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Probabilistic approaches in machine learning

In many applications it is useful to deal with uncertainty

Probability theory gives a principled way to do this

Probabilistic perspective often useful for defining and combining loss functions
Need a way to estimate the parameters in a probabilistic model

Maximum likelihood estimation is one of the most fundamental methods
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Maximum likelihood estimation (MLE)

Given samples (1) 22 . 2V) from a
univariate Gaussian with unknown mean and
variance, could we devise a way (maybe with a
“loss function”) to find optimal estimates of the
mean i and variance 627

How would these estimates compare with the
sample mean and variance? . » — 3

We assume the samples are independent and
identically distributed (I1D), each a draw from
the Gaussian N'(x; p1, 0?). Sasde muanI— "2 x
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MLE for the multivariate Gaussian

: N L . D
Given samples {x(’”’)} . from a multivariate Gaussian: T ER
= N B) = =) = - )

it can be shown in a similar way that the
maximum likelihood estimates are:
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