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Viterbi Algorithm and PCFGs

This is like the inside algorithm but we find the
maximum instead of the sum and then record it

d(p,p) = highest probability parse of a subtree N‘pq
Initialization: &(p,p) = P(N' »w,)

Induction:

6,(p,q) = max P(N' -»NIN*) & (p,r) 8 (r+1,0)

Store backtrace:

Yi(p,q) = argmax P(N'-»N/N¥) & (p,r) 6 (r+1,0)

From start symbol N, most likely parse t is:
P(t) = 8,(1,m)



Calculation of Viterbi probabilities (CKY algorithm)

] pl 2 = | 4 5
1| onp= 0.1 og = 0.0126 -0g = 0.000907
2 onp= 0.04 | oyp= 0.126 (S:‘,-‘p = 0.00907
Sy= 1.0 - 4
3 onp= 0.18 onp= 0.01296
4 op= 1.0 | o6pp= 0.18
5 onp= 0.18
astronomers | saw stars with ears
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Calculation of inside probabilities (CKY algorithm)

] 2 3 4 5
1| Bnp= 0.1 Bs = 0.0126 Bs = 0.001587
2 Bnp= 0.04 | Byp= 0.126 Byp= 0.01587
Bv= 1.0
3 Bnp= 0.18 Bnp= 0.01296
4 Bp= 1.0 Bpp= 0.18
5 Bnup= 0.18
astronomers 5aw stars with edrs
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Two settings for learning

= Learning from complete data

Everything is “observed” “visible”, examples are
parse trees

Cf. POS-tagging from tagged corpora
PCFGs : learning from tree banks,
Easy : just counting

= Learning from incomplete data
Harder : The EM approach
The inside-outside algorithm

Learning from the sentences (no parse trees
given)



A Penn Treebank tree (POS tags not shown)
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