KT 10000 B, MSCC AT CCR
RO TEIE T (WL “—7, Matlab A7 HUAT %),
M MSCC-CDdual Sk IB1T#EL 2 AT 505
BN, EREAZR B /N, MSCC-CDdual 217 #
fE CCR H1 MSCC 1%, (HREEFEAR S B3GR,
AT 4000 B, JLPRE p LAt ae AR HL
BN . A MSCC-CDdual 5 CCR #i1 MSCC
TEREARR D B A 20 RS B L (A 30 oAt
S SE WRUE AME R FRiE), Bl MSCC-CDdual
WA A AL R 1T

® 1 ORURTESHBOE
Table 1 Four groups of 2-spirals
415 k at o~ 6
1 4 400 10 (0, 107)
2 4 300 30 (0, 107)
3 4 200 50 (0, 10m)
4 4 100 70 (0, 10m)

1 080 0
iooo 0% 1000
o 0 7 500
y 2500 y =500 _
-1 000 -1 000 X -1 000-1 000 200 X
(@14 ()24
(a) Group 1 (b) Group 2
404
40
304
30
204
N W 20
104
10
05
1000 Lo
500 1000
0 1 000
0
y =500 -500
. < y =500 500
1 000-1 000 x -1 000-1 000 > X
(©) 534 (d)5E 44
(c) Group 3 (d) Group 4
K1 e UR e

Fig.1 Four groups of 2-spirals
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Table 2 Training time of both algorithms

Hidla CCR MSCC MSCC-CDdual MSCC CCR MSCC-CDdual
BE IR T (s) IR (s) ERNIENC)) DINEEL (%) SRR (%) ARG (%)
1000 0.73 0.60 0.79 92.23 91.09 90.64
2000 0.86 0.81 0.84 93.62 92.31 91.18
3000 1.07 0.89 1.02 93.39 92.47 91.21
4000 1.93 1.09 1.25 93.43 92.51 92.15
5000 3.56 2.12 1.33 93.55 92.64 93.06
6000 6.94 5.89 1.45 93.97 92.73 93.11
8000 12.98 10.49 1.67 94.71 93.27 94.26
10000 - - 1.72 - - 94.79
40000 - - 5.90 - - 95.21
80000 - - 11.41 - - 95.28
100000 - - 13.55 - - 96.62
120000 - - 22.82 - - 96.82
150 000 - - 31.96 - - 97.73

PR R Z K. 1XRW] T MSCC-CDdual 545 iE
FI T REA B0 1) Bl SO T KRR Bt i 1 2
W) {5 7% MSCC-CDdual I [H) 5 % BEFIFE A LR 2 3
(AT

40

35

30

25

20

CPU time /s

15

10
5 A

[
OO

5 10 15
10~* x Size of data set

Bl 2 FEAHE S a8 SN Te)

Fig.2 Training time of MSCC-CDdual vs. data size

A TVl MSCC-CDdual SH5AE KR AT i
ST E RN 73 RS, BRATTRE FL 5 9 A1 P R A6 KR
KB IRs E A ) TRON A LBFGS Skt
T T AEESEs. & 3 o TN SE T AU ZR i [a]
5 RDV Xftt, & 4 Bor 7 AFESEE T I ZRin (e
Rt B3 RE 4 ) se g — 41
BRFEA AL 0 15 1, A BOEMHA 5. A 3 A

Kl 4 draf PLIE & 30 A — i Z) MSCC-CDdual #H
tt TRON A1 LBFGS H 5 /M RDV FIEE =i 43 2%
A1 TR Sl it TP

10~
—+— MSCC-CDdual
—&—TRON
1024 % —&— LBFGS
AN
oy
‘ 'R -
10-3f ezl X
> ! \
= T
10t ‘
\ \ ¥4
b \
1054
| '\ \\
10-6 L \ | \

0 10 20 30 40 50
Training time /s

3 AFEVET RDV Hig i [H
Fig.3 RDYV vs. training time

1E MSCC #1 MSCC-CDdual &k, 40 A
ST — SR 73 RS B A IR, 36 3
Hth T MSCC-CDdual 4yl AR 10 T,
A ARV B 5 34 70 RS B R0 B G & MSCC 5
ESEOT L, HgE 85 MSCC-CDdual &L
WU EEER 3 ALY N BUEYEFAE 0 2 3 1,
MSCC-CDdual #5470 K28 10— e on, BAR
X 25 IR 20 RS FE AT /IR R B, (0% B H bR



3 g S e 2 U U 73 SR PR 541

SR RS BE RN 2R B R E (R ALK (9)) #B
FAE, N IKE 5 NEEER R . N HUE 4k
ek JUEAE (> 10)) MSCC-CDdual 534 H
I “iE—BE” (Over-consensus), P 5255 8 A [F]
Ir AR — B S BEE R ARG W N . 2R
BRE N BUETER RELE 3 2 5 70 R i
(E R SV PR NETE 4 €125 B N D DN VR L
WAL, AEIX A —— Ui ).

