Day 9 - Statistical Learning Framework and Bias Variance Tradeoff
Agenda:

+ Statistical learning framework

+ Derivation of square loss for regression

+ Derivation of log loss / cross-entropy loss for classification
+ Terms related to the statistical learning framework

+ Bias variance tradeoff
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What is the label set for classification with three classes?
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Consider k-dimensional features. When training a binary classifier for logistic regression
with no bias term, what is the hypothesis class? ’9 ( Yol | X )= o ( 6’ . )( )
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Is it useful to consider the hypothesis class of ALL functions from X to Y?

When you pick a model (hypothesis class) you are making assumptions on the data. With the
set of all functions, one doesn’t assume anything about the data?

Could lead to overfitting.

T
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Not clear how to optimize over such a class. There’s no parameterization of this class.

Want to make regularity assumptions (eg that the relationship is continuous)
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In the following example:
(a) Generate training data (x;,y;) fori = 1...8 by x; ~ Uniform([0, 1]), and y; = f(x;)+¢;, where

f(x)=1+2x-2x?and ¢; ~ N(0,02) and o = 0.1. Plot the training data and the function f.
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Question: Isn’t 0-1 loss what | would want to minimize when doing classification?

0-1 loss is not differentiate. Not very useful for training your models. Mostly used for
evaluating (particularly for classification)
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Activity:

Which hypothesis class is more complex?
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