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THEOREM 7.1. Let F be a VC class of binary-valued functions f : Z — {0,1} on some
space Z. Let Z™ be an i.i.d. sample of size n drawn according to an arbitrary probability
distribution P € P(Z). Then, with probability one,

V()1 1
Ra(F(2™) < 2 %.
A more refined chaining technique [Dud78] can be used to remove the logarithm in the
above bound:

THEOREM 7.2. There exists an absolute constant C > 0, such that under the conditions
of the preceding theorem, with probability one,
V()

R,(F(2") < C\[ =



[ VC dimension V/(F) is small (a hypothesis) ]

finite class lemma & Sauer-Shelah lemma

[(Ru(F(2")) is small with probability one |

E[R,(F(Z"))] is small

symmetrization argument

E[A(Z™)] is small

McDiarmid inequality

(A(z") - E[A(2")] is probably small |

A(Z™) is probably small
mismatched minimization lemma

Algorithm is PAC

Fis: % P 7%

THEOREM 8.1. (Performance bounds for concept learning by ERM) Consider an agnostic
concept learning problem (X, P, €), and let § > 0. For any P € P, the ERM algorithm satisfies

1) L@ < Lip(e) + 8y LD LD '”f:(” D, \/—Zl"g,fl/‘;)

with probability at least 1 — 5. There is a universal constant C' so that for any probability
distribution P on Z and 6 € (0,1), the ERM algorithm satisfies

82 Le(Cy) < Lip(€) + c‘/@ + W’M

with probability at least 1 — .
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