Artificial Intelligence

CSC 665

tyler dae devlin



Machine Learning IV

4.23.2024



* Learning: make future predictions from past observations
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(final credit approval formula)

HYPOTHESIS SET
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[gradient descent on board]



Generalization



Beyond the training data

ERM tells us how to pick a good hypothesis to fit a
training dataset

But fitting the training data is not the real goal

Want a hypothesis /& that approximates the target
function f on new unseen examples

[.e., want an /1 that generalizes

This is only possible if the training data is
representative of examples we are likely to see in
the future
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Evaluation

Testing for generalization is straightforward

Partition dataset into two groups: training dataset and testing dataset
Use only training set to pickan h € #

Once you've selected a candidate /4, use testing set to obtain an unbiased estimate
of performance (cost or error)

Often, training error will be lower than testing error
But if the gap is small, you have good generalization

Good generalization is the central goal of machine learning



Approximation-generalization tradeoff

Goal is low testing error Ciegt

Can decompose test error into

1. Bias: how well #Z can approximate f

2. Variance: wow well we can zoominona good h € #
Usually when # is more complex, (1) is easier but (2) is harder

l.e., a more complex # has lower bias, but higher variance

[t’s possible to make this decomposition mathematically precise
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Example: sine target

f:-1,1]-R f(x) = sin(7x)

Only two training examples! N = 2

Two models used for learning:
H()Z h(ZB) = b
Hi: h(x)=az+0b

Which is better, Hy or H? .
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Approximation - H; versus H;
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Learning - H, versus H;
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Bias and variance - H
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Bias and variance - H;
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and the winner is ...

var = (0.25

bias = 0.21

var = 1.69



| esson learned

Match the ‘'model complexity’

to the data resources, not to the target complexity



