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Architectural 
Decisions

•Representation: Phrase-Structures

•Model:        Probabilistic CFG

•Inference:   Chart/Agenda

•Learning:    ?

•Evaluation:  ?
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Motivation
(Google Research)

Thanks to Slav Petrov
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Introducing
English 
PS Learning
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The Learning Box
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Treebank PCFGs
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Treebank PCFGs
G = hN , T , S 2 N ,R, P i

?
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Treebank PCFGs
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Treebank PCFGs
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Treebank PCFGs
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Maximum Likelihood
Estimation (MLE)

⇥

⇤
= argmax

⇥
L(D;⇥)
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Maximum Likelihood
Estimation (MLE)

⇥

⇤
= argmax

⇥
L(D;⇥)

Likelihood
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Maximum Likelihood
Estimation (MLE)

⇥

⇤
= argmax

⇥
L(D;⇥)

LikelihoodMaximum
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Maximum Likelihood
Estimation (MLE)

⇥

⇤
= argmaxL(D,⇥)

= argmax

Y

⇡2D
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Maximum Likelihood
Estimation (MLE)

Under the constraint

X

{↵|A!↵2G}
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MLE Assumptions
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MLE Assumptions

•The sentences are generated by a PCFG

•The application of rules is independent

•In the limit MLE converges to true values
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•PCFG assumptions are false

•Independence is too strong

•Independence is too weak

•Non-sensitivity to lexical information

•Our data set is limites

But In fact:
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•PCFG assumptions are false

•Independence is too strong

•Independence is too weak

•Non-sensitivity to lexical information

•Our data set is limites

But In fact:

How much would we score on English then?
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ParsEval
Black et al. 1991
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ParsEval
• Turns trees T, G into sets

• Measure the sets' size

• Use the intersection 

Black et al. 1991
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ParsEval
• Turns trees T, G into sets 

• Measure the sets' size

• Use the intersection 
Precision(T,G) =

|T \G|
|T |

Recall(T,G) =
|T \G|
|G|

Fscore(T,G) =
2⇥ P ⇥R

P +R

Black et al. 1991
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ParsEval
Black et al. 1991
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•Independence assumptions too strong

•Independence assumptions too weak

•Non-sensitivity to lexical information

•Non-sufficient training data

But In fact:
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•Independence assumptions too strong

•Independence assumptions too weak

•Non-sensitivity to lexical information

•Non-sufficient training data

But In fact:

  Parsing English: 
75.00 Accuracy
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PCFGs for English (1)
•Independence assumptions too strong

G = hN , T , S 2 N ,R, P i

S

NP

He

VP

V

likes

NP

her
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Parent Encoding (1)
•Independence assumptions too strong

G = hN , T , S 2 N ,R, P i
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Parent Encoding (1)
•Independence assumptions too strong

G = hN , T , S 2 N ,R, P i
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Parent Encoding (1)
•Independence assumptions too strong
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Parent Encoding (1)
•Independence assumptions too strong

G = hN , T , S 2 N ,R, P i
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Parent Encoding (1)
•Independence assumptions too strong

G = hN , T , S 2 N ,R, P i

P (S ! NP@S, V P@S) = 1.0

P (V P@S ! V@V P,NP@V P ) = 1.0

P (NP@S ! He) = 1.0
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  Parsing English: 
80.00 Accuracy
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PCFGs for English (2)
•Independence assumptions too weak

G = hN , T , S 2 N ,R, P i
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PCFGs for English (2)
•Independence assumptions too weak

G = hN , T , S 2 N ,R, P i
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P (NP ! her) = 0.5

P (RB ! really) = 1.0
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PCFGs for English (2)
•Independence assumptions too weak

G = hN , T , S 2 N ,R, P i

S

NP

He

VP

RB

really

V

likes

NP

her

P (S ! NP, V P ) = 1.0

P (V P ! RB, V,NP ) = 1.0

P (NP ! He) = 0.5

P (V ! likes) = 1.0

P (NP ! her) = 0.5

P (RB ! really) = 1.0

P (”He really really likes her”) =?
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PCFGs for English (2)
•Independence assumptions too weak

G = hN , T , S 2 N ,R, P i
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He

VP
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likes
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her

P (S ! NP, V P ) = 1.0

P (V P ! RB, V,NP ) = 1.0

P (NP ! He) = 0.5

P (V ! likes) = 1.0

P (NP ! her) = 0.5

P (RB ! really) = 1.0

Undergeneration
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Binarize vs. Markovize 
•Independence assumptions too weak
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Binarize vs. Markovize 
•Independence assumptions too weak
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Binarize vs. Markovize 
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PCFGs for English (2)
•Independence assumptions too weak

