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Machine Learning 1. Introduction

Hidden Markov Models 8 5

observed variables xi,...,xy
hidden variables z;, ..., zy

vy

P(X1:M \ Zl:M) = P(X17 s s XMy 2Ly - e ZM) = P(Z1-M)P(X1:M ! Zl:M)

M—1 M
1) H P(Zm+1 ‘ Zm H P Xm ’ Zm
m=1 m=1

transition model p(zmt1 | zm)
observation model p(xy, | zm)

= > & 0 & ——p
<1 9 T
I Io * o0 Wik . [Murl12, fig. 10.4]
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HMMs

1. Introduction

observation model p(xy, | zm)

» consist of a discrete-time Markov chain with hidden variables plus an
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Machine Learning

HMMs

1. Introduction

» consist of a discrete-time Markov chain with hidden variables plus an
observation model p(xy, | zm)

» p(Xm+1 | Xm) can be written as a M x M Transition Matrix A
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Machine Learning 1. Introduction

NS
HMMs i

» consist of a discrete-time Markov chain with hidden variables plus an
observation model p(xy, | zm)

» p(Xm+1 | Xm) can be written as a M x M Transition Matrix A

Observations in an HMM can be discrete or continuous. Continuous
HMM are called State Space Models (SSM).
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HMMs o

» consist of a discrete-time Markov chain with hidden variables plus an
observation model p(xy, | zm)

» p(Xm+1 | Xm) can be written as a M x M Transition Matrix A

Observations in an HMM can be discrete or continuous. Continuous
HMM are called State Space Models (SSM).

» discrete: observation model is observation matrix
P(Xm =J | zm = i) = A(i, )
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Bz
HMMs o

» consist of a discrete-time Markov chain with hidden variables plus an
observation model p(xy, | zm)

» p(Xm+1 | Xm) can be written as a M x M Transition Matrix A

Observations in an HMM can be discrete or continuous. Continuous
HMM are called State Space Models (SSM).

» discrete: observation model is observation matrix
p(xm =J | zm = i) = A(i,))

» continuous: conditional Gaussian
p(xe | ze = i) = N(xt | pux, Zk)
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Bz
HMMs i

» consist of a discrete-time Markov chain with hidden variables plus an
observation model p(xy, | zm)

» p(Xm+1 | Xm) can be written as a M x M Transition Matrix A

Observations in an HMM can be discrete or continuous. Continuous
HMM are called State Space Models (SSM).

» discrete: observation model is observation matrix
p(xm =J | zm = i) = A(i,))

» continuous: conditional Gaussian
p(xe | ze = i) = N(xt | pux, Zk)

HMMs can represent long-range dependencies between observations.
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Machine Learning 1. Introduction

Applications

Some Applications for HMMs are:

» automatic speech recognition
> activity recognition
» gene finding

>
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Machine Learning 2. Inference

Inference

Inference in HMMs:
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Machine Learning 2. Inference

Inference

Inference in HMMs:
» Filtering:

compute p(zm, x1:m) online or recursively

[m]

=

Lars Schmidt-Thieme, Information Systems and Machine Learning Lab (ISMLL), University of Hildesheim, Germany



Machine Learning 2. Inference

NN
Inference v

Inference in HMMs:
» Filtering:
compute p(zm, x1:m) online or recursively
» Prediction:
compute p(zmih | X1:m), h > 0 (horizon)
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Machine Learning 2. Inference

Inference

Inference in HMMs:
» Filtering:
compute p(zm, x1:m) online or recursively

» Prediction:
compute p(Zmih | X1:m), h > 0 (horizon)
egh=2

,D(Zm+2 ‘ Xl:m) = Z Zp(zm+2 ‘ Zm+1)p(zm+1 | Zm)P(Zm | Xl:m)

Zm+1 Zm
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Machine Learning 2. Inference

