Lecture 11: Support Vector Regression, Dual,
Optimization Algorithm and Kernel Trick

Instructor: Prof. Ganesh Ramakrishnan
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Formulation for Support Vector Regression

o minsee LIwl* + CYE+6)
s.t. Vi,
yi—wlo(x) —b<e+&,
b+ w'o(x) —yi < e+ &,
£, &0 =0
@ Let's consider the lagrange multipliers «;, of, p; and p}
corresponding to the above-mentioned constraints respectively.

Consider Support Vector Regression Applet at
https://www.csie.ntu.edu.tw/~cjlin/libsvm/
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KKT conditions cha\) Regyr /fsis”"w.%‘z;s +b

o Differentiating tbe Lagrang|an w.r.t. w, A 1)(90 ip(ﬁf-’(a)
w— (X)) + afp(x;) =0 ¢
e w3 (o a})plx) =7 oc; =0

o Differentiating the Lagrangian w.r.t. &,

C—ai—p=0
ie. aj+pui=C M= C-of
o Differentiating the Lagrangian w.r.t £/,
af +pi =C = C—p(:-
o Differentiating the Lagrangian w.r.t b,
>oilaf —a;) =0 =
! 2 0= A= C

° Complimentary slackness:
ailyi— whé(x) —b—e—

151_0 B (C'K)i =0
a?‘ib X; —e—&F) = » &
M;‘gjio ) - W)= CCﬂ()é =0 .;M "¢
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Conclusions from the KKT conditions:

f 8,70&+0
S0 52,20 S WP b= € £ - when

x; t¢ "above” band and Mot 0[w

aily; — WT¢<XI') —b—e—¢&)=0

ol P) 7€,
QAbrwolb) —yi— - ) =0 e, L

=7 f A:>0D t!i'wf¢[9tr‘)'f=€+5: bano\‘ and not o
) b-rw'TpS(z.-)—-th( et é
S\rmla-{\j)'? >0 2 ;=0 es e
o ey -0 (et 15,580
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Conclusions from the KKT conditions:

o; (4e- yﬁb(a)‘b ¢ &) €(0,0)=? C-d & (O»C)
Ji- 1?3(13'»‘&*%} (E%,-)g,:o:? &:=0
‘;,‘o,{é(g c\f“ band 0.0 C-ate (0.0
Senlady: <3‘—%7>§7=0:»? 2.=0
A:€ (0.0) for

{mn\; ON (A &;O.V\A

wio H‘_fﬂ
= O jo
By dtmma-hm O(t:)m‘:f:q -t‘nz.'Fé \otonA
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Recal)

o KT condihr)
w= S -o) P2

4®) - w¢¢(x) tb

= T(#-o”) ') () +b
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@ The primal objective and constraints are convex = KKT
conditions here necessary and sufficient and strong duality holds

o w=> " (aj— )C)(X,) = the fmal deC|S|on function

fix) = %Tg( x) = Z;_ o —af)oT (x)o(x)+(€ JJJ:ZE( »(.);'—(jg

@ The dual optimization problem to compute the a's for SVR

MaXp, ot — = Z Z —Q; o' (x)o( Xj %ﬂ sorft

ot
1.c@)

—€ Z(a; +aj) + Zy,-(oz,- —aj) @_(0‘
s.t.

» il —af —0} KKT Cd‘ﬂskdm\s

» aj,af €10,

o We notice that the only way these three expressions
involve ¢ is through ¢" (x,)¢(x;) = K(x;, x;), for some i, j
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