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Handwriting recognition

Character recognition, e.g., logistic regression
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Example of a hidden Markov model (HMM)
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Understanding HMM Semantics

e sss— ==




e —————————————
e e

e —

HMMs semantics: Details
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Just 3 distributions:

P(X1)
P(X; | X;-1)
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Using and Learning HMM's
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1. How do we calculate P(o4, 0,, ... 0,)) ?

2. How do we calculate argmax over X, X,, ... X,
of P(xy, X5, ... X, |04 0y, ...0,) 7

3.How do we train the HMM, given its structure and
3a. Fully observed training examples: <xq, ... X, 0; ... 0, >

3b. Partially observed training examples: <o, ... o> £ est F[X;’Xn- 'Xk \'cﬂ
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How do we generate a
random output

sequence following
the HMM P(oq, 00, ...




How do we compute
P(o1,02,...0T)

1. brute force:

2. Forward algorithm (dynamic progr., variable elimination):
define | (k) =f(01, 02, . . OtaXt = k) |

ay (k) = P(x O P0.. o |x,=£) = Pk Plo, )%=
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How do we compute
P(Xt — k|017 02, ... OT)
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2. Backward algorithm (dynamic progr., variable elimination):
Oét(k) — P(017 02,...0¢, Xt = k)

define Bi(k) = P(0441,0142,...07| Xy = k)

P(Xy =k,01,02,...07)
P(o1,02,...071)

P(Xt — k‘017027 s OT) —



How do we compute C'
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Viterbi algorithm, based on recursive
computation of

5t(/€) = xlmax_l P(:Bl, L1 X = k,o1,00,... Ot)



Learning HMMs from fully observable data: easy

Learn 3 distributions:

P(X1)

P(O; | X;)

P(X; | X;-1)



Learning HMMs when only observe o1...0T
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What you should know//
 Hidden Markov models HMI\/Is

— Very useful, very powerful! )
— Speech, OCR, time series,

— Parameter sharing, only learn 3 distributions

— Dynamic programming/variable elimination reduces
inference costs

— Special case of Bayes net
— Special case of Dynamic Bayesian Networks
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