Inference

Inference in HMMs:
» Filtering:
compute p(zm, x1:m) online or recursively

» Prediction:
compute p(Zmih | X1:m), h > 0 (horizon)
egh=2

p(zm+2 ‘ Xl:m) = Z ZP(Zerz ‘ Zm+1)p(zm+1 | Zm)p(zm | Xl:m)

Zm+1 Zm

» MAP estimation:
compute argmale:Mp(zl;M | x1:m)

Lars Schmidt-Thieme, Information Systems and Machine Learning Lab (ISMLL), University of Hildesheim, Germany



Machine Learning 2. Inference

filtering

prediction

fixed-lag
smoothing

fixed-lag

smoathing
(offline)

i

—

Shaded region is the interval for which we have data

[m]

[Mur12, fig.
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Machine Learning 2. Inference

Forward Backward Algorithm

» compute the joint distribution p(zp, | x1:m)
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Machine Learning 2. Inference

Forward Backward Algorithm

» compute the joint distribution p(zp, | x1:m)
» Use Forward Algorithm to compute p(zm, X1:m)
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Machine Learning 2. Inference

Forward Backward Algorithm

» compute the joint distribution p(zp, | x1:m)
» Use Forward Algorithm to compute p(zm, X1:m)

» Use Backward Algorithm to compute p(xmi1:m | Zm)
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Machine Learning 2. Inference

. B2
Forward Backward Algorithm “
» compute the joint distribution p(zp, | x1:m)
» Use Forward Algorithm to compute p(zm, X1:m)
» Use Backward Algorithm to compute p(xmi1:m | Zm)
> p(zm | x1:m) Xz, P(Zm, X1:m) = P(Xm+1:M | Zm) P(Zm, X1:m) (normalize

B F
and sum over the set)
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Machine Learning 2. Inference

Forward Backward Algorithm

» compute the joint distribution p(zn, | x1.m)

» Use Forward Algorithm to compute p(zm, X1:m)

» Use Backward Algorithm to compute p(Xmi1:m | Zm)

> p(zm | X1:M) Xz, P(Zmyx1:Mm) = P(Xm+1:Mm | Zm) P(Zm, X1:m) (normalize
B F

and sum over the set)

» Assume p(Xm | Zm), P(Zm | Zm—1), p(z1) are known

Lars Schmidt-Thieme, Information Systems and Machine Learning Lab (ISMLL), University of Hildesheim, Germany



Machine Learning 2. Inference

Forward Algorithm
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Machine Learning 2. Inference

Forward Algorithm

ﬁ@ﬁ...

®

am(zm) = p(zmaxl:m) = Z P(Zm72m—1,X1:m)

NG

Zm—1

[m]

=

Lars Schmidt-Thieme, Information Systems and Machine Learning Lab (ISMLL), University of Hildesheim, Germany



Machine Learning 2. Inference

Forward Algorithm

ﬁ@ﬁ._

ONC,

O4m(zm) = p(zmaxl:m) = Z P(Zm72m—1,X1:m)

5

Zm—1

Zm—1

= Z p(Xm | Zmazm—lvxl:m—l)P(zm | Zm—l,Xl:m—l)P(Zm—laxl:m—l)
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Machine Learning 2. Inference

Forward Algorithm

!

®

O4m(zm) = p(zmaxl:m) = Z P(Zmyzm—l,Xl:m)

Zm—1

H@ﬁ@ﬁ_.

= Z p(Xm | Zmazm—lvxl:m—l)P(zm | Zm—l,Xl:m—l)P(Zm—laxl:m—l)

Zm—1
= Z p(Xm ’ Zm)p(zm | Zm—l)p(zmaxl:m—l)
—_——

Zm—1

am—1 (szl)
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Machine Learning 2. Inference

Forward Algorithm

!

