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Geometric Margin

"#$%$&$ ' Udfe margin of example %w.r.t. a linear sep. $ is the
distance from %to the plane $ ' %( ) (or the negative if on wrong side)

"#$%$&$ ' Tdfe margin !4 of a set of examples " wrt a linear
separator $ is the smallest margin over points %& " .

"#$%$&$ ' Tdfe margin! of a set of examples " is the maximum !,
over all linear separators $ .

Slide from Nina Balcan




Linear Separability

I"# : For a binary classification problem, a set of examples S
is linearly separable if there exists a linear decision boundary
that can separate the points
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Guarantee: If data has margin! and all points inside a ball of
radius R, then Perceptron makes! (R/!)? mistakes.
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Proof of Perceptron Mistake Bound:
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Given dataset: D = {(t), y(}N

Suppose: |
1. Finite size inputs: [|x()||! R
2. Linearly separable data: "!"' s.t. ||'"'|| = 1 and

yOat aty# 1, $i
Then: The number of mistakes made by the Perceptron
algorithm on this dataset is
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Theorem2. Let%xq, y1),..., (Xm, Ym)&e asequence of labeled examples wxih" R.
Letu be any vector withu! = 1and let! > 0. DePne the deviation of each example &

¢ = max0,! " yi(uax)},

by
and debne B+ 1, d2. Then the number of mistakes of the online perceptron algori
on this sequence is bounded by
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Function f : RM — Ris convex
ifVx e RM xo e RM 0<t<1:

fltx1+ (1 —t)xg) < tf(x1) + (1 — 1) f(x2)
-90.%/'0/"#1)/"#%/1"231/"4('565/"7/(-%/76#2("#/'0#$% &

I"#$%8'S ()% $&*+,-& #"#-&/,0%1

*4



"#$%8&.()

Function f : RM — R s convex
ifVx; e RM xo e RM 0<t<1:

ftx1 + (1 —t)x2) <tf(x1)+ (1 —1)f(x2)
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