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Perceptron Algorithm

Perceptron Mistake Bound Theory
A Background: projections, distances, and margin
A Proof of mistake bound as an example application

| Computational Complexity
A How fast is your code/algorithm?

A Counting operations
A BigO
) A Complexity classes




Perceptron Algorithm
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Perceptron Algorithm: Example

Example: ( pk) x

(ptT)
(plp) X
( pho)
( ph o) X
(ph p)

Perceptron Algorithm: (without the bias term)
A Set t=1, start with alzeroes weight vector0 .
A Given exampleaxn predict positiveiff 0 Tt 18
A On a mistake, update as follows:

F Mistake on positive, updata) N 0

F Mistake on negative, update) N 0

Slide credit;: CMU MLD NinRalcan

O U0 (plr) phg

, , X §

v U (phD) ch p
6 ( pRY%) b

wc,=~(12\+(: N -C1-2)



Intercept Term
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Slide credit: CMU MLD Matt Gormley:

Q:Why do we need an intercept
term?

A: It shifts the decision boundary
off the origin

Q:What should happen to b
during the perceptron algorithm

A: Two cases

1. Increasing b shifts the decision
boundary towards the
negative side

2. Decreasing b shifts the
decision boundary towards the

positive side
5



Perceptron Algorithm
Sketch of algorithm
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Perceptron Algorithm

Learningfor Perceptron if we have a fixed training dataset, D.

Algorithm 1 Perceptron Learning Algorithm

i: procedure PERCEPTRON(D = {(x1), y(), ..., (xV) (V))])
2 00 >h " " arameters
3 while not converged do

4 fori € {1,2,..., N} do > For each example
5: § « sign(@'x®) > Predict
6

7

8

if § # y(®) then > If mistake
—> 0+ 0+ yIx > Update parameters

return 0




Perceptron Algorithm

Learningfor Perceptron if we have a fixed training dataset, D.

Algorithm 1 Perceptron Learning Algorithm
procedure PERCEPTRON(D = {(x1), yW)), ... (xV) (N1

1:

3 00 > 7" arameters

3 while not converged do

4: fori € {1,2,..., N} do > For each example

5: § « sign(@'x®) > Predict

6: if § # y(®) then > If mistake

7: 0 — 6+ yx Implementation Tricksamegl =

8  return® % AAEAOET @ddAard| 1T OcC
positive mistake and

subtract on negative | _ R
mistaked OA OOEIT 1 h A
y() takes care of the sign
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Perceptron Mistake Bound Theory
A Background: projections, distances, and margin
A Proof of mistake bound as an example application



Projection
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Geometric Margin

Definition: Themarginof exampleww.r.t. a linearsep.v is the distance
from wto the planeV tw 11 (or the negative if on wrong side)

Margin of positive examplew

Margin of negative examplaw
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Slide credit;: CMU MLD NinRalcan



Geometric Margin

Definition: Themarginof exampleww.r.t. a linearsep.v is the distance
from wto the planeV tw 11 (or the negative if on wrong side)

Definition: Themarginf of a set of examplesYwrt a linear
separatorv is the smallest margin over point&N Y

Slide credit;: CMU MLD NinRalcan



Geometric Margin

Definition: Themarginof exampleww.r.t. a linearsep.v is the distance
from wto the planeV tw 11 (or the negative if on wrong side)

Definition: Themarginf of a set of examplesYwrt a linear
separatorv is the smallest margin over point&N Y

Definition: The margim of a set of examplesYis the maximumf
over all linear separator® .

Slide credit;: CMU MLD NinRalcan






