Hidden Markov Models
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Markov model: Move from
state to state according to prob-
ability distribution of each state
and emit states visited:
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Hidden Markov model: Move

from state to state in the same way,
but emit a symbol according to prob-
ability distribution instead:
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Note: In many situations we are only interested in finite sequences of

observations — thus a hidden Markov model often have special start and end

states
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e Sequence family modelling

-match 1 - -match 2
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e Sequence family modelling

TN TN
delete 1 delete 2

-match 1 - - match 2
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e Sequence family modelling

TN TN
delete 1 delete 2

msert 1

A:0.3
T:0.1

-match 1 - -match 2
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'HMMs in Bioinformatics

e Sequence family modelling

TN PN
delete 1 delete 2

insert () msert 1 insert 2

-match 1 - -match 2 -
A:0.8 A:0.04 @
T 0.1 T 0.01
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HMMs in Bioinformatics

e Sequence family modelling
e Gene finding
e Secondary structure prediction

e Transmembrane helix prediction

Profile HMM
PN
Human Mouse Bird  Alligator
TG G ACAG  CAGT
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TN TN
delete 1 delete 2
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insert 1 insert 2
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The Viterbi Algorithm
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The Viterbi Algorithm
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= Ryit |5, Guonr~Ed)]

where

R [[3[12], P]] = maéx{RVit [[s[l..i],.]] P (@—v )}

Ry [3[1..4], Gao~—~@]
= max {Ruit [s[1..i — 1], Gao~~@] - P (@-@)} - P (s[i] | @)

Legend:

‘ Non-silent state Silent state ‘ Any state




The Viterbi Algorithm

Legend:

‘ Non-silent state
= Rvit [“S‘,]] Silent state

Any state

where

Rui [i, ] = max { R [1, @] - P (@)}
Ry [i, @] = max { Ry [i — 1,8] - P (@-@)} - P (s[i] | @)

Recursions yield Viterbi algorithm that compute maximum likelihood
explanation in time O(|s| - #transitions) and space O(|s| - #states)
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The Forward Algorithm

Legend:

= wa [“8|,]] ‘ Non-silent state

Silent state

Any state

Rew [i, ?] =) {Rew [i, @] - P (@)}

R [1,@] = ) {Riw[i — 1,@] - P (@-@)} - P (s[i] | @)

Recursions yield forward algorithm that compute sequence probability
in time O(|s| - #transitions) and space O(|s|- #states)

Hidden Markov Models — 5/77



Stochastic Context-Free Grammars

1 Replace non-terminals according to
S« O v ERy O x g :

probability distribution until only
X Wy By W X

terminal symbols are left. Extends
on the capabilities of an HMM by
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'SCFGs in Bioinformatics

e RNA secondary structure

prediction/modelling

S—LS|L
F — aFu|uFa|LS

L —alul|aFu|ulFa




Chomsky Normal Form

In a grammar on Chomsky normal form, non-terminals are replaced by

either
e the empty string (X — ¢),
e a terminal symbol (X — o),
e or two non-terminals (X — Y 7).

All (stochastic) context-free grammars can be converted to Chomsky

normal form:

S— LS|LFE A—a
S—LS|L

F—>AF1‘UF2‘LS U —nu
F — aFu|uFal|LS =

L—al|lu|AF |UF, N — FU
L —alul|aFu|ulFa

E — € Fy — FA
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CYK Algorithm

Assume grammar G is CNF (and only € replacement is S — ¢).

Basis: Find probabilities that non-terminals generate single symbols of
the string.

X
Foevk [ X, si..i]] = P(X — sli])
55 0—0—0—0—0—0—0—0—0—0—0

1
Recursion: Combine parses of neighbouring substrings.

Fovk [ X, s|i..j]] =
/ \ max P(X — Y 7).
k,Y.Z

CYK [[Y SZ ]{]] FCYK [[Z,S[k—l—lj]]]
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E kE+1
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Inside Algorithm

Assume grammar G is CNF (and only € replacement is S — ¢).

Basis: Find probabilities that non-terminals generate single symbols of
the string.

X
Fin [ X, s]i.i]] = P(X — sli])
55 0—0—0—0—0—0—0—0—0—0—0

1
Recursion: Combine parses of neighbouring substrings.

X Fin[X, s[i..j]] =
Y P(X —YZ)
k,Y.Z
/ \ ’/\ Ein [V, sli-k]] - Fin [Z, s[k + 1..4]]

E kE+1
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