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Optimization convergence
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Expectation Maximization
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what we typically do to find the MLE

is we find the likelihood
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Example Gaussian Mixture Model
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EM algorithm works as follows

Start with a random guess to
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Let'sapply it to GMMs
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projected
Assuming we know risk solve
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MSE criterion and the bias variance
tradeoff

If the estimator is unbiased how do

I find the best estimator

Cramer Rao Lower Bound

Biased estimators in the context risk

Mean square error
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Definition Minimum Variance Unbiased Estimator MVOE

The MVUE is an estimator that satisfies
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MUVE does not have to exist
unbiased estimator may not exist
if the population distribution depends on

the random sample index

Example Consider a random sample of size 2
with X and independently drawn from
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Two examples of unbiased estimators
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random sample is ii d then the MYUE always
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Theorem Cramer Rao Lower Bound CRLB
Under the assumption that the population pdf
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The that atties the CRIB is called

an efficient estimator and is the MVUE

Proof Cauchy Schwartz inequality applied to
covariance We know for two random variables
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Should know that CRIB is the best possible
performance for an unbiased estimator

Find the Fisher information

Compute CRIB

Compare NCE with the CRIB



Example Gaussian with unknown mean
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The MLE asymptotically attains the CRIB

as n to ME belomes an efficient estimator