G = hN , T , S 2 N ,R, P i

P (S ! NP, V P ) = 1.0

P (V P ! RB, V P ) = 0.5

P (V P ! V,NP ) = 0.5

P (NP ! He) = 0.5

P (V ! likes) = 1.0

P (NP ! her) = 0.5

P (RB ! really) = 1.0

P (”He really really likes her”) > 0

S
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really
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RB

Really
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V

likes

NP

her
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PCFGs for English (2)
•Independence assumptions too weak

G = hN , T , S 2 N ,R, P i

P (S ! NP, V P ) = 1.0

P (V P ! RB, V P ) = 0.5

P (V P ! V,NP ) = 0.5

P (NP ! He) = 0.5

P (V ! likes) = 1.0

P (NP ! her) = 0.5

P (RB ! really) = 1.0

S

NP

He

VP

RB

really

VP

RB

Really

VP

V

likes

NP

her

  Parsing English: 
~83.00 Accuracy
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PCFGs for English (3)
•Non-sensitivity to lexical information

G = hN , T , S 2 N ,R, P i
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PCFGs for English (3)
•Non-sensitivity to lexical information
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PCFGs for English (3)
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Lexicalization (3)
•Non-sensitivity to lexical information

S/saw

NP/He

He

VP/saw

V/saw

saw

NP/Jill

Jill

PP/glasses

P/with

with

NP/glasses

glasses
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Lexicalization (3)
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Lexicalization (3)
•Non-sensitivity to lexical information

S/saw

NP/He

He
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saw
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Jill
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Head-Driven Models
P (A ! Ln, . . . , L1, H,R1, . . . , Rm)

=P (H|A)⇥
nY

i=1

P (Li|�LiA,H)⇥

kY

i=1

P (Ri|�RiA,H)
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Head-Driven Models

P (A ! Ln, . . . , L1, H,R1, . . . , Rm)

A

H

@HL1

@HLn�1

Ln Ln�1

L1

@H

H @HR1

R1 @HRm�1

Rm�1 Rm
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Head-Driven Models
S

VP,H

@VP,HL1

He

@VP,H

H
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@VP,HR1

her

13 טסוגואב 15 ,ישימח םוי



Head-Driven Models
S

VP,H

@VP,HL1

He

@VP,H

H

likes

@VP,HR1

her

13 טסוגואב 15 ,ישימח םוי



Head-Driven Models
S

VP,H

@VP,HL1

He

@VP,H

H

likes

@VP,HR1

her

13 טסוגואב 15 ,ישימח םוי



Head-Driven Models
Think X-Bar TheoryS
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Head-Driven Models
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Head-Driven Models

  Parsing English: 
~87-89 Accuracy

Think X-Bar TheoryS

VP,H

@VP,HL1

He

@VP,H

H

likes

@VP,HR1

her
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PCFGs for English (4)
•Data sparseness and smoothing

S1

NP1

He

VP3

V3

saw

NP2

Jill

PP7

P1

with

NP3

glasses
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Latent Annotation (4)
•Binarize all trees

•Split symbols and compute scores

•Split (run I/O)

•Calculate gain

•Merge (run I/O)

•Smooth paradigm 

•Repeat
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Sentence Phrase-
Structure

Tree

CKY

PCFG

Treebank PCFGs

Phrase-Structure 
Trees

MLE

Treebank
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Sentence Phrase-
Structure

Tree

CKY

PCFG

Treebank PCFGs?

Sentences

MLE

Rules
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Inside/Outside 
•Start with some PCFG

•Calculate Inside Probability

•Calculate Outside Probabilities

•Calculate Expected Counts

•Re-estimating Rule probabilities

•Repeat

13 טסוגואב 15 ,ישימח םוי



Inside Probabilities
S

1 2 3 4 5 6 71
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Inside Probabilities
S

1 2 3 4 5 6 7

VP
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Inside Probabilities
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Inside Probabilities
S

1 2 3 4 5 6 7

VP

1

PIN (A, i, j) =
X

k,B,C

P (A ! B,C)

⇥ PIN (B, i, k)

⇥ PIN (C, k + 1, j)
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Outside Probabilities
S

1 2 3 4 5 6 71
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Outside Probabilities
S

