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This talk

A historical introduction to one type of parsing model
1 Parsing: An (Unnecessary?) Introduction

2 PCFG: Early Failure

3 Lexicalization: A Breakthrough Technique

4 Alternatives? Simple PCFG Again

some thoughts
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Let’s start from Friends
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Let’s start from Friends

Well, ya know how I always wanted to go
out with Chip Matthews in high school? Well,
tonight I actually went out with Chip Matthews
in high school.

go out with Chip Matthews in high school.

• go out in high school.
• Chip Matthews in high school.

With syntax, we can distinguish between them.
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NL sentences could be really long.

With syntax, we can understand very long sentences.
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Structuring a Sentence

0101010101010101010101010101010101010101010101010101010101010

0110101000001001111001100110011111110011101111001100100100001

√
2− 1

市发展改革委关于转发省发展改革委关于转发国家发展改革委办公厅关
于对真抓实干成效明显地方加大中央预算内投资激励支持力度的通知的
通知的通知
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Phrase structure

The basic idea
Phrase structure organizes words into nested constituents, which can be
represented as a tree.

Example
VP

PP

in high school

PP

NP

Chip Matthews

P

with

VP

go out
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Different structures; different meaning

VP

PP

in high school

PP

NP

C. M.

P
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Parsing
To get trees automatically

VP
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Outline

1 Parsing: An (Unnecessary?) Introduction

2 PCFG: Early Failure

3 Lexicalization: A Breakthrough Technique

4 Alternatives? Simple PCFG Again
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Probabilistic Context-Free Grammar

1 V = {S,NP,VP,AdjP,AdvP} ∪
{N,V,Adj,Adv}

2 T = {colorless, green, ideas, sleep,
furiously}

3 P
S→ NP VP 1.0 NP→ AdjP NP 0.5
VP→ V AdvP 1.0 NP→ N 0.5
AdvP→ Adv 1.0 AdjP→ Adj 1.0

Adj→ colorless 0.5 Adj→ green 0.5
N→ ideas 1.0 V→ sleep 1.0
Adv→ furiously 1.0

4 S

We can derive the structure
of a string.
• S ⇒ NP VP 1.0
⇒ N VP 0.5
⇒ ideas VP 1.0
⇒ ideas V AdvP 1.0
⇒ ideas sleep AdvP 1.0
⇒ ideas sleep Adv 1.0
⇒ ideas sleep furiously 1.0

S

VP

AdvP

Adv

furiously

V

sleep

NP

N

Ideas

score = 0.5
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Naive application is not successful

S

VP

NP

PP

NP

N

bikini

DET

a

P

in

NP

N

orangutan

DET

an

V

oil-wrestles

NP

Penny

PP is attached to NPPP is attached to NP

S

VP

PP

NP

N

bikini

DET

a

P

in

VP

NP

N

orangutan

DET

an

V

oil-wrestles

NP

Penny

PP is attached to VPPP is attached to VP

• q(NP→NP PP) > q(VP→VP PP): The first one
• q(NP→NP PP) < q(VP→VP PP): The second one

F-score = 72.64 Klein & Manning (2003)
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Outline

1 Parsing: An (Unnecessary?) Introduction

2 PCFG: Early Failure

3 Lexicalization: A Breakthrough Technique

4 Alternatives? Simple PCFG Again
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Lexicalized PCFG
Solution (Collins, 1999)
Add annotations specifying richer information for each rule

S(oil-wrestles)

VP(oil-wrestles)

NP(orangutan)

PP(in)

NP(bikini)

N(bikini)

bikini

DET(a)

a

P(in)

in

NP(orangutan)

N(orangutan)

orangutan

DET(an)

an

V(oil-wrestles)

oil-wrestles

NP(Penny)

Penny
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Lexicalized CFG
Rewrite rules
• X(h)→ Y (h) Z(m) for X, Y, Z ∈ N , and h, w ∈ T

• X(h)→ Y (m) Z(h) for X, Y, Z ∈ N , and h, w ∈ T

• X(h)→ h for X ∈ N , and h ∈ T

S(oil-wrestles) → NP(Penny) VP(oil-wrestles) 1.0
VP(oil-wrestles) → VP(oil-wrestles) PP(in) 0.5
VP(oil-wrestles) → V(oil-wrestles) NP(orangutan) 0.25
. . .
V(oil-wrestle) → oil-wrestle 1.0
Det(an) → an 0.4
Det(a) → a 0.6
N(orangutan) → orangutan 0.5
N(bikini) → bikini 0.5
P(in) → in 1.0
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Cutting-edge

research

re- search

circus

*kikro-
cut, cut

Latin

PIE
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Alternatives?

Unlexicalized Parsing
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re-

research
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*kikro-
cut, cut

Latin

PIE

21 of 32



Enriching representations
S

VP

NP

PP

NP

N

bikini

DET

a

P

in

NP

N

orangutan

DET

an

V

oil-wrestles

NP

Penny

Parent annotation (Johnson, 1998)
Add annotations specifying richer information for each production rule of a
given PCFG.
F-score = 72.64→ 76.81 Klein & Manning (2003)
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Enriching representations
SˆTOP

VPˆS

NPˆVP

PPˆNP

NPˆPP

NˆNP

bikini

DETˆNP

a

PˆPP

in

NPˆNP

NˆNP

orangutan

DETˆNP

an

VˆVP

oil-wrestles

NPˆS

Penny

Parent annotation (Johnson, 1998)
Add annotations specifying richer information for each production rule of a
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Vertical and horizontal Markovization

Klein & Manning (2003)
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Further annotation enrichment

Klein & Manning (2003)
24 of 32



Latent annotations
Additional information as latent variables (Matsuzaki et al., 2005)

Sx

VPx

NPx

PPx

NPx

Nx

bikini

DETx

a

Px

in

NPx

Nx

orangutan

DETx

an

Vx

oil-wrestles

NPx

Penny

Grammar Induction

Cool idea; many many challenges
• How to induce x?
• How to find a best parse?
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re-

research

re- search

circus

*kikro-
cut, cut

Latin

PIE
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Tree Substitution Grammar (Joshi & Schabes, 1997)
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Numbers

Model LP LR LF
Klein & Manning (2003) 86.9 85.7 86.3
Matsuzaki et al. (2005) 86.1 86.0
Petrov et al. (2006) 89.8 89.6
Shindo et al. (2012) 91.1
Shindo et al. (2012) 92.4
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Lessons learned
1998 · · · · · ·• PCFG Models of Linguistic Tree Representations

2003 · · · · · ·• Accurate Unlexicalized Parsing (ACL best paper)

2005 · · · · · ·• Probabilistic CFG with Latent Annotations

2006 · · · · · ·• Learning Accurate, Compact, and Interpretable Tree
Annotation

2012 · · · · · ·• Bayesian Symbol-Refined Tree Substitution Grammars for
Syntactic Parsing (ACL best paper)

Lessons that I’ve learned
Too many; a short list:
• Diversity
• Interpretability
• Revisit old things

research
re- search

*kikro-
cut, cut
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Thank You
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