%

100
95 B //*- F—4—#
r el =
90 J /@ #
/ //
g5 / / S
& 1( /@ e
g -1 T
3 80 + e P o
:E) & o a/
75
70
—+—MSCC-CDdual
65 —&—TRON
——LBFGS
60
5 10 15 20 25 30 35

Training time /s
Bl 4 AFREE TR S S
Fig.4 Classification accuracy vs. training time
N SHe 8 N
4 XARTHEEIELR

SN I U ST I i 2 T A S | A = S R
TSVM. SGT 1 CoCC LL A PR XF KFEA B A

JorRE IR AR [ 5795 TRON Ml LBFGS #H47 L E,
Al LB Bh AT ¢ MSCC-CDdual 5HykAE s3I
S5 S0 i 5 LA SR I 22 0. B SR B g Dk S
AREHEEE 20 Newsgroups! Z 545 HAT 2 IR S5,
ERTERNE AL 7 AT, X T AT, K
AT 20 A2, FRATIERE comp vs. rec, sci
vs. rec, talk vs. rec, comp vs. talk 4 FACE5H] 4
I, AT R AR IE SRR E O SR TS, R
B AR 4. P B AREA 07 L 3.1 715

h T PR R — B A A 5 RR
TER LTSN ATIER. X R talk vs.
rec FR AT BB (LA HLEL), B
WG R

h TR SER R & A E, RATE A E N
MSCC F1 MSCC-CDdual -S4 N M HEALE.
X EFE talk vs. rec HEATSEEG, MEER 5 vl LUK
N BUE 0.1 W76 RS FE S, A RD A S e, 3
Al 2H 531 52 56 45 RS IX A1) 28

XTHRER 4 AF— PP I 4 5 # v M3 96 B
(4P%) VsIRAE R AR B ARSI A . FATIE R
TSVM. SGT F1 CoCC, 3 P4tk - I & 5k 5
MSCC F1 MSCC-CDdual #4777 g, K 5 FE 6
M 96 AL S 4> SR X EL P A R — AN Y BE AL
FhE 8000 -4, HARBBEHLHE 1000 %%
P, K5 M 6 HhREARERh 96 FhEUR ARG &, PR
B ok 54 R RO RS B, LB A H bR e bR 2815
MERTES 10 Kot ERFE. RE MSCC

K3 SHEEBSRER

Table 3 Classification accuracy of MSCC-CDdual with different A

h' SyIHEEE (%)

h? 53K (%)

h® 3RS (%)

A LROREIL (%)
D, D, D, D. D, D,
0.00 83.17 75.51 82.90 73.65 85.49 79.65 76.27
0.20 85.08 95.93 84.04 92.23 86.46 90.43 92.23
0.40 86.84 96.59 85.10 93.09 87.13 91.03 93.15
1.00 89.19 97.71 87.23 94.53 88.62 92.64 94.55
2.00 90.58 98.30 89.40 96.05 90.23 93.82 96.06
3.00 90.79 98.35 90.44 96.41 91.18 94.53 96.43
5.00 90.46 98.20 90.87 96.59 91.78 95.11 96.62
10.00 87.76 96.86 89.31 95.94 91.32 94.67 95.94
15.00 85.50 95.96 87.66 94.90 90.28 93.85 94.90
20.00 83.50 94.80 86.44 93.99 89.46 93.29 93.99
50.00 78.11 91.44 82.70 91.02 86.70 90.73 91.02
120.00 74.58 89.11 79.99 88.97 84.73 88.84 88.97
300.00 72.72 88.11 78.70 88.08 83.52 88.02 88.08
500.00 72.22 87.79 78.13 87.79 83.25 87.72 87.79

'http://people.csail.mit.edu/jrennie/20Newsgroups/
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Table 4 Root categories and sub-categories from 20 newsgroups

