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So far in FoML

e Intro to ML and Probability refresher
e MLE, MAP and fully Bayesian treatment

e Supervised learning

Linear Regression with basis functions
Bias-Variance Decomposition
Decision Theory - three broad classification strategies

Neural Networks
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e Unsupervised learning
Q. K-Means, Hierarchical, and GMM for clustering
e Kernelizing linear Models

Q. Dual representation, Kernel trick
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For today

e SVM (cntd)

o Duality to obtain the max margin classification
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Max margin classifier

1
aurgmm§|]w||2 tn (W (xn) +D) > 1, n=1,...,N.

w,b = -—

y=1
y=0

y=-1
o
margin
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Max margin classifier
1

aurgnlr)lﬂin—HWH2 tn (Wp(xn) +b) > 1, n=1,...,N.
e =
<¥ -1 ] =
UL 5(? - Qh 0&/(3{>
e Primal Lagrangian L(w,b,a) —HWH2 Zan {t P(x,) +b) — 1}
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Max margin classifier

KKT conditions /tn(WTXn +b)—12>0
Sa,>0

o oat,w'x,+b)—1)=0
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Mox margin classifier .- b S fuwton 1)

KKT conditions tn(WTXn +b)—12>0 for n=1,....N
a, >0 for n=1,....N
a(t(wx +b)—1)=0 for n=1,.,N

: : : oL oL 5
Derive the dual Lagrangian via -~ 0 — = 0 —— JL(a) = minL(x,b,a)
ud — X
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Max margin classifier

1 N
L(w,b,a) = 2 |lw|* - > an {ta(WTp(xs) +b) — 1}

KKT conditions t(W'x, +b)—1>0 for n=1,...,N
a, >0 for n=1,....N -
a(t,(w'x +b)—1)=0 for n=1,....N L (%)

Derive the dual Lagrangian via 9L oL

U i — L(a) = min L(x, b, a)
W x,b

Now, solve for o* a* = argmax L(a)

?f.\a
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T~ T/

N
L(w,b,2) = g [[wl* = 3 an {tn(wTb(xa) +) 1}

Max margin classifier

KKT conditions tn(WT<Xn>+ by—12>0 for n=1,....N
a, >0 for n=1,....N
an(tn(wT(X/+b)—1)=O for n=1,.,N

K]
Derive the dual Lagrangian via a_L _ a_L _ T .
—=0 —=0 ) [(a)= m1bn L(X,b,a)
e — N *X’
Now, solve for o*  a* = arg max f,(a) then, solve for w*, b* w",b" = arglilinL(W, b,a*)
— a ’ 2 U
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Max margin classifier S

e |et'sform the dual Lagrangian for L(w, ——HwH2 Zan{t (w'p(xn) +b) — 1}

/e R0

oL Y
/\£=—Zantn=0 E— ./
n=1
Eliminote w and b from L
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>/

Max margin classifier L(w.b/a) = 5wl - Zan{t (WHgx,) +) -1}
N N
Applying the stationarity conditions W = a,t,x, Z al, = 0
2
n=1 n=1

N N
F(a)= LT - 2 o bt - 2 alh 1B

> n=| no ) Nl
N N »

= W (L = Zoakgixm] - b Sonk 4+ E00
b=l ! n=|

L(a) = 22;1 an, —-‘,E,ﬁ]:l Zﬁzl O O b T
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Max margin classifier

e Dual representation of the maox margin (maoximize w.r.t q)
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Max margin classifier N

e New prediction y(x )= WTXn + b > YX)= Z atxx+b

f =1
[
s
w7 C
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Max margin classifier N

_ T
o New prediction y(x, )= WTXn + b > YX)= Z a,t,X,X +0b
n=1
t(wix +b)—1>0 for n=1,...,N
a,>0 for n=1,...,.N
a(tw'x +b)—1)=0 for n=1,...,N
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Max margin classifier Vo \L
e New prediction y(xn) — WTXn + b — YX) = Z anl‘nxnx + b

T "i/%““%

D

t(wix +b)—1>0 for n=1,.,N e
a,>0 for n=1,...,N S%\X;ﬂa—\}}
an(tn(WTXn+b)— 1)=0 for n=1,...,.N -
ol WPM - /
e Consider a_ guw& A |
o >0 b‘d s (\/\Mé/\% i ter e & - 03)
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Max margin classifier N v
e New prediction y(xn) — WTXn + b — YX) = Z anl‘nxnx + b

n=1
———

Y= Y a0k, %) +b

mes

N —"
e Findbusing t,y,(x) =1 forsupportvectors

o D autk(x,,x,) + b) =1 = A e 2 Q\ _"T')(n)

meS —

/Ea t.k(X,,.X,)+b=t, }D¢' k—n MC-S
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Next

e Gaussian Processes
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