
 

it.si
tiiiitii

tE t

1 y wTx two
0 1 1,2 N

FF.it E

Eiii iitF
g wtxi.tw Ei i li2 in

F
teigEE iE snt

i ii ii iiii.ie
ƩMiki

DuL 0 w yixi



Dal o

Fi n

substituting back into theLagrangian

1 ig X
11 É mi Eg Eiayix.tlfayixi

ftpggiiwQDPoblqi
g Eaiajyiyixixsst.io

Ʃ aigi 0

FDEEiq.az
agyiyiti

st.OsaiEV.i 1,2 N

In.si i EI
Iatn

Miss 0 i 1,2 N

i ff iiIiiif iIIii
imma.ie

w aigixi

r
riiiiiiiiiiiiiiiT.EEFF IIIii d t



Define x x2 xn Y diag yiya yn

Xx xix e f et fit I a

Granmatrix

Given the above notation
the dual SVM can bewritten at
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