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Classification Basics



The learning problem
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Problem: develop an algorithm that classifies avocados into ripe and unripe.

We have a big data set of avocado data. For each avocado, we have:
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e colour, firmness, size, shape, skin texture, ...

e ripe or not Lo

From this data, we want to classify unseen avocados.

Le,urv o {‘\J\z Xo ?“QD\J‘A_
LRl Roown Qehercmy




The learning problem, formally
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e Known data universelX'{and an unknown probability distribution D on X
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Goal: Learn ¢ from X.
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The goal, formally

The error of a concept ¢’ € C is - L‘”\"“OV\ |
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We want an algorithm M that outputs some ¢’ € C and satisfies

(» owpu o} mx) waiselasst {«s L& &\*ww

L_D_Lfmu )21 ot ppedaiion
3 Yoo gver Jmméomv%ﬁ [T &MOSIJ)%/

o\ owué FEMA O NLSS

R oo Qs% ﬁ%o\Qmww&r % Cocrack lenwingy_ [BACY [l/‘u&avﬂ




Empirical risk minimization

Issue: We want to find arg mingec Lp (c¢’), but we do not know D, c.
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Private learning

In private PAC learning, we require that
dw & PDXtvw/‘fJg,.
e when X is a sample of iid labeled data points, we learn t-he correct concept, as in
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Exponential mechanism




Private ERM

We want to solve argmingec Lx(c).

How do we minimize with differential privacy?

Sample concepts with less error with higher probability
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P(M(X) = ) {Rexp (~ S Lx(c))
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Exponential Mechanism
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The mechanism M.y, (X) which outputs a random Y so that
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. . eau(X,y)/ZAu
Privacy analysis P(Y =y) = =S
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Accuracy of the exponential mechanism
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Then, for the output Y = Mexp(X),
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Private Learning
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Putting things together

A concept class C can be learned by an ¢ps-differentially private mechanism when the

sample size is
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Putting things together
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