®

O4m(zm) = p(zmaxl:m) = Z P(Zmyzm—l,Xl:m)

Zm—1

H@_)@ﬁ._

= Z p(Xm | Zmazm—lvxl:m—l)P(zm | Zm—l,Xl:m—l)P(zm—laXl:m—l)

Zm—1
= Z p(Xm ’ Zm)p(zm | Zm—l)p(zmaxl:m—l)
—_——

Zm—1

am—1 (szl)

a1(z1) = p(z1,x) = p(z1)p(xa | 1)
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Machine Learning 2. Inference

Backward Algorithm

e
NCRCEC

y XM

Compute p(Xm+1:M | Zm) for all m and z,.
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Machine Learning 2. Inference

Backward Algorithm

Q-
HONG
Given xi,...,xpm:
Compute p(Xm+1:M | Zm) for all m and z,.
Bm(zm) = P(Xm+1:M | Zm)

Zm+1

Z p(Xerl:Ma Zm+1 ’ Zm)
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Machine Learning 2. Inference

Backward Algorithm
e
HORC
Given x1,...,xy:

Compute p(Xm+1:M | Zm) for all m and z,.

/Bm(zm) = p(Xm+1:M ‘ Zm) = Z P(Xm+1:M; Zm+1 ’ Zm)

Zm+1

= Z p(Xm+2:M ’ Zm+1azm>Xm+1)P(Xm+1 ’ Zm+1, Zm)p(zm+1 ’ Zm)

Zm+1
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Machine Learning 2. Inference

Backward Algorithm A
Q-
NORG
Given x1,...,xy:

Compute p(Xm+1:M | Zm) for all m and z,.
Bm(zm) = p(Xm+1:M ‘ Zm) = Z p(Xm+1:M7 Zm+1 ’ Zm)
Zm+1

= Z p(Xm+2:M ’ Zm+1azm>Xm+1)p(Xm+1 ’ Zm+1, Zm)p(zm+1 ’ Zm)

Zm+1

= Z P(Xm+2:M | Zm+1) P(Xm+1 | Zm+1)P(Zm+1 | Zm)

Zm+1

Bm+1(Zm+1)
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Machine Learning 2. Inference

Backward Algorithm A
Q-
NORG
Given x1,...,xy:

Compute p(Xm+1:M | Zm) for all m and z,.
Bm(zm) = p(Xm+1:M ‘ Zm) = Z p(Xm+1:M7 Zm+1 ’ Zm)
Zm+1

= Z p(Xm+2:M ’ Zm+1azm>Xm+1)p(Xm+1 ’ Zm+1, Zm)p(zm+1 ’ Zm)

Zm+1

= Z P(Xm+2:M | Zm+1) P(Xm+1 | Zm+1)P(Zm+1 | Zm)

Zm+1

Bm+1(Zm+1)

Bm(zm) =1, Vam
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Machine Learning 2. Inference

Viterbi Algorithm

.H@%@%

o d

CNCHO.
XM

Assume distributions are known.

Given: xq,
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Machine Learning 2. Inference

Viterbi Algorithm

H@?%?H_.
GRS

00

Given: xq,...,Xu
Assume distributions are known.

Compute z* = arg max,, . p(zi:m | x1:m)

[m]

=
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Machine Learning 2. Inference

NN
Viterbi Algorithm “

H@?%?H_.
GRS

o~

Given: xq,...,Xu

Assume distributions are known.
Compute z* = argmax, . p(zi:m | x1:m)
Note:

argmax, p(z | x) = argmax, p(z, x)

[m] = = =
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Machine Learning 2. Inference

Viterbi Algorithm

5m(zm) = ZT{XI P(zlzm7X1:k)
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Machine Learning 2. Inference

Viterbi Algorithm

5m(zm) = Zrlnaxl P(lem,xl:k)
m—
Z1:m—1

= max p(xm | zm)p(zm | Zm—1)P(21:m—1, X1:m—1)

[m]

=
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Machine Learning 2. Inference

Viterbi Algorithm

5m(zm) = zTaXI P(lem,Xl:k)