1 2 3 4 5 6 7

VP

1
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Outside Probabilities
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Outside Probabilities
S
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Outside Probabilities
S

1 2 3 4 5 6 7

VP

1

13 טסוגואב 15 ,ישימח םוי



Outside Probabilities
S

1 2 3 4 5 6 7

VP

1

POUT (A, i, k) =
X

k,B,C

P (C ! A,B)

⇥ POUT (C, i, j)

⇥ PIN (B, k + 1, j)

+
X

k,B,C

P (C ! B,A)

⇥ POUT (C, i, j)

⇥ PIN (B, i, k)
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Expected Counts
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Expected Counts
Count(A ! B,C) =

X

i,j,k

µ(A ! B,C, i, j, k)

Z
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Expected Counts
Count(A ! B,C) =

X

i,j,k

µ(A ! B,C, i, j, k)

Z

µ(A ! B,C, i, j, k) =POUT (A, i, j)⇥
 (A ! BC, i, k, j)⇥
PIN (B, i, k)⇥
PIN (C, k + 1, j)
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Expected Counts
Count(A ! B,C) =

X

i,j,k

µ(A ! B,C, i, j, k)

Z

µ(A ! B,C, i, j, k) =POUT (A, i, j)⇥
 (A ! BC, i, k, j)⇥
PIN (B, i, k)⇥
PIN (C, k + 1, j)

Z = PIN (A, i, j)

Now we can apply MLE again!
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Expected Counts
Count(A ! B,C) =

X

i,j,k

µ(A ! B,C, i, j, k)

Z

µ(A ! B,C, i, j, k) =POUT (A, i, j)⇥
 (A ! BC, i, k, j)⇥
PIN (B, i, k)⇥
PIN (C, k + 1, j)

Z = PIN (A, i, j)

Now we can apply MLE again!
http://www.cs.columbia.edu/~mcollins/io.pdf

13 טסוגואב 15 ,ישימח םוי
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Inside/Outside 
•Start with some PCFG

•Calculate Inside Probability

•Calculate Outside Probabilities

•Calculate Expected Counts

•Re-estimating Rule probabilities

•Repeat
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PCFGs for English (4)
•Data sparseness and smoothing
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PCFGs for English (4)
•Data sparseness and smoothing

S1

NP1

He

VP3

V3

saw

NP2

Jill

PP7

P1

with

NP3

glasses  Parsing English: 
~91 Accuracy
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Motivation
(Google Research)

90

91

92

93

89

English, By Slav Petrov
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Motivation
(Google Research)

90

91

92

93

89

Charhiak
2000

Petrov
2006

Huang
2008

Huang et al
2010

Careras
2010 English, By Slav Petrov
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Motivation
(Google Research)

Cross-Lingual Results - By Slav Petrov

Petrov 2009old

75

80

70

13 טסוגואב 15 ,ישימח םוי



Back to
Learning
for MRLs 
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Representation

NN VB JJ

VP

NN NN

NP

NP

S

NP

We like Natural Language Processing 
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Representation

VP

NP

NP

S

NP

We like Natural Language Processing 

NN.pl VB.pl JJ NN.s NN.s
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NN.pl VB.pl

VP.pl

NP

S.pl

NP.pl

We like Natural Language Processing 

Representation

JJ NN.s NN.s

NP.s

NP.s
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like
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We

Representation

Natural Language Processing 

JJ NN NN
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VB.pl

like

NN.pl

NP.pl

We

Representation

Natural Language Processing 

JJ NN NN
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13 טסוגואב 15 ,ישימח םוי



NN.pl VB.pl

S.pl

NP.pl

We like Natural Language Processing 

Representation
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JJ NN.s NN.s

NP.s
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NN.pl VB.pl

S.pl

NP.pl

We like Natural Language Processing 

``

Subject

Representation

JJ NN NN

NP

NPNP

JJ NN.s NN.s

NP.s

NP.s
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NN.pl VB.pl

S.pl

NP.pl

We like

Subject

Representation

object

predicate

root

Natural Language Processing 

JJ NN NN

NPNP

JJ NN.s NN.s

NP.s

NP.s

mod head compoundhead

head
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The Syntacticon
•Assume:

• Let L set of lemmas (a.k.a. heads) 

• Let C be a set of categories (a.k.a. Syncats) 

• Let A be a set of attributes 

• Let V be a set of values 

• Let F be a set of function labels 

•Then:

