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Abstract

This paper proposes an improved SMO solving a quadratic optmization problem for class
imbalanced leaming. The SMO algorithm is aproporiate for solving the optimization problem of a
support vector machine that assigns the different regularization values to the two classes, and the
prosoposed SMO leamning algorithm iterates the learmning steps to find the current optimal
solutions of only two Lagrange variables selected per class. The proposed algorithm is tested with
the UCI benchmarking problems and compared to the experimental results of the SMO algorithm
with the g-mean measure that considers class imbalanced distribution for gerneralization
performance. In comparison to the SMO algorithm, the proposed algorithm is effective to improve
the prediction rate of the minority class data and could shorthen the training time.
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main_routine(S, a, b){
alil] = 0 for all i; b = 0;
numChanged = 0; examineAll = 1;
while( numChanged > 0 || examineAll ){
numChanged = 0;
if( examineAll )
for(iin 1..1)
numChanged += examineExample(i)
else
for( 0< ali]l < Clil) // non—bound A|A|®E] i
numChanged += examineExample(i)
if( examineAll == 1 ) examineAll = 0
elseif( numChanged == 0 ) examineAll = 1
}
)
examineExample(i){
if( y[i] = +1 ) nominee = neg;
yi = yli]; alphai = alil;
Ei = SVM output on X[i] — vyi;
o= Ei* vii -
if(( ri < —tol && alphai < C™ ) // tol = 107°~107°
|| (ri > tol && alphai >0 )){
if( a non—bound support vector exists
in alnominee]){
j = IMAX{j in nominee} | yiEi - yiEi |
if( takeStep(i,j) ) return 1;

else nominee = pos;

}
for( j in 1..1)
if(0 <alphalj]1<C[iI){
if ( takeStep(i,j) ) return 1;
}
}

for( j in random(1,1)) // 1..1614 <] j& A=
if( takeStep(i,j) ) return 1;
return 0;
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Fig 1. The improved SMO leaming algorithm



E7d dolg &5 A% AAYE A s 15

VI. &%

0

UCT Aol BAIZSE AAR] old 25 BAE 7}
A3 SMOS} AQke Yuelze] 8% AnE wasid

Comparisen of SMO and ISMO

)

T2 2 XX [He] &9 of
Fig 2. SWM leaming example with linear kemel

B

12 FHE A9 34 diole9] 4= Pos, $4 dlo]E]
o] & Neg, B7¥ HIE Imrate’} AANEJTE  Imrate©]
50737100714 thkstAl v, 7Y e 34 HolHe
Letter70 2 85 dlolE2] oF H0%olch 273 dHoJEe]
w7 ojal= 5 dlolE tiHl o 50727.0%2 TAHCE

1. UC #HIX|oRY Ho[HZFE ol 2F =H|

Table 1. 2dass dasdficaion pdders from WD benchmarking
data
Problem Pos(%) Neg(%) Imrate(%o)
Glass7 29(14) 185(86) 16.0
Letter7 226(5) 4.774(95) 50
Vehiclet 21225) 634(75) 30
Wine3 4827) 130(73) 370
BalanceBR 49(15) 283(85) 170
Aault 305(25) 1,210(75) B2

g e T4 2 Bne 8% IS E WIS
[

r
=
2
8
o
)
N
rol
K
i1
o
o
N
=2
>
N
rlo
oll
o,
g

7l Bl spspecificity) 2FE AXtELE ® 29 wxt
Ho|B2RE s¢ sp, g-mean®] B7F= 4 (4)9F 2tk

se=TP/(TP+FN),sp= TN/(TN+FN) - @

g—mean = v/ se*sp

H 2 WAE0IEE ol8st o7l 2F 2ol & Fot
Table 2. Leamning evaluation of a 2-clss classification
problem using confusion table

I
oy e
o=
=3 ™ P
=y N ™
E 202RE QFS(earor rate) er, ZE(accuracy

rate) acc, PR(precision-recall) % H7P} 7Fs3dcH19).
recall-2 spo} 2tk
B FP+FN
T TP+ TN+ FP+ FN
acc = 1—err
B TP
pre= TP+ FP

o BRske Wl 22 AMSHE 0Red 4Eee

7Y 7 2419 S W7PE AR AHskA] otH4TL
o= B0z Q1% g HolE7E ke 14 Fe

A7 SE 2 2 e[S w2 LS 1A Wl
K

o g-mean® ¥t Al Bl APk AR

I 19| A HZEdA sty Ge 105E dAldL
2 A 2R oH 71 B ABES W SerEE )
¥ SMO 8ls5e] HIZElA 24 Fef2=o] gejvle C=2
At 4 Fulzy gy Ce CRY 14 T
A dEFgo] ¥ CFHS APt Y3 HAES 95
RBF A3 Adsla o=/= st

¥ 32 F 19 EAol g SMOsH A3 L)) u)
A ARE st sEE ¢ C, ¢, IR g Bol®
sp, g-mean G, 22JAL 35 48 AR 0® A EU
SMO9] &g Arh= T35 74 dHolEe] dEg o7t =
o] yeht sikrE He] Hwo] I FElzol 719 A
o]E]e] 3t BF-& seo] AZalth ANE SMO9 Anzi
] se?] d&&o] Eolx FAHolEe] g Fgrr} SMO
B} =4 7RI oleidt Avks Bty ulolEY gy
A sl 35S Eol7] Ysire S lE Y 5
Eole Yol H™site A7E#I517]9 SYst
o B3 tloJg] SgellA] ME o2 At ko] AMge] &
7} Ak




16 W FE A e W k2010 7)

H 3 SMOet Mokl e [Ee| Hiw
Table 3. The comparision of the SMO and improved SMO al[1] gorithms

SMO THAME! SMO
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C se P G t Ct C= se sp G t
Glass7 3 086 100 08 15 5 3 100 100 100 10
Letter7 5 000 100 007 475 10 5 013 100 03 259
Vehidet 3 100 09 09 25 5 3 09 1.00 09 2.1
Wine3 1 091 0% 0% 13 3 1 098 100 09 18
BalanceBR 2 100 100 100 34 5 2 100 1.00 100 23
Adut 5 0 100 0.14 34 10 5 004 091 020 29
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