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=stochastic process

v" A stochastic process {X(t),t € T} is a collection of random variables.
That is, foreach t € T, X(t) is a random variable. The index t is often
interpreted as time and, as a result, we refer to X(t) as the state of
the process at time t.

e ThesetT isca

lled the index set of the process.

e When T is a countable set ... a discrete-time process.

e If T is an interval of the real line, ... a continuous-time process.
e The state space (IRZA%3[7]) of a SP is defined as the set of all possible

values of that
v" ASPis a family

random variables X (t) can assume.

of random variables that describes the evolution

through time of some (physical) process.

a S. M. Ross, “Introduction to Probability Models”, 8t ed.




Markov Property

v Curse of dimensionality
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P(X¢|X1.0—1) = P(Xpl1Xe2q), B XR?
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Andrey Markov

http://en.wikipedia.org/wiki/Andrey Markov

Retrieved Jan 15 2014

Hidden Markov model
Gauss—Markov process

Hidden Markov model
Markow blanket

e inequalities

Markov chain Monte Carlo
Markov decision process
Markov's inequality
Markov information source
Markov network

« Markov number

+ Markov property
« Markov process
+ Subjunctive possibility
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Markov Chain & /RA L 5%

v"Markov chain (discrete-time Markov chain or DTMC)
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http://en.wikipedia.org/wiki/Markov chain
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o RGWIIEA  Initialization: P(X)BiE X, = x4
e Transition probability: A = P(X;4+11X¢)
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v Transition probability matrix’#% £% W 28 5 [

o A2—/NN x NIFIAERE

* Ajj = P(Xe = jlXt—1 = 1) 09 0075 0.025

o 17191 P=1015 08 005].
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T
o T = Am

v Google PageRankH fajt.!




Hidden Markov Model




/= 1ML - g SN O S I gy [ g

B ERIVRAIP R IFESEAIER 2
v Billn, fEESEFESIRBY, ZEHstroke?® A fEDTMC
Bz, IADTMCELEER TEST 5115

o FEJMEHIZE H N Z: ! (PRML Fig. 13.5)

o RS A?

Z Z2




s

T

v Q(q): F&ZFE (hidden variable), A A] WM HRES

v N: number of states IRA&ZL {Sy, ..., Sy}

v 0(0): M %Z{H (observations), 1404, 05,

v T: number of possible observation values¥l 22 {5 £

vV TT: %ﬂﬁlﬁ’pﬁ, j = P(Ch = Sj)

/24‘) transition probability matrix, A;; = P(qc4+1 = Sjlq: =
l

v B: emission probability /& H W £ {5 F)HE R

* bs;(k) = P(or = k|q; = §j)
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Problem 1. Evaluation
v BTN
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Problem 2: Decoding

& TN
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o HEANPrifEcriterion

& iy
o —NERTEEMRAEERIX, - HE

v 'ﬁz/ e ?
o W, WHEIRMAREREEFLFRE N (KB

m g2

o A LR R SRR 2540, DAy




o

Problem 3: Learning
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e HMM Tutorial:
http://ieeexplore.ieee.org/xpls/abs all.jsp?arnumber=18626&tag=1

e HMM software: HTK in http://htk.eng.cam.ac.uk/
e PRML 13.1, 13.2
e Graphical model: PRML chapter 8, 9, 10, 11, 12, 13

e Graphical model: “Probabilistic Graphical Models:
Principles and Techniques” by Daphne Koller and Nir
Friedman; http://mitpress.mit.edu/books/probabilistic-
graphical-models



http://ieeexplore.ieee.org/xpls/abs_all.jsp?arnumber=18626&tag=1
http://htk.eng.cam.ac.uk/
http://mitpress.mit.edu/books/probabilistic-graphical-models

