























































































Course Note for CPSC532D STAT Learn Theory

L2 uniform convergence
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Markov's inequality tee hed randomvariable
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we can use the aboveproperties to construct a setof X


























































































Halfding's lemma
a realvalued random variable bounded in tabs is SG⾕内
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the samplecoinplenty depends on the input distribution ltxlkc
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L5 Rademacher complexity distribution_specific
complexity

covering number approach depend on dimension d
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he6 Rademacher Complexity 121
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Thenfor typical supervised learning losses
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McDiarmid's inequality Let Xi Xmbe independent let
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Pf forMcDiarmid
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Lec6 Growth Function and VC Dimension
How to bound Rad forbinaryclassifier
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lu dimension VCdim A Maxime 有M 2MJ thereis A set
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What do we do for approximation error
KC Structural Risk Minimization notuniformoverallHa
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Specificbound use Randmerchar
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relationship to regularization
fo

Ustgin LD Hit 会HUH SRM regularization

non uniform learnability⼆
we haveshown aband
Pr LD SRMA.si DELP Mt Eunmung tlbtyffmīi 3128
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countable

Assume A ⼆们 hz divide singleton classes

Use Ak⼆ 个hk
Then 纵 m WKS Elbing
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how to assign weights
how to decide the order

Minimum Description Length
choose a weight according to a bigignage fordetermining.A
Kraft's inequality
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ofh in someprogramming language is known KolmogorovComplexity
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Margins Theory
we do ERM with v1 less

VCtheory
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