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So far

So far, how to obtain "shared forest' (all parse trees):
1. Start with two-dimensional array of spans
2. Initialize with words spanning single unit

3. Build each constituent out of adjacent sub-constituents (bottom up)
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So far

So far, how to obtain "shared forest' (all parse trees):
1. Start with two-dimensional array of spans
2. Initialize with words spanning single unit
3. Build each constituent out of adjacent sub-constituents (bottom up)

Can show many possible bracketings (exponential on number of words)
Today: choose among multiple possible bracketings using probability

As with HMM, can get global max through local optimization
HMM: calc prob of each possible path from probs of pre xes

PCFG: calc prob of each possible tree from probs of sub-trees
(bottom-up, in poly. time, on shared forest)
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Syntactic ambiguity

Example sentence with multiple bracketings/trees:

(0) Press (1) button (2) under (3) handle (4)

VP VNP V  press

VP VP PP NP button
Rules used:

NP NP PP P under

PP P NP NP handle
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Example sentence with multiple bracketings/trees:

(0) Press (1) button (2) under (3) handle (4)

VP VNP V  press
NP button
Rules used:
NP NP PP P under
PP P NP NP handle

Rule NP NP PP'notused: “press [button under handle]”
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Parsing as a stochastic process

What should weights/probabilities on rules be?
View sentence generation as stochastic process:
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View sentence generation as stochastic process:

Xij S

NP} %)

1. choose initial constituent label (speaker: let's generate a sentence!)
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Parsing as a stochastic process

What should weights/probabilities on rules be?
View sentence generation as stochastic process:

Xij S

NP} %)

1. choose initial constituent label (speaker: let's generate a sentence!)
usually there is only one option at root
Index-speci ¢ constituents can be unused () — but not at root
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Parsing as a stochastic process

What should weights/probabilities on rules be?
View sentence generation as stochastic process:

Xij S

NP } @Kij { Ki; ;

1. choose initial constituent label (speaker: let's generate a sentence!)

2. choose place to expand (split point k, in algorithm)

uniform probabillity, since speaker probably doesn't care
(we can therefore ignore this later)

or, maybe "heavyness' goes here
(prefer “give it to the manager” to “give the manager it”)
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Parsing as a stochastic process

What should weights/probabilities on rules be?
View sentence generation as stochastic process:

Xij S
NP } Kij 1
Xikj S SPP Kij { 2
S NPVP } Xik | -
(if Kij K)
1. choose initial constituent label (speaker: let's generate a sentence!)
2. choose place to expand (split point k, in algorithm)

3. choose grammar rule to expand constituent label (e.g.: S S PP)
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Parsing as a stochastic process

What should weights/probabilities on rules be?
View sentence generation as stochastic process:

Xij S
NP }
Xik | S SPP Kij
S NPVP } Xik
(ifKi; K

1. choose initial constituent label (speaker: let's generate a sentence!)

2. choose place to expand (split point k, in algorithm)

3. choose grammar rule to expand constituent label (e.g.: S S PP)

this is where the real decisions will be made
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Parsing as a stochastic process

What should weights/probabilities on rules be?
View sentence generation as stochastic process:

Xij S
NP }
Xik | S SPP Kij
S NPVP } Xik
(ifKi; K

1. choose initial constituent label (speaker: let's generate a sentence!)

2. choose place to expand (split point k, in algorithm)

3. choose grammar rule to expand constituent label (e.g.. S S PP)
probabilities depend on Kjj only to set unused ( )

model probabilities therefore of form:  Xij X
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Parsing as a stochastic process

What should weights/probabilities on rules be?
View sentence generation as stochastic process:

X
Kij 1
Xik | S SPP { 2
S NPVP
(ifKi; K

R

choose Initial constituent label (speaker: let's generate a sentence!)
choose place to expand (split point K, in algorithm)
choose grammar rule to expand constituent label (e.g.. S S PP)

choose derived constituent label (completely determined by rule)
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Parsing as a stochastic process

What should weights/probabilities on rules be?
View sentence generation as stochastic process:

X
Kij 1
Xik | S SPP { 2
S NPVP
(ifKi; K

a k~ 0D PF

choose Initial constituent label (speaker: let's generate a sentence!)
choose place to expand (split point K, in algorithm)

choose grammar rule to expand constituent label (e.g.. S S PP)
choose derived constituent label (completely determined by rule)

repeat from step 2
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Process reversed in forest construction

Model is repeated at each span / split point — essentially shared forest:
Xij S
ij 1

NP } Kod K
Xej S SPP .“ﬁ:}. { 2

S NPVP }
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Process reversed in forest construction

Model is repeated at each span / split point — distribution at each RV:
Xij S
i 1

NP } Kod K
Xikj
S SPP .“ﬁ:}. { 2
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Process reversed in forest construction

Model is repeated at each span / split point — e.g. Viterbi at each RV:
Xij S
NP } X0z Kij 1
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Process reversed in forest construction

Model is repeated at each span / split point — calc. distribs bottom up
Xij S
ij 1

NP } Kod K
Xej S SPP .“ﬁ:}. { 2

S NPVP }
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Process reversed in forest construction

Model is repeated at each span / split point — Vit: trace max from root
Xij S
ij 1

NP } Kod K
Xej S SPP .“ﬁ:}. { 2

S NPVP }
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CKY algorithm

CKY (dynamic programming) parsing algorithm, using Viterbi:

for each observation w; from Wg to W, 1
for each rule "A  wW;'in grammar G } (init. unit spans Y 1)
" Y =A™ AQ AW
for each di from 1 to n
foreach i fromOton di
foreach kfromi 1tol di 1 (each split Kj; outcome)

for each rule 'A B C'ingrammar G  (each rule Yjgj outc.)

" Y gimA T YaEB Yk ai=C AQA BCA

(eaCh span Yij where | | di)

Assumes CNF (binary branching) grammar. Runs in O n3 .

(P™ Qis intended to mean P max P Q , like *+=" operator)
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Next time

This was how to choose among multiple bracketings using probability
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Next time

This was how to choose among multiple bracketings using probability

Next time:

how to model more complicated syntactic constructions
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