= zrlnax p(Xm | Zm)P(Zm | Zm— 1)P(21:m71,X1:m71)

= maXx p(Xm | Zm)p(zm ‘ Zm— 1) max P(Zl m—1,Xl:m— 1)
Zm—1 1:m—2

5m—1(zm—1)
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Machine Learning 2. Inference

B
Viterbi Algorithm “

6m(zm) = zTaXI P(lem,xl:k)

= max P(Xm | zZm)p(zm | Zm—1)P(Z1:m—1, X1:m—1)

= max p(Xm | Zm)p(zm ‘ mel) max p(zl:mflyxlimfl)
Zm—1 Z1:m—2

-~

6m—1(zm—1)

We also keep track of the maximizing sequence in each step
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Machine Learning 2. Inference

Viterbi Algorithm

6m(zm) = zTaXI P(lem,xl:k)

= max P(Xm | zZm)p(zm | Zm—1)P(Z1:m—1, X1:m—1)

= max p(Xm | Zm)p(zm ‘ mel) max p(zl:mflyxlimfl)
Zm—1 Z1:m—2

-~

6m—1(zm—1)

We also keep track of the maximizing sequence in each step
am(zm) = argmax; 6m—1(1)p(zm = j | Zm—1 = I)p(Xm | Zm = j)
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Machine Learning 2. Inference

Viterbi Algorithm

6m(zm) = ZTaXI P(lem,xl:k)

= ZrlT-]axl p(Xm | Zm)P(Zm ‘ mel)P(lemfl,Xlszl)

= maXx p(Xm | Zm)p(zm ‘ mel) MmaX P(lem—17X1:m—1)
Zm—1 Z1:m—2

-~

6m—1(zm—1)

We also keep track of the maximizing sequence in each step
am(zm) = argmax; dm—1()p(zm = j | Zm—1 = 1)p(Xm | Zm = Jj)
most probable final state zy,

zy, = arg max; op (/i)
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Machine Learning 2. Inference

Viterbi Algorithm

6m(zm) = zTaXI P(lem,xl:k)

= ZrlT-]axl p(Xm | Zm)P(Zm ‘ mel)P(lemfl,Xlszl)

= maXx p(Xm | Zm)p(zm ‘ mel) MmaX P(lem—17X1:m—1)
Zm—1 Z1:m—2

6m—lz;m—1)
We also keep track of the maximizing sequence in each step
am(zm) = argmax; dm—1()p(zm = j | Zm—1 = 1)p(Xm | Zm = Jj)
most probable final state zy,
zy, = arg max; op (/i)
traceback:
Zp = amt1(Zp41)
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Example
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Machine Learning 2. Inference

Kalman Filter

» State Space Models (SSM) are like HMM, except hidden states are
continuous
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Machine Learning 2. Inference

Kalman Filter

» State Space Models (SSM) are like HMM, except hidden states are
continuous

» special cas LG-SSM, all the CPDs are linear-Gaussian
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Kalman Filter

» State Space Models (SSM) are like HMM, except hidden states are
continuous

» special cas LG-SSM, all the CPDs are linear-Gaussian

» Transition model and observation model are linear function
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Machine Learning 2. Inference

Kalman Filter

» State Space Models (SSM) are like HMM, except hidden states are
continuous

» special cas LG-SSM, all the CPDs are linear-Gaussian
» Transition model and observation model are linear function

»

Zm = AmZm-1+ €m, €m System noise (Gaussian) ,
em ~ N(0, Qm)

Ym = CmZm + 0m, Om observation noise (Gaussian) ,
em ~N(0,Rnm)
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Machine Learning 2. Inference

Inference Kalman Filter

» initial belief state Gaussian p(z1) = N (p1)0, Z1)0) then
p(zm | yi:m) = N(itm, Zm) are Gaussian
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Machine Learning 2. Inference