HAR A BE Ar,- Ay

Bl:"' ’B4

comp.osmswindowsmisc, comp.sysibmpchardware

comp vs. rec

comp.sysmachardware, comp.graphicst

sci.crypt, sci.electronics

sci vs. rec
sci.med, sci.space

talk vs. rec

talkpoliticsmisc, talkpoliticsmideast

comp.osmswindowsmisc, comp.sysibmpchardware

comp vs. talk

comp.sysmachardware, comp.graphicst

talkreligionmisc, talkpoliticsgun

rec.motorcycles, rec.sportbaseball
rec.autos, rec.sporthockey
rec.motorcycles, rec.sportbaseball
rec.autos, rec.sporthockey
rec.motorcycles, rec.sportbaseball
rec.autos, rec.sporthockey
talkreligionmisc, talkpoliticsguns

talkpoliticsmisc, talkpoliticsmideast

x5 SHOEFHHHEIR (talk vs. rec)
Table 5 Classification accuracy of MSCC-CDdual with different A for talk vs. rec

h' SYIHEEE (%)

h? SyIHEEE (%)

h3 22 (%)

A LA (%)
D, D, D, D, D, D,
0.00 96.49 78.69 92.58 78.10 92.58 77.62 78.12
0.10 93.51 81.30 81.68 82.33 80.79 80.48 93.83
0.12 93.53 81.39 79.98 80.79 79.38 78.74 92.93
0.15 93.77 81.83 77.84 78.91 75.51 75.78 87.83
0.18 94.22 83.13 75.00 76.67 71.36 71.66 85.92
0.20 94.52 83.78 72.63 74.48 67.54 67.68 84.70
0.30 96.18 88.70 61.95 63.94 55.28 57.03 77.58
0.40 96.90 91.18 50.76 52.98 37.43 39.84 68.40
0.60 33.94 86.72 28.03 31.65 27.90 31.65 51.12
1.00 23.67 63.87 28.03 31.65 27.90 31.65 31.65
2.00 10.34 31.65 28.03 31.65 27.90 31.65 31.65
3.00 10.34 31.65 28.03 31.65 27.90 31.65 31.65
5.00 10.34 31.65 28.03 31.65 27.90 31.65 31.65
10.00 10.34 31.65 28.03 31.65 27.90 31.65 31.65

1 MSCC-CDdual 7 HLH Sk 7 R BE fe . X
F P K MSCC F1 MSCC-CDdual & HEH% & T
BB A I 22 5k, 1 TSVM. SGT 1 CoCC A1
WA S EIX— 5.

T KB MSCC-CDdual 570 KAEA SC A%
P RS B FORS B2, FRATTIE R comp vs. rec B
KAHAT FL L, B HARR R W3R 6, T
BRI UG 414K/, HERECh 1000 JE%F4L
5. B 7 BoR TARRFSEE T RDV 5 I ZRI [a] )%}
e, B8 WoR TR R 4 JKh B 5 I 2RIt [a] 1)
XpLb. Mg 7 FE 8 T LU IRl —i 2] F MSCC-
CDdual #tt TRON #i1 LBFGS ) RDV 1 ¥ /N,
Iy RGBS v, SO R, X 2 MSCC-
CDdual 574k 7 CDdual SEE ek vk, [ i
H B8 T PRI AT 2 IR 22 . AR 45 Sl mT L

TESE 3.4 5 SLH o g2 5]
4.1 BEMSIRANEEELE

KL N T REox MSCC-CDdual £ 7%
5B e Y 2 Sl UK 23 2 5 I Ak BE e ),k
BAEEE 2.4 TP s, XA SEE B A T2
B2 v e K B B R A JE i B MSCC-CDdual 1
5 A o o). B AT # MSCC-CDdual 5
Tl Bt 0 KRR A 2 25 3 e [ A A 2R e 52 T B 5
% TRON Ml LBFGS #AT T X th. AR
M http://wang.ist.psu.edu/docs/related.shtml
B AR B E ZBEEN AT 2 AR K,
WP KN PRI AAE R TR Ak
Traffic, Flower, Animal, Food 4 KR EAEN

DRHEb, BANMREFTLE 4 4HTK A
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TRAE AL IR B L0 Pk 128 x 96
R, Hx Ny Al k7 B9 R
7/~ Traffic KK N &4 Ttaffic.plane, Ttaffic.car,
Ttaffic.boot, Ttaffic.ballon 4 4~ 2%, Animal &
X N ) Animal.dinosaur, Animal.elephant, Ani-
mal.horse, Animal.lion 4 4~ 2. RJF#H 3.1
PR D7 R RSV A R AR IR, ST S5
SEAE B AR AT ARG B o2k

