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Markov model: Move fromstate to state a

ording to prob-ability distribution of ea
h stateand emit states visited:
Hidden Markov model: Movefrom state to state in the same way,but emit a symbol a

ording to prob-ability distribution instead:

, , , , , ,. . . , , , , , ,. . .Note: In many situations we are only interested in �nite sequen
es ofobservations � thus a hidden Markov model often have spe
ial start and endstates
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HMMs in Bioinformati
s

• Sequen
e family modelling

• Gene �nding
• Se
ondary stru
ture predi
tion

• Transmembrane helix predi
tion... Start mat
h 1

A : 0.8...

T : 0.1

mat
h 2

A : 0.04...

T : 0.01

End- - -

Pro�le HMMAG

TGHuman Mouse Bird Alligator
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The Viterbi Algorithm
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The Viterbi Algorithm
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The Viterbi Algorithm
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The Viterbi Algorithm
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Legend:Non-silent state Silent state Any state Hidden Markov Models � 4/??



The Viterbi Algorithm
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Re
ursions yield Viterbi algorithm that 
ompute maximum likelihoodexplanation in time O(|s| · #transitions) and spa
e O(|s| · #states)Hidden Markov Models � 4/??



The Forward Algorithm
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ursions yield forward algorithm that 
ompute sequen
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Sto
hasti
 Context-Free Grammars

SX

1

4→ X ✈ Y SY Y ✈ X

1

6→ X Y SY Y X

1

3→ CX,X

1

6→ SXSX

1

12→ ǫ

CX,Y

1

2→ X Y

1

3→ X Z CZ,Y

1

6→ SXCX,Y

Repla
e non-terminals a

ording toprobability distribution until onlyterminal symbols are left. Extendson the 
apabilities of an HMM byallowing the modelling of nesteddependen
ies:
ǫ

SSinLon ✈ Sin Sin ✈ Lon

SLonOx Lon Lon Ox

SOx

Pem Ox

LD Pem CPem,OxOx LD CLD,Ox

COx,Ox

SOx

SOx
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SCFGs in Bioinformati
s

• RNA se
ondary stru
turepredi
tion/modelling
• Antiparallel β strands mightbe a future possibility

S → LS | L

F → aFu | uFa | LS

L → a | u | aFu | uFa

aaauuua uaa a u a aaauu
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Chomsky Normal FormIn a grammar on Chomsky normal form, non-terminals are repla
ed byeither
• the empty string (X → ǫ),

• a terminal symbol (X → σ),
• or two non-terminals (X → Y Z).All (sto
hasti
) 
ontext-free grammars 
an be 
onverted to Chomskynormal form:

S → LS | L

F → aFu | uFa | LS

L → a | u | aFu | uFa

⇒

S → LS | LE

F → AF1 | UF2 | LS

L → a | u | AF1 | UF2

E → ǫ

A → a

U → u

F1 → FU

F2 → FA
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CYK AlgorithmAssume grammar G is CNF (and only ǫ repla
ement is S → ǫ).Basis: Find probabilities that non-terminals generate single symbols ofthe string.
s:

i

X

FCYK JX, s[i..i]K = P (X → s[i])

Re
ursion: Combine parses of neighbouring substrings.
s:

Y Z

X

i k k + 1 j

FCYKJX, s[i..j]K =

max
k,Y,Z

P (X → Y Z)·

FCYK JY , s[i..k]K · FCYK JZ, s[k + 1..j]K
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Inside AlgorithmAssume grammar G is CNF (and only ǫ repla
ement is S → ǫ).Basis: Find probabilities that non-terminals generate single symbols ofthe string.
s:

i

X

Fin JX, s[i..i]K = P (X → s[i])

Re
ursion: Combine parses of neighbouring substrings.
s:

Y Z

X

i k k + 1 j

FinJX, s[i..j]K =
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k,Y,Z

P (X → Y Z)·

Fin JY , s[i..k]K · Fin JZ, s[k + 1..j]K
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