Inference Kalman Filter

» initial belief state Gaussian p(z1) = N (p1)0, Z1)0) then
p(zm | yi:m) = N(itm, Zm) are Gaussian

» online case is analogous to Forward Algorithm for HMM
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Machine Learning 2. Inference

Inference Kalman Filter

» initial belief state Gaussian p(z1) = N (p1)0, Z1)0) then
p(zm | y1:m) = N(ttm, Xm) are Gaussian
» online case is analogous to Forward Algorithm for HMM

» offline case is analogous to Forward-Backward-Algorithm for HMM

[m]
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Machine Learning 2. Inference

Inference Kalman Filter

v

initial belief state Gaussian p(z1) = N(u1)0, Z1)0) then
p(zm | y1:m) = N(ttm, Xm) are Gaussian
online case is analogous to Forward Algorithm for HMM

v

v

offline case is analogous to Forward-Backward-Algorithm for HMM

v

Kalman Filter: algorithm for exact Bayesian filtering for LG-SSM
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Machine Learning 2. Inference

Inference Kalman Filter

» initial belief state Gaussian p(z1) = N (p1)0, Z1)0) then
p(zm | yi:m) = N(itm, Zm) are Gaussian

» online case is analogous to Forward Algorithm for HMM
» offline case is analogous to Forward-Backward-Algorithm for HMM
» Kalman Filter: algorithm for exact Bayesian filtering for LG-SSM

» marginal posterior at time m

p(zm | yi:m) = N(zm | ttm, Zm)

Lars Schmidt-Thieme, Information Systems and Machine Learning Lab (ISMLL), University of Hildesheim, Germany
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Machine Learning 2. Inference

Algorithm

Prediction Step:

[m]
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Machine Learning 2. Inference

Algorithm

Prediction Step:

p(Zm | yl:m—l) = N(Zm ’ Hm|m—1, Zm\m—l)

[m]

=
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Machine Learning 2. Inference

Algorithm

Prediction Step:

p(Zm | YI:m—l) = N(Zm ’ KEmim—1, Zm\mfl)
HEmim-1 = Ampm—1

Zm|m—1 = Amzm—lAL + Qm

[m]
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Machine Learning 2. Inference

Algorithm

Prediction Step:

p(Zm | YI:m—l) = N(Zm ’ KEmim—1, Zm\mfl)
HEmim-1 = Ampm—1

Zm|m—1 = Amzm—lAL + Qm
Update Step:

[m]

=

Lars Schmidt-Thieme, Information Systems and Machine Learning Lab (ISMLL), University of Hildesheim, Germany

16

/22



Machine Learning 2. Inference

Algorithm

Prediction Step:

p(Zm | YI:m—l) = N(Zm ’ KEmim—1, Zm\mfl)
HEmim-1 = Ampm—1

Zm|m—1 = Amzm—lAL + Qm
Update Step:

P(Zm | }/m7)/1:m71) 08 p()’m | Zm)P(Zm | }/1:m71)

[m]

=
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Machine Learning 2. Inference

Algorithm
Prediction Step:

p(Zm | YI:m—l) = N(Zm ’ KEmim—1, Zm\mfl)
HEmim-1 = Am:u'm—l
Zm|m—1 = Amzm—lAL + Qm

Update Step:

P(Zm | }/m7)/1:m71) 08 p()’m | Zm)P(Zm | }/1:m71)
p(Zm ’ yl:m) = N(Zm | Hm, Zm)
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Machine Learning 2. Inference

Algorithm
Prediction Step:

p(Zm | YI:m—l) = N(Zm ’ KEmim—1, zm\mfl)
HEmim-1 = Am:u'm—l
Zm|m—1 = Amzm—lAL + Qm

Update Step:

p(zm | Ym, Yi:m—1) X P(Ym | Zm)P(Zm | Y1:m—1)
P(zm | yi:m) = N(Zm | fim, Zm)
Bmlm—1 = Bmlm—1 + Kmfm
mim1 = (I = KnCon) Emjm-1
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Algorithm

with r, residual or innovation

[m]