% 6 comp vs. rec BlifHiA
Table 6 Comp vs. rec data description
comp 220 rec El22 871
Osmswindows 83848 Motorcycles 84174
Sysibmpc 74842 Sportbaseball 96 486
Sysmac 69264 Autos 86 354
Graphicst 97 260 Sporthockey 95 386

BT RACSG ALl 2] B AL K
BRI TR Ay, oo Ay 1By, -+ By
R, IRJE A S G SR AN H bt 3

1002

95k

N RN NI,
PVt e AT
2 sofigs M

&

\1

N
3
3
X
A

PN
(=}
T

—+—MSCC
—=—TSVM
2l +—SGT
60 CoCC
0 10 20 30 40 50 60 70 80 90 100
Problem instance
(a) comp vs. sci Fdhi 4 56
o (a) comp vs. sci
%
100
95
90
2 85
£
g 80
<
75
70 —+— MSCC
—=—TSVM
65 +—SGT
CoCC
60 1 " 1 L " " 1 1 x
0 10 20 30 40 50 60 70 80 90 100

Problem instance

(c) sci vs. rec Hod 41 S5
(c) sci vs. rec

PR R H BRSO A SIS AR S8 2 T IR AR A
HRN, BEREEAT S5 & 10 H AR 34T AR 4
AR 2R IR A R T A B R RN
128 x 96. MEFE K R AEIL 87 ik J& PEAE, I
AL 36 4R BT T KIS PERS R0 51 4E L EE
L7 B RS ILEHR AR AN 3% 7.

S5 () s 5—4E, 148 E S MSCC-CDdual
FVREBEAIERNSH . X P EFE Traffic vs. ani-
mal 1EN S EOEFE 3 45 M 5 (LR 2
HAEFHERL), £ 8 TR R TR N R 0.3 1,
CRE o RN FEIE B s KA, P DL F A8 AE b A
1.

*£ 9 WAREEG»FEAE T MSCC-CDdual,
TRON H LBGFS =Rl S35 15135 73 K5 B A~
B g ) L xs b, MR 9 Hrm] DUAR 2% 5 A I
MSCC-CDdual A Lt It B A Wi (o] Y 52 74 4
TEIRA 5 0 I S s ) R e v 1 o SRR RS .
NHEAAR SIS THEE. BRI s o
eSS

Accuracy
(o]
(=4

751
70 —+MSCC
—=—TSVM
65 +—SGT
CoCC
gol—
0 10 20 30 40 50 60 70 80 90 100
Problem instance
(b) talk vs. rec A4 41555
% (b) talk vs. rec
100
95
90
85
by
£ 80
3
< 75
70 —— MSCC
—=— TSVM
65 ~— SGT
CoCC
60
0 10 20 30 40 50 60 70 80 90 100

Problem instance

(d) sci vs. talk £ 21 5250
(d) sci vs. talk

5 96 HXf LG ER (MSCC)
Fig.5 Classification accuracy of the four algorithms with respect to 96 problem instances (MSCC)
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Table 7 Root categories, sub-categories, and number of samples in the image dataset

Traffic Flower Animal Food
car plane boot ballon aviation rose louts tulip dinosaur elephant horse lion fruit bread meat drink
FEAR 100 100 100 100 85 100 66 100 110 108 122 105 98 82 103 125

4i¥ 87 87 87 87 87 87 87 87 87 87 87 87 87 87 87 87
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Fig.9 The sub-category images about Traffic and Animal

*8 ZHOEFESHHKER (Traffic vs. Animal)
Table 8 Classification accuracy of MSCC-CDdual with different A

A R 3 HERE (%) h2 535 (%) h3 73K (%) LA IR (%)
0 82.80 80.84 79.89 80.94

0.15 94.00 90.00 92.00 92.00

0.3 96.00 90.00 96.00 96.00

1.5 94.00 74.00 88.00 86.00

3.5 92.00 89.00 85.00 83.00

5.5 80.00 72.00 83.00 79.00

RO PRI SRS L AN RIS (A X LE

Table 9 Classification accuracy and training time of three algorithms on the image dataset

Kol MSCC-CDdual LBGFS TRON
KL (%) NI (s) IR (%) YIRS (s) DIHEIE (%) PRI TH] (s)
Flower vs. Animal 92.33 3.3153 87.47 6.2385 89.66 4.5702
Traffic vs. Animal 96.06 3.4370 91.86 6.3126 93.97 4.3410
Flower vs. Food 86.28 3.5448 82.61 6.5768 84.94 4.7706
Flower vs. Traffic 83.37 3.4102 77.41 6.2210 79.81 4.4766
Average 89.50 3.4262 84.83 6.3372 87.09 4.5396
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