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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;

T2l 1. JiMEl Vo sEeteE
Fig 1. The improved SMO leaming algorithm
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SMO THAME! SMO

Problem
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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