=
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Machine Learning 2. Inference

NN
Algorithm “

with r, residual or innovation

A ~
'm=Ym — Ym
Im £ CmMm|m—1

] = =
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Machine Learning 2. Inference

Algorithm

with r, residual or innovation

A

Ym — Ym
CmMm|m—1

[I>

Im

Ym

>
[>

and K, Kalman gain matrix

Km £ Zm|m71Cr;lr-5r;1
Sm £ szm|m,1Cn—{,— + Rm

[m] = = =
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Machine Learning 2. Inference

Algorithm

with r,, residual or innovation

[I>

A

Ym — Ym
CmMm|m—1

Im

Ym

>
[>

and K, Kalman gain matrix

Km £ Zm|m71Cr;lr—5r;1
Sm 2 ConZmim-1C + Rm

All quantities for algorithm

[m] = = =
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Machine Learning 2. Inference

Kalman Smoothing Algorithm

Analogous to Forward-Backward Algorithm for HMM
Backwards equations:
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Machine Learning 2. Inference

Kalman Smoothing Algorithm

Analogous to Forward-Backward Algorithm for HMM
Backwards equations:
p(zm | yi:m) = N (timims L mim)
HEmim = Hm + Jm(,UJm—&—1|M - Nm—i—l\m)
Zmim = T+ In(Emram = Zmiam) I

Jm =Xm AL +1Zm+1|m
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Machine Learning 2. Inference

Kalman Smoothing Algorithm

Analogous to Forward-Backward Algorithm for HMM
Backwards equations:

p(zm | yi:m) = N (timims L mim)
HEmim = Hm + Jm(,UJm—&—1|M - ,um—l—l\m)
St = Zm + Im(Ems1im = Emsjm)

Jm =Xm AL +1Zm+1|m

Jm is the backwards Kalman gain matrix
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Machine Learning 2. Inference

Kalman Smoothing Algorithm

Analogous to Forward-Backward Algorithm for HMM
Backwards equations:

p(zm | yi:m) = N (timims L mim)
HEmim = Hm + Jm(um+1|M - Nm—l—l\m)

oM = Zm + Im(Emr1m — Zing1jm) I

Jm =Xm AL +1Zm+1|m

Jm is the backwards Kalman gain matrix
Initialized with p,, and X, from the Kalman Filter
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Outline

3. Learning

[m]

=

nae
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Machine Learning 3. Learning

Learning HMMs

How to estimate the parameters 6 = (, A, B).

[m]

=
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Machine Learning 3. Learning

Learning HMMs

How to estimate the parameters 6 = (, A, B).

7(i) = p(z1 = i) initial state distribution,
A(i,j) = p(zm = j | Zm—1 = i) transition matrix and

B are the parameters of the class-conditional densities p(xm, | zm = Jj).
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Learning HMMs

How to estimate the parameters 6 = (, A, B).

7(i) = p(z1 = i) initial state distribution,
A(i,j) = p(zm = j | Zm—1 = i) transition matrix and
B are the parameters of the class-conditional densities p(xm, | zm = Jj).

Algorithm:
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Machine Learning 3. Learning

Learning HMMs

How to estimate the parameters 6 = (, A, B).

7(i) = p(z1 = i) initial state distribution,

A(i,j) = p(zm = j | Zm—1 = i) transition matrix and

B are the parameters of the class-conditional densities p(xm, | zm = Jj).
Algorithm:

Baum-Welch-Algorithm (EM-Learning)
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Machine Learning 3. Learning

B
Baum-Welch-Algorithm “

» Uses EM-Algorithm to find the maximum likelihood estimate of the
parameters of a HMM
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» finds local maximum for 8* = maxg p(X | 9)
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Machine Learning 3. Learning

