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Weak-to-Strong Learning

Binary classification

Weak Learner W:

For any distribution D
Samples: S ~ D™o

Let hg « W(S)

Then with prob. 1 — 6:

1
erp(h) < el
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Algorithm 1: MAJORITY-OF-5(S5, W)

. . Input: Training set S = (z1,41), ..., (Zm, Ym). Weak learner W.
Majorlty Of 5 Result: Hypothesis g : & — {—1,1}.
1 Partition S into 5 disjoint pieces S1, ..., S5 of size m/5.
2 fort=1,...,5do
3 | Run AdaBoost on S; with W to obtain f, : X — {—1,1}.
4 g < sign(p_; fr).
5

return g
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Majority of 5
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Majority of 5 - Guarantee

Theorem 1

Es.pmlerp(g)] = 0

d
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Algorithm 1: MAJORITY-OF-5(5, W)

Input: Training set S = (x1,%1),- - -, (Tm, Ym ). Weak learner W.
Result: Hypothesis g : X' — {—1,1}.

1 Partition .S into 5 disjoint pieces Sy, ..., S5 of size m/5.

2 fort=1,...,5do

3 | Run AdaBoost on Sy with W to obtain f; : X — {—1,1}.

4 g < sign(Q_, ft)-

5 return g




Sample-Optimal Weak-to-Strong Learners

Algorithm “ Invocations of Weak Learner
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Open Questions

* |s Majority of 5 optimal in high probability setting?
* |s Majority of 3 sufficient?
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