Introduction to Machine Learning

] Linear SupportVector Machines
] Linear Hard Margin SVM
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@ We want study how to build a binary, linear classifier from solid
geometrical principles.

® Which of these two classifiers is “better"?
—» The decision boundary on the right has a larger safety margin.
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computes the (signed) distance to the separating hyperplane
f(x) = 0, positive for correct classifications, negative for incorrect.
@ This expression becomes negative for misclassified points.

Itroducson o Machine Learning -~ 4/ 11



m SUPPORT VECTOR MACHINES: GEOMETRY /3

@ The distance of f to the whole dataset D is the smallest distance

7 = min {d(f. x(")) }

@ This represents the “safety margin”, it is positive if f separates and
we want to maximize it.
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@ Note that the same hyperplane does not have a unique
representation:

xe X 0'x=0}={xecX|c-08'x=0}

for arbitrary ¢ # 0.
@ To ensure uniqueness of the solution, we make a reference choice
—we only consider hyperplanes with || @|| = 1/~:
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® Substituting 4 = 1//|@|| in the objective yields:

1
max —-
0.6 |0

st. yl) (<0 x")> +00) >1 Yie{1,...,n}.

@ Maximizing 1/||@|| is the same as minimizing ||@|, which is the
same as minimizing 3| 6/*:

1
. TP 2
min 5[]

st. y(')(<0,x(')>+60) >1 ¥ie{t1,...,n}.
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