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In Lecture 24 we proved 
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with probability at least 1 − e−t . 

Assume H is a VC-subgraph class, −1 ≤ h ≤ 1. 

We had the following result: 
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Since H is a VC-subgraph class with V C(H) = V , 
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Then the empirical process 
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for t = u + k log 5. 
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Notice that log ( log Aj + 1) is large when Aj is very large or very small. This is penalty | |
and we want the product term to be dominating. But log log Aj 5 for most practical ≤ 
applications. 

4 


