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ABOUT HIDDEN MARKOV MODELS

Time series or point process context

Unobserved (hidden) Markov chain —
often with a fixed number of
Interpretable states

Each state has a different distribution
associated with it —
these are often ‘well-separated’

Generalization of mixture model
by including time dependency



ARCHITECTURE OF HMM

observed process — distribution for each state
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underlying Markov state — transition matrix
unobserved



SIMPLE SIMULATED EXAMPLE

MC has 2 states
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TRACTABLE

Baum-Welch algorithm

» special case of EM algorithm

« forward / backward recursions through data
ML estimates of parameters

e posterior probability of state for each sample
and likelihood

Viterbi algorithm

 calculates the most likely sequence of
hidden states for the whole series
given the observed data



ANALYSIS

A certain amount of rather pleasant
mathematics and programming
IS Involved In deriving the

o Complete-data log-likelihood
o Optimizing it for parameter estimates

* Proving the forward and backward
recursions

e Coding it all efficiently



NZIMA HMM Programme

NZIMA sponsored programme during 2005
Directed by David Vere-Jones
2 workshops and a seminar series

Wide range of applications and fields of
collaboration

Objectives:

This Programme aims to extend and exploit
these developments through sharing expertise
within and beyond New Zealand, and pooling
iIdeas from the wide range of problems
currently being tackled by these technigues
within New Zealand.



*HMMs In NZ” Programme

Many complex systems are observed through data
which do not directly reflect the underlying dynamics.

Hidden Markov models (HMM) form a remarkably
general and elastic framework for modelling such
partially observed systems.

Recent developments, based on the expectation-
maximization (EM) algorithm, particle filters, and
others, allow model testing and parameter estimation
to be carried out within broad classes of such
systems.



NZIMA HMM Programme

Resources available through Web

e Tutorials
http://nzsa.rsnz.org/HMM1/programme.htm

http://nzsa.rsnz.org/HMM?2/programme.htm

or emaill roger.littlejohn@agresearch.co.nz
« EXxpert lectures
« David Harte’s R package

http://www.statsresearch.co.nz/software.html

 Bibliography (limited)




NZIMA HMM Programme

* Describe some examples that were presented to
give a feel for the workshop content

* If you want access to printed material, most of it
Is now offline, so contact me



Neurophysiology — Emery Brown



lon Channels — Robin Milne



Rainfall — Peter Thomson



Wind — Pierre Ailliot



Vulcanology — Mark Bebbington



OTHER APPLICATIONS

« Seismology, David Vere-Jones:
Markov Modulated Poisson Process

* Finance:
modelling volatility — variance (rather than
mean) changes with state

* Bioinformatics — gene discovery
major applications, standalone software

* Oceanography, Endocrinology,
Telecommunications, Epidemiology



MY INTERESTS

e Biting Time Series (cattle, sheep, deer)
with Wendy Griffiths

* Feeding Bouts (deer)
with lan Corson and Aaron Bryant

« Urination studies (sheep)
with Keith Betteridge

* GenStat Procedure
work in progress - several ‘false starts’;
checked against David Harte’s R package



BITING TIME SERIES DATA

*Force on feeding tray caused by bites;
50 samples per second for up to 20 s;

(X, Y, Z) components: we consider only z
component.

e[nterval over which force is in different
states.






Main features: States of Process

Bite: z > 0 and large; follows gathering
Quiet: z = 0 (approx)

Tear: z > 0 and small; during quiet periods
Gather: z<0



Semi-Markov Process for Intervals

Non-exponential durations as process passes
through a sequence of states
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Pre-processing of data

Samples allocated to states using
Viterbi algorithm with coarse state
definition

followed by manual checking

& a small amount of reallocation
for certain characteristic cases.

Obtain Amplitude and State
for each sample.
Need a more formal HMM application.



DEER FEEDING POINT PROCESSES

o 2 groups of 7 deer

« Electronic monitoring of individual feeds
over 10 days

e Group dynamics
* Diurnal patterns



Group 1; Day 3

Midnight — 6 am

6 am — Midday

Midday- 6 pm

6 pm - Midnight



SIMPLE BERNOULLI HMM

From The importance of ‘memory' in statistical models
for animal feeding behaviour - Allcroft, D.J., Tolkamp,
B.J., Glasbey, C.A. and Kyriazakis, |. 2004
(Behavioural Processes, 67, 99-109).




SIMPLE BERNOULLI HMM

P — P11 1- P11
1- P2 P2
P=(1 p,)

Fitted for each individual.
Need to introduce non-geometric sojourn

times, diurnal pattern, group dynamics

Also looking at
Markov modulated Poisson Process



URINATION MONITORING

* Flock of sheep
e 14 with GPS devices
e Data collected for 2 days

 To save storage space, recording
triggered by movement or urination

« Urination events recorded,
subject to contamination

* Object to identify all urinations
 Infer rest times from position






3 STATE HMM

1. Urination

2. Exponential decline post-urination to
elevated baseline

3. Stable / contamination / noise

0 P12 1- P12
P= 0 Py 1- P,y
1- Ps3 0 Pss3
gammadl arge)
P = N(autoregresion)

N(Wienel)
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3 STATE HMM

1. Need to incorporate further
idiosyncratic features of data
2. Allocation of states not yet satisfactory

3. Real issue Is spatial distribution of urine
patches and point process properties of
urination events



COMMENTS ON APPLICATIONS

1. Work in progress ...

2. These processes are quite a lot more
complicated than a ‘2-state normal HMM’

3. Distributional model needs to be
appropriate, with good initial values, to
work well.



GENSTAT PROCEDURE

« work in progress
e several ‘false starts’;

* checked against David Harte’s R package
(normal, lognormal, exponential, gamma,
beta, Poisson , binomial)

o E-step — doesn’t depend on distribution
M-step — entirely depends on distribution

e Variate or Matrix formulation for forward and
backwards recursions

e Scaling to prevent numerical underflow
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