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Machine Learning

• Tom Mitchell’s definition:
A computer program is said to learn from 
experience E with respect to some class of 
tasks T and performance measure P, if its 
performance at tasks in T, as measured by 
P, improves with experience E
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Design Choices
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Concepts � Subsets

Version Spaces
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Decision Trees

High Normal
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Humidity Yes Wind
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Inductive Bias

Overfitting in ID3

on training data

on testing data

size of tree
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bias (training set error)bias (training set error)
variance
bias (training set error)
variance
testing set error
(bias plus variance)

Bias Variance Trade-Off
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<- More Bias Less Bias->

Ockham’s Razor

“Non sunt multiplicanda entia praeter 
necessitatem.”

William of Ockham (1285-1347)

Prefer simpler  hypotheses (Occam’s razor)

e.g. by post-pruning rules…
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Evaluating Hypotheses

True Error from Sample Error

• Normal Approximation
• 95% confidence interval:
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The Bayesian Paradigm
• Knowledge as a probability distribution

60% Rain

40% dry
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Energy � Probability

What is a simple, symmetric function that 
penalizes deviation from the mean in a non-
linear way and has a very simple derivative?

Probability Density ?

The normal density (Gaussian) is the probability 
density function associated with the square error !

Likelihood

• Likelihood of class == Probability of 
measurements assuming class is correct

• More formally: if x is target class, and z is a 
vector of measurements, then the likelihood of 
x given z, written L(x;z), is any function 
proportional to P(z|x)
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Bayes Law

Prior Knowledge: P(x)
Measurement Model P(z|x)

=> Likelihood L(x;z)
Posterior Knowledge: P(x|z)

P(x|z) ~ L(x;z)P(x)

‘Aids’  Example

.025

.975

Prior P(aids)

aids not aids

2.2

18.5

Posterior P(aids|+)

aids not aids

88

19

Likelihood L(aids;+)

aids not aids

88+19 is not 100 !

10.6%

89.4%
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Bayes Classifiers

• Choose a Density Estimation Method
• Choose the (representational) bias

– smoothing parameter

– parametric form

• Estimate Conditional Densities
• Estimate Priors
• Apply Bayes Rule
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Histograms

Parzen Windows
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Locally weighted Averaging

K-Nearest Neighbors
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Memory-Based Regression
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Gaussians and Naïve Bayes

Mixture Densities

• Hierarchical
• Mixture of Gaussians
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Clustering using the Expectation 
Maximization Algorithm (EM)

Classification using Parametric 
Methods
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Estimated Posteriors
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Radial Basis Function Networks
• share bases
• radially symmetric Gaussians ‘Features’  in

Input Space

Multi-layer Perceptron Networks

For Classification:
• Bypass Density Estimation
• Optimize for decision boundaries directly !

For Regression:
• Universal Function Approximator


