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Hoe ic no wniversal  doarner
THEOREM 5.1 (No-Free-Lunch)

Let A be any learning algorithm for the task

of binary classification with respect to the 0 — 1 loss over a domain X. Let m
be any number smaller than |X|/2, representing a training set size. Then, there

exists a distribution D over X x {0,1} such that:

1. There exists a function f: X — {0,1} with Lp(f) = 0.

Here the hypothesis class is
the whole function space!

2. With probability of at least 1/7 over the choice of S ~ D™ we have that

Lp(A(S)) > 1/8.
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THEOREM 6.8 (The Fundamental Theorem of Statistical Learning — Quantita-
tive Version) Let H be a hypothesis class of functions from a domain X to {0,1}
and let the loss function be the 0 — 1 loss. Assume that VCdim(H) = d < oo.
Then, there are absolute constants Cy,Cy such that:

1. H has the uniform convergence property with sample complezity

log(1 , log(1
Cld+ og(1/6) < m§S(e,8) < CQd+ cg( /9)
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2. H is agnostic PAC learnable with sample complexity

d +log(1/5) d +log(1/6)

2 < my(e,d) < Co

3. H is PAC learnable with sample complexity

Cld+lo§;(1/5) < dlog(1/e) + log(1/9)
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THEOREM 26.5 Assume that for all z and h € H we have that |((h,z)| < c.
Then,

1. With probability of at least 1 — &, for all h € H,

, 2 In(2/96)
LD(h) — Ls(h) < 2 S/AI,EDm R(BO/H oS ) +c —m .

In particular, this holds for h = ERMy(5).
2. With probability of at least 1 — 9, for all h € H,

2 In(4
Lp(h) — Ls(h) < 2R(loHoS)+4c %
In particular, this holds for h = ERMy(S).
3. For any h*, with probability of at least 1 — ¢,
2 1n(8/9)

LD(ERMH(S))—LD(h*) < 2R(€OHOS)+SC T



