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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

-
argm1n§HWH2 tn (WT(xn) + D) > 1, n=1,...,N.

w,b

y=1
y=0

y=-1
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Max margin classifier

L
argnlf)lm§HWH2 tn (Wp(xn) +b) > 1, n=1,...,N.
1 N
e Primal Lagrangian L(w,b,a) = 5HwH2 ) an {ta (W (xn) +b) — 1}
n=1
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Mox margin classifier . 1. Zan{t B i Sl

KKT conditions t(wix +b)—1>0 for n=1,....N
CanO for = 1,...,N
a(tw'x, +b)—1)=0 for n=1,.,N
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Mox margin classifier . 1. Zan{t B i Sl

KKT conditions t(wix +b)—1>0 for n=1,....N
a, >0 for n=1,....N
a(t(wx +b)—1)=0 for n=1,.,N
Derive the dual Lagrangian via 9L —0 oL -0 — L(a) mm L(X b a)
ow  db o
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Mox margin classifier ., Lo - Zan{t

¢(x,) +b) —1}

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

_ . . oL oL
Derive the dual Lagrangian via — 0 — = =0 — L(a) = mln L(x,b,a)

. .
Now, solve for o* @& = arg max L(a)
a
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Mox margin classifier ., Lo - Zan{t

¢(x,) +b) —1}

KKT conditions 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

_ . . oL oL
Derive the dual Lagrangian via — 0 — = =0 — L(a) = mln L(x,b,a)

Now, solve for o*  a* = arg max L(a) then, solve for w*, b*  w*,b* = argnblinL(W, b,a”)
a )
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Max margin classifier

e |et'sformthe dual Lagrangian for L(w.b.a =—HwH2 Zan{t (W (xn) +b) — 1}
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— =W atx =0 w= ) arX
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n=1

Eliminate w and b from L
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Max margin classifier L(w. ) = 3wl - Zan{t (Wigx,) +) -1}

N
Applying the stationarity conditions W= Z a,t X z al, = 0

n'n-n

n=1

L(a) =

i)(a) = 22[21 (i — Z,ﬁle ZTJXZI anamtntmxgxm
| N

N N o
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Max margin classifier

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

L(a) = Ynei @n = Ypot Cmei GnGmtntmX g Xm

N
ap,>0Vn=1,...N Zantnzo

n=1
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Max margin classifier N

e New prediction y(Xn) — WTXn + b > YX) = Z ananZX + b

=1
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Max margin classifier
e New prediction y(xn) = WTXn + b ) X)) = Z

=1

t(wix +b)—1>0 for
a, >0 for
an(tn(WTXn +b)—1)=0 for
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Max margin classifier N

e New prediction y(Xn) — WTXn + b > ¥X) = Z antnXZ;X + b

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

e Consider Q,

o) >0 -
o =0«
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Max margin classifier N

e New prediction y(Xn) — WTXn + b > YX) = Z ananZX + b

=1

:> y(x) = Z a,t k(X,,X)+b

mes

e Findbusing t,y,(x) =1 forsupportvectors
tn<2amtmk(xm,xn)+b> =1

meS

Z a,t.k(x,.x,)+b=t

meS
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Next

e Gaussian Processes
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