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The Gaussian Distribution
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Gaussian Parameter Estimation
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Maximize the likelihood function

* The likelihood function consists of two parameters.

¢ One common criterion for determining the parametersin a
probability distribution using an observed data set is to find the
parameter values that maximize the likelihood function.

* It is more convenient to maximize the log of the likelihood
function because the logarithm is a monotonically increasing
function of its argument.
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Maximum (Log) Likelihood Mixtures of Gaussians
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*By using a sufficient number of Gaussians, and by
- adjusting their means and covariances as well as the
Y (= —san)? coefficients in the linear combination, almost any
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continuous density can be approximated.
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K Gaussian mixture . )
Gaussian Mixture
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mixture and has its own mean and covariance.

¢ The parameter Txare called mixing coefficients: o
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Posterior Probabilities
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The likelihood function of K Gaussian
mixture
* The form of the Gaussian mixture distribution is governed by

the parameters (i, i E )

* The likelihood function is given by:
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¢ The maximum likelihood solution no longer has a closed-form
solution due to the presence of the summation over k inside the
logarithm.

Maximizing the likelihood function
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EM Algorithm | | |
Step 0: Initialize parameters ; oy : = . -
Step 1: E-step O "}‘ O ﬁ . ?";
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Step 2: M-step
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Step 3: check for converge?