Baum-Welch-Algorithm

» Uses EM-Algorithm to find the maximum likelihood estimate of the
parameters of a HMM

» given observed feature vectors

» finds local maximum for 8* = maxg p(X | 9)

» Set = (A, B, ) with random initial conditions (if not no prior
information is known)
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Baum-Welch-Algorithm

» Uses EM-Algorithm to find the maximum likelihood estimate of the
parameters of a HMM

» given observed feature vectors

» finds local maximum for 6* = maxy p(X | 6)

» Set = (A, B, ) with random initial conditions (if not no prior
information is known)

» Use Forward an d Backwards Algorithms to calculate temporary
variables:

Lars Schmidt-Thieme, Information Systems and Machine Learning Lab (ISMLL), University of Hildesheim, Germany
20



Machine Learning 3. Learning

Baum-Welch-Algorithm

» Uses EM-Algorithm to find the maximum likelihood estimate of the
parameters of a HMM

» given observed feature vectors

» finds local maximum for 6* = maxy p(X | 6)

» Set = (A, B, ) with random initial conditions (if not no prior
information is known)

» Use Forward an d Backwards Algorithms to calculate temporary

variables: ~;(m) = p(zm =i | x1:m,0) = %
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Machine Learning 3. Learning

Baum-Welch-Algorithm

» Uses EM-Algorithm to find the maximum likelihood estimate of the
parameters of a HMM

» given observed feature vectors

» finds local maximum for 6* = maxy p(X | 6)

» Set 6 = (A, B, ) with random initial conditions (if not no prior
information is known)

» Use Forward an d Backwards Algorithms to calculate temporary

variables: ~;(m) = p(zm =i | x1:m,0) = %

fu(m) = P(Zm =iZmy1 =] ‘ Xl:m79)
_ i(m)a;Bi(m + 1)bj(xm11)
> m @m(m)Bm(m)

aijj = p(zm=J | zm-1=1),p(Xmt1 | Zm =J) = bj(Xm+1)
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Machine Learning 3. Learning

B
Baum-Welch-Algorithm “

» Uses EM-Algorithm to find the maximum likelihood estimate of the
parameters of a HMM

» given observed feature vectors

» finds local maximum for 6* = maxy p(X | 6)

» Set 6 = (A, B, ) with random initial conditions (if not no prior
information is known)

» Use Forward an d Backwards Algorithms to calculate temporary

variables: ~;(m) = p(zm =i | x1:m,0) = %

fu(m) = P(Zm =iZmy1 =] ‘ Xl:m79)
_ i(m)a;Bi(m + 1)bj(xm11)
> m @m(m)Bm(m)

aj = p(zm =J | zm-1= 1), P(xm+1 | Zm = j) = bj(Xm+1)
» 0 can now be updated using M-Step

Lars Schmidt-Thieme, Information Systems and Machine Learning Lab (ISMLL), University of Hildesheim, Germany



Machine Learning 3. Learning

EM for LG-SSM

» if we only observe output sequence we can use EM

[m]

=

Lars Schmidt-Thieme, Information Systems and Machine Learning Lab (ISMLL), University of Hildesheim, Germany



Machine Learning 3. Learning

EM for LG-SSM \

» if we only observe output sequence we can use EM
» Quite similar to Baum-Welch Algorithm for HMMs
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» Quite similar to Baum-Welch Algorithm for HMMs

» Except use Kalman Smoothing instead of forward-backwards in the E
step
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Machine Learning 3. Learning

EM for LG-SSM \

v

if we only observe output sequence we can use EM
Quite similar to Baum-Welch Algorithm for HMMs

Except use Kalman Smoothing instead of forward-backwards in the E
step

v

\4

v

and use different calculation in the M step

Lars Schmidt-Thieme, Information Systems and Machine Learning Lab (ISMLL), University of Hildesheim, Germany
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Machine Learning

Further Readings

» [Murl2, chapter 17,18].

[m]

=
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