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Idea : Filter by hypothesis value
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ignoresexamples
Routing of examples:
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Proof of correctness in special case of stronger weaklearner:
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Azuma's # for sub-Martingales
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Sample/time complexity :

main issue : what if it takes a

this will long time to get enough samples of either I
->

likely happen for one of the weak learners?

for + samples (perhaps all the samples get filtered
on - side ↓ placed in other buckets?)
↓ riceversa

can "freeze" the node

(won't contribute much to error)

/either Oor]

freezing rule: ifit reached by "b"-labelled samples

with probTH
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it terminal
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,
then get to Wit With lobel b
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Hypothesis if no freezing on path , predict as majority
of hi (x) on path
Isame as

before

else if freeze at level t node or
jt

any example that reaches node Tjst

gets labelled viaU's labto

Why is the error ok ?

·
each frozen node contributest to

error

· I Tit frozen nodes => total error

· need to redo martingale analysis for unfrozen part
(define intermediate

process
to make it similar)



Boosting=>

average case complexity insights :

& learnable -> all conceptsC

have poly sized ckts
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Thm
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Amplifying hardness

Goal : take worst case hard fath + turn into

are case hard futu,

how ?

Yao's xor lemma

- works for
any

hard fith

- intuition :

given O-biased Coin (Pr[heads] = &<2)

predict correctly with prob 1-8

need topredict parity of K-tosses correctly3with prob E + (1-28) predictte
-> Y as k- 0

- is solving K independent copies of f

↓ times harder than solving 1 ?
not always : matrix-rector mult is Any time

,
matrix-matrix is o (3)
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