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1.2 Variance Estimation for EM estimates
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The EM algorithm findsthe MLE, but it does not automatically produce an estimate of the
covariance matrix. Why not?
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There are several options to estimate the variance.
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2. Louis’s Method
v ol
pely)~q(e,0”) - (e, 87) W&

Co ia T)qrh‘g.lj,r'/ ﬂ['ﬁjy) /}é’) H’[\g'

= - Llal) = 0 (8,8) + B(2,8)  dusnbe gt o = Lol At agy tag
e
=0 (2,8) dom hie.

A \ U ( LR} )
QLIe/vf-l ladormation = 4 W[’le’le' Premation  — ¢ Mssny Alrmation .

.V'

A;sﬂ“‘“} kil - ”[ g,8)° E L6 L2) ==
(,J;»E;;[L §log) =~ By [L12112) §2'tly 152)$.,(21y;¢) dz
[Nkr 4 ..
Samonhat swlér 2 fom Ao Bihor r,\.fwmhtn" teopt A fre dishlubom expectatin WIE.

gllﬁ"lhf “'D"M"’r wede élvbkf HHCQ/@,

o £ gt OT5 wed Q@) ad Hlo0):

“ > ophmi urfact => of4eq ds Mamer
@[Q/%) s Ww.wfm;ﬁﬁnfﬁwhhnr S =D MZJQEM %

guw
H/{[g)@) = g 2 %@ =5 MSI‘N& Ffact @
7@”

(zle,e
= Var [W] wA oy

og

Vﬁ' a famfl&ié er IAMFM'

2y Y.2.3
0 Per "’Fﬁb/%«.rﬂib uirtn i U i

M
= Enpriced Tnfometier

—_ N“ merical Ailleontiction Jo 7‘/{' Hessran.



1.3 Another way to cluster: K-m... 14

1.3 Another way to cluster: K-means

Goal of clustering:
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Methods for clustering include hierarchical and non-hierarchical, algorithmic and model-
based.
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K-means is a simple and elegant approach to partition a data set into K distinct, non-
overlapping clusters.
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The K-means clustering procedure results from a simple and intuitive mathematical
problem. Let Cf, ..., Cg denote sets containing the indices of observations in each cluster.
These satisfy two properties:
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The within-cluster variation for cluster C}, is a measure of the amount by which the
observations within a cluster di m each other. .y w(c,).
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To solve this, we need to define within-cluster variation.
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This results in the following optimization problem that defines K-means clustering:
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A very simple algorithm has been shown to find a local optimum to this problem:
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Questions about the algorithm:

1. How do we define distance?
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2. How do we choose starting values?
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Compared to the Gaussian mixture problem,
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