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A hypothesis h is called approximately correct (ganska rätt) if

errorD(h) < ε
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Probably Approximately Correct

Given
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ε limit on the error
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n size of the examples

PAC-learnable: Time to find a solution grows polynomially with
respect to size(C), n, 1

ε and 1
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errorD(h) ≥ ε

We do not want learning to
produce a dangerous hypothesis!

How large is the risk that a dangerous hypothesis is consistent
with all training examples?
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Probability that h is not contradicted

1− errorD(h)

Risk that a dangerous hypothesis (errorD(h) ≥ ε) is not
contradicted by a randomly drawn example

≤ (1− ε)
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How many examples m are needed to make the risk of ending
up with a dangerous hypothesis less than δ?

δ ≥ |H| · e−εm
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δ
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Example: Sunny ∧ ¬Windy ∧Humid
n attributes ⇒ 3n possible concepts ⇒ |H| = 3n

m ≥ 1
ε

[
n ln 3 + ln

1
δ

]

Linear w.r.t. 1
ε

Linear w.r.t. n
Logarithmic w.r.t. 1

δ

Seems PAC-learnable!
Further, time for each example must be polynomial.
Find-S: Ok
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All subsets of X are hypotheses

|X| = 2n

|H| = 22n

m ≥ 1
ε

[
2n ln 2 + ln

1
δ

]
Not PAC-learnable!
However, this estimate is an upper bound
We have not proven that m actually grows exponentially w.r.t.
n
However, in this case it is true
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The important thing is not the number of hypotheses,

but how they can form subsets in X
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every subset of S is described by a h ∈ H

The size of S is a measure of the expressive power of H

VC Dimension
VC(H)

Size of the largest subset
of X which can be scattered by H
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Alternative Performance Measure for Learning Algorithms:
How many errors does the algorithm make during learning
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First example only chooses one specific hypothesis
Maximally n+ 1 changes

Will maximally make n+ 1 errors
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answer
For each error made, at least half of VS disappears
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Opt(C)
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VC(C) ≤ Opt(C) ≤ log2 |C|
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