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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

a. Linear Regression with basis functions (regularization, model selection)
b. Bias-Variance Decomposition (Bayesian Regression)
c. Decision Theory - three broad classification strategies

m Probabilistic Generative Models - Continuous & discrete data

m (Linear) Discriminant Functions - least squares solution
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The Perceptron
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The Perceptron Algorithm

e Input: zeRP
o Targets (2 classes): te{C1,C} —>21, 7

e Prediction: yx)= f(wé(x)) Activation function f(q)
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The Perceptron Algorithm

e C(lass decisions:
o Assign x to C,if: t\f)—pbﬁ? — O

o Assignxto C,if: L\)(/(b (><> Z 0

e Criterion for correct classification: fo =-)
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The Perceptron Algorithm
Ty it ey h e

e Theloss (perceptron criterion):
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Perceptron learning: SGD

Ep(w) = Z wl (%)t SGD: for each misclassified sample x

= Y En(w) witl = wt-l-Yl?’éq ¢b(_“>j
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Perceptron learning: SG
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If data is linearly separable, perceptron converges

Dil

Data-driven Intelligence
& Learning Lab




Perceptron - Issues

e Works only for 2 classes

e More than one solutions
o Initialization and the order in which the data is presented

e Will not converge if the dataset is not linearly separable

e Need to define basis functions

o Thisis the case for all the methods that we discussed so far
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