•A syntacticon entry is e=(l,c,{a:v},f)
13 טסוגואב 15 ,ישימח םוי



Sentence Phrase-
Structure

Tree

CKY

PCFG

Treebank PCFGs

Phrase-Structure 
Trees

MLE

Treebank
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Treebank PCFGs
G = hN , T , S 2 N ,R, P i

?
S

NP

He

VB

likes

NP

her
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Treebank PCFGs
G = hN , T , S 2 N ,R, P i

S

NP

He

VB

likes

NP

her

P (S ! NP, V B,NP )1.0

P (NP ! He)0.5

P (V B ! likes)1.0

P (NP ! her)0.5
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likes

NP

he
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S

NP

He

VB

likes

NP
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S

NP

He

VB

likes

NP

her

S

NP

He

VB

likes

NP

he

S

NP

Her

VB

likes

NP

her

S

NP

Her

VB

likes

NP

he

Overgeneration
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Parent Encoding (1)
G = hN , T , S 2 N ,R, P i

S

NP@S

He

VB@S

likes

NP@S

her
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Parent Encoding (1)
G = hN , T , S 2 N ,R, P i

S

NP@S

He

VB@S

likes

NP@S

her

P (S ! NP@S, V B@S,NP@S)1.0

P (NP@S ! He)0.5

P (V B@S ! likes)1.0

P (NP@S ! her)0.5
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Parent Encoding (1)
G = hN , T , S 2 N ,R, P i

S

NP@S

He

VB@S

likes

NP@S

her

P (S ! NP@S, V B@S,NP@S)1.0

P (NP@S ! He)0.5

P (V B@S ! likes)1.0

P (NP@S ! her)0.5

No-Change
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Markovization (2)
G = hN , T , S 2 N ,R, P i

?
S

NP

He

@S

RB

really

@S

VB

likes

NP

her

13 טסוגואב 15 ,ישימח םוי



Markovization (2)
G = hN , T , S 2 N ,R, P i
S

NP

He

@S

RB

really

@S

VB

likes

NP

her

P (S ! NP,@S) = 1.0

P (@S ! RB,@S) = 0.5

P (@S ! NP, V B) = 0.5

P (V B ! likes) = 0.5

P (NP ! he) = 0.5

P (NP ! her) = 0.5
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Markovization (2)
G = hN , T , S 2 N ,R, P i
S

NP

He

@S

RB

really

@S

VB

likes

NP

her

P (S ! NP,@S) = 1.0

P (@S ! RB,@S) = 0.5

P (@S ! NP, V B) = 0.5

P (V B ! likes) = 0.5

P (NP ! he) = 0.5

P (NP ! her) = 0.5

Undergenerates
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Lexicalization (3)
G = hN , T , S 2 N ,R, P i

?
S/likes

NP/he

He

VB/likes

likes

NP/her

her
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Lexicalization (3)
G = hN , T , S 2 N ,R, P i

S/likes

NP/he

He

VB/likes

likes

NP/her

her

P (S/likes ! NP/He, V B/likes,NP/her) = 1.0

P (NP/He ! He) = 1.0

P (V B/likes ! likes) = 1.0

P (NP/her ! her) = 1.0
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Lexicalization (3)
G = hN , T , S 2 N ,R, P i

S/likes

NP/he

He

VB/likes

likes

NP/her

her

P (S/likes ! NP/He, V B/likes,NP/her) = 1.0

P (NP/He ! He) = 1.0

P (V B/likes ! likes) = 1.0

P (NP/her ! her) = 1.0

does not overgenerate
13 טסוגואב 15 ,ישימח םוי



Morphosyntax (3)
G = hN , T , S 2 N ,R, P i

S.masc

NP.masc

He

VB.masc

likes

NP.fem

her

P (S.masc ! NP.masc, V B.masc,NP.fem) = 1.0

P (NP.masc ! He) = 1.0

P (V B.masc ! likes) = 1.0

P (NP.fem ! her) = 1.0
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Morphosyntax (3)
G = hN , T , S 2 N ,R, P i

S.masc

NP.masc

He

VB.masc

likes

NP.fem

her

P (S.masc ! NP.masc, V B.masc,NP.fem) = 1.0

P (NP.masc ! He) = 1.0

P (V B.masc ! likes) = 1.0

P (NP.fem ! her) = 1.0

does not overgenerate either
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A

@A,HL1

He

@A,H

H

likes

@A,HR1

her

Head-Driven (4)
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Head-Driven (4)
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A

@A,HL1

He

@A,H

H

likes

@A,HR1

her

does not overgenerate

Head-Driven (4)
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What is going on?
•Parameter (Rule) choices condition 

generation choice in position.

