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Empirical Risk Minimization



Learning: Reminder

e Known data universe X and an unknown probability distribution D on X
e Known concept class C and an unknown concept ¢ € C

e We get a dataset X = {(x1,¢c(x1)),...,(xn, c(xn))}, where each x; is an
independent sample from D.

Goal: Learn ¢ from X.
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We want an algorithm M that outputs some ¢’ € C and satisfies

P(Lp,c(M(X)) <a)21-5.



Agnostic learning

Maybe no concept gives 100% correct labels. —7 ma%w*t w%(; U )
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Generally, we have a distribution D on X x {—1, +1}. diskribudion ow ;h:mal%ﬂl
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LD(C) = E(x,y)ND[g(q (X7y) )] = P(x,y)ND(C(X) 7é _)/)

D is unknown but we are given iid samples X = {(x1,y1), ..., (Xn, ¥n)}.
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We want an algorithm M that outputs some ¢’ € C and satisfies

P(Lp(M(X)) S[rcneig Lo(c)}+ ) > 1—B.
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Empirical risk minimization, again

Issue: We want to find arg min.cc Lp(c), but we do not know D.

Solution: Instead we solve arg min.cc Lx(c), where
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Theorem (Uniform convergence)
Suppose that n > W Then, with probability > 1 — 3,




Example: Linear Separators

a U, V) = , U Vi | Sign(2) = 5: 22_.73
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e Cis all functions of the type cy(x) = sign((x,6) + o) for § € R? 6y € R.

For convenience, replace x by (x,1) € [0,1]9F! and 6,6 by (0,60) € R9*!
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Logistic Regression

+1 w/ prob. —2L
Sign for sigmoid given 6 and x predict { /P 1+e~ (6
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Logistic regression: Given X = {(x1,y1),...,(Xn,¥n)} solve | f ZOSS
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(Private) Gradient Descent




The function Lx(0) = % S log(1+ e ™) is convex in 6.
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Convex functions can be minimized efficiently. 3 LX(Q)

e for non-convex, it's complicated
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Advanced composition - warmup

Publish k functions fi, ..., fx : X" — RY with (g,5)-DP, where Vi Af; < C
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Advanced composition (for Gaussian noise)

Qct'- ¥ = RA

Suppose we realease Y1 = f1(X) + Z1, ..., Yf(X) + Zx where f; : X" — RY depends
alsoon Yi,...,Yi 1.
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Then the output(Ys, ..., Yk\satisfies (€,0)-DP for e = kp + +/2kpIn(1/9)).
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Sensitivity of gradients
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Private gradient descent
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Accuracy analysis
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Plugging in
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