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Outline

 EM;: Learning Bayes network CPT’s from partly
unobserved data

 EM,: Learning HMM'’s with unobserved hidden
States

* EM;: Mixture of Gaussians — clustering

 EM: the general story



1. Learning Bayes net parameters
from partly unobserved data

L R



Learning CPTs from Fully Observed Data

 Example: Consider
learning the parameter @
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« Remember why?



MLE estimate of

Maximum likelihood estimate @

0 < arg m@ax log P(datald)

Our case:
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Estimate 6@ when S unobservable, FAHN observed

Can’t calculate maximum likelihood @ Qllergy

estimate ¢ — arg meax log P(F, A, S,H,N|0)

Chicken and egg problem

What do we want to maximize in order to

choose 0;; ?

arg Haz (S =i|F,A,H,N,0)log P(F,A,S =14, H,N|0)]
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EM

6 «— arg m@axZP(S —i|F,A,H,N,0)log P(F,A,S =1, H,N|§)
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= arg max Eg\p A mNgllog P(F,A,S, H,NI[0)]

EM is a general procedure for solving such problems

Given observed variables X, unobserved Z (X={F,A,H,N}, Z={S})

7 nl1 N\ / | n/
Q6 og P(X, Z|6
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Iterate until convergence:

« E Step: Calculate Q(#'|0) by using X and current 6 to
estimate P(Z|X,0)

* M Step: Replace current 6 by
6 — arg max Q(0'19)
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EM and estimating 0;; 2 /.
observed X = {F,A,H,N}, unobserved Z={S}) A

E step: Calculate for each training example, k

P(S = 1| fraghgng, 0) = Elsg] = — 2k = S TR
)
P(Sy =1, fraphgpnil0) + P(Sp = 0, fraphipng|0)
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2. Learning HMM'’s with EM
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Learning HMMs from fuIIy observed data Is easy
Learn 3 dlstrlbutlons

P(X1)

P(O; | X;)

P(X; | X;-1)
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Learning HMMs from fully observed data Is easy
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e

arning HMMs with EM

Just 3 distributions: Observed data: O = Oq,...0p,

P(X1) Unobserved data: X = X1,...Xn
P(X; | Xi—1)$ 0
P(O; | X;) EM: Q(0'10) = Ex|p gllog P(X,016")]

E step: compute P(X|0O,0)

M step: @ < arg max Q(60’'|9)
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Learnlng HMMSs: E step

Co) @ Can) A Observed data: O = O1,...0Op
Unobserved data: X = X7,...Xnp
€ ¥< e Le ke ’
P(X1)
X |Xz 1 }9

P(0; | X;) E step: compute P(X |0, 0)

use the Forward-Backward algorithm!



e

The forward-backward algorithm
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e |nitialization: «1(X1) = P(X1)P(o1 | X1)

e Fori=2ton
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Learnlng HMMSs

X @ i) ., Observed data: O = O1,...0Op
Unobserved data: X = Xq1,...X
@D @D B (B & 1, Xn

P(X1)

P(X; | Xi-1) }9 E step: compute P(X|O,0)
P(0;] X;)

» using forward/backward algorithm
M step: 0 < arg max Q(6'10)
Q(0'10) = Ex|p,gllog P(X, 0|0")]

n
log P(X,0|60") = log[P(X1|0")P(01]X1,0") [] P(X;|X;-1,0")P(0;|X;,6)]
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HMMs: M step: 0 — arg max Q(0'19)
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HMM’s: M Step: 6 — argmaxQ(¢'|6)

Q(8'18) = Ex|o 4llog P(X,016")]
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Learnlng HMMSs

Cia) @ Con) A Observed data: O = O1,...0Op
Unobserved data: X = X7,...Xnp
@ @D B (D ’

P(X1)

P(X; | Xi-1) }9 E step: compute P(X|O,0)
P(0;] X;)

X

» using forward/backward algorithm
M step: 6 «— arg max Q(0'16) 0 = (m, o, \)
= P(Xq =1) « P(Xl =40, 6)

Z?:Q P(Xt — 7:7‘}(15—1 — j|070)
Yi—p P(X;—1 = j|0,0)

o) = P(Xy = i|X;_1 = j) —

N = P(O; = i|X; = §) — Yi_q16(0f = i)P(Xy = j|O,0)
Mg — 5\ M It 2 J /s Zt_ P(Xt—_]|0 0)

Repeat until converged



What you should know about EM

* For learning from partly unobserved data
e MLEst of 6 = arg meax log P(datald)

* EM estimate: 6 = argmax Egy g[log P(X, Z|0)]
Where X is observed part of data, Z is unobserved

0l n 71 nI\1

Q(6'|0) = L’/Z|X9|_IU9 P(X, Z|6")]

« EM for training Bayes networks
e EM for training HMMs

 Be able to derive your own EM algorithm for your own
problem
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