•In English, position determines 
function (and morphology)

•In MRLs, position does not 
determine function (and morph)

•In fact, it is the other way round 
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Results Snapshot
English Hebrew (5%)

Treebank PCFG

Parent

Markov+Parent

Markov+Parent+Morph

~75

~80

~83

* http://www.tsarfaty.com/pdfs/iwpt07.pdf

66.56*

68.87*

69.97*
~86 72.64*

Charniak 1996

Johnson 1998

Klein/Manning 2003

Klein/Manning 2003
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What Else Can We Do?

•K-Best Parsing

•K-Best Reranking

•Forest Reranking

•Coarse-to-Fine Inference

•Latent Annotation PCFGs
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(1) K-Best Parsing
•We keep in the chart the K-best items

•We select the best parse according to

•Hand-coded annotation

•Hand-code principles

•Hand-coded constraints
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(1) K-Best Parsing
•We keep in the chart the K-best items

•We select the best parse according to

•Hand-coded annotation

•Hand-code principles

•Hand-coded constraints
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(2) K-Best Reranking
•We keep in the chart the K-best items

•We re-score the parses according to:

•Many boolean classifiers (good/bad)

•Using LogLinear Models (MaxEnt/CRF)

•A different Parser?

•Same Parser on different data?
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(2) K-Best Reranking
•We keep in the chart the K-best items

•We re-score the parses according to:

•Many boolean classifiers (good/bad)

•Using LogLinear Models (MaxEnt/CRF)

•A different Parser?

•Same Parser on different data?

Think optimality Theory!
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(2) K-Best Reranking
•We keep in the chart the K-best items

•We re-score the parses according to:

•Many boolean classifiers (good/bad)

•Using LogLinear Models (MaxEnt/CRF)

•A different Parser?

•Same Parser on different data?

Think optimality Theory!
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(3) Forest Reranking
•We keep all chart ite, items

•We re-score candidates according to:

•Many boolean classifiers (good/bad)

•Using LogLinear Models (MaxEnt/CRF)

•More data?

•BUT: We need to change out Inference!
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(3) Forest Reranking
•We keep all chart ite, items

•We re-score candidates according to:

•Many boolean classifiers (good/bad)

•Using LogLinear Models (MaxEnt/CRF)

•More data?

•BUT: We need to change out Inference!
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(4) Coarse-to-Fine
•Coarse-to-fine Inference:

•We train a coarse model

•Keep the best candidates

•We train a finer model 

•We keep only compatible candidate

•Repeat as necessary..
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(4) Coarse-to-Fine
•Coarse-to-fine Inference:

•We train a coarse model

•Keep the best candidates

•We train a finer model 

•We keep only compatible candidate

•Repeat as necessary..

Think Index Grammars!
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(5) Latent Annotation
•We learn an LA-PCFG:

•We split and Merge Iteratively

•Using the Inside/Outside Algorithm

•We infer using Coarse-to-Fine

•We first parse with original categories

•And then parse with specific ones
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(5) Latent Annotation
•We learn an LA-PCFG:

•We split and Merge Iteratively

•Using the Inside/Outside Algorithm

•We infer using Coarse-to-Fine

•We first parse with original categories

•And then parse with specific ones

Best Parsing Performance so far...
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Motivation
(Google Research)

English, By Slav Petrov
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89
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Motivation
(Google Research)

90
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92

93

89

Charhiak
2000

Petrov
2006

Huang
2008

Huang et al
2010

Careras
2010 English, By Slav Petrov
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Motivation
(Google Research)

Petrov 2009old
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Motivation
(Google Research)

Cross-Lingual Results - By Slav Petrov

Petrov 2009old
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Motivation
(Google Research)

Cross-Lingual Results - By Slav Petrov

Petrov 2009old

75

80

70
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Homework
•Change the Chart-Based Inference 

algorithm to compute inside 
probabilities

•Change the Chart-Based Inference 
algorithm to compute outside 
probabilities

•Suggest ways to incorporate 
function (subject, object..) into the 
learning process of PCFGs for MRLs.
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•Part 1: Introduction

•Part 2: Phrase-structure

•Inference for English/MRLs

•Learning for English/MRLs

•Part 3: Relational-Realizational

•Part 4: Dependency-structures

•Part 5: Evaluation and Multilinguality

Tomorrow@PMRL
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reut.tsarfaty@weizmann.ac.il
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