
Lecture 5 2022.01.19 (Thursday) MATH/COMP 562  

Outline: [Mohri Section 5.4] "Margin Theory" Full learning bounds with linear hypotheses

Proof of Theorem Following [Mohri 3.1] proof of theorem.

To apply  theorem, need to estimate

 Rademacher complexity for for linear hypotheses: Statement of Theorem 5.10
Rad complexity for loss of linear hypotheses, Statement of Lemma 5.7 Talagrand

Now we can do regression bounds.

For classification error bounds, need to also know that classification loss is upper bound 
for 0-1 loss.  Then get error bounds.

Combine these ideas: get learning bounds for SVM, cross-entropy loss, etc. 

Rest of book is essentially a repeat of these ideas in different cases.  (Discuss)

Plan:

Finish proof of Theorem
State other results to show how to use (save proof for later)
Discuss how applies in other problems
Discuss how to use Rademacher complexity for DNN

Next lecture : come back and finish these proofs:

(Rad for Linear)
Spectral bounds for Neural Networks 

 

Thm: Rademacher complexity bound for training loss vs. true (expected)
loss.

 

Let  be any function (in particular, can have  ).  Then 

 with probability  

af://n0
af://n84


Application 1  

We will show (later), that for bounded, linear hypothesis spaces: 

linear classification, SVM, cross-entropy loss
linear regression,
Kernels 

The Rademacher complexity term is of the form ,  which means, for these hypothesis, 
the RHS is (up to a constant) the same as for test loss. In other words, learning bounds are 
(almost as good) as sampling bounds, in this case. Important, because says that the 
generalization gap for, e.g. binary classification in high dimensions, has sample complexity 
(dependence on )

Application 2: This theorem can be useful for Neural networks  

Spectrally-normalized margin bounds for neural networks https://arxiv.org/abs/1706.08498

However, for deep neural networks, the constants in the bound can blow up (get large), which 
makes the bounds vacuous (useless with any reasonable value for ).

Potential Project discuss learning bounds for neural networks (this paper and follow ups)

Application 3:  

Also useful more many other machine learning problems (density estimation, boosting, etc) (see 
Mohri chapters).
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Talagrand 's Lemma
"Killer Theorem
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Application Talagrand 's Lemma

spectral bound for nm .
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