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Parsing Morphologically Rich Language (PMRL)

Course Outline

Class 1: Essential Preliminaries
Class 2: Phrase-Structure Parsing
Class 3: Dependency Parsing
Class 4: Relational-Realizational Parsing
Class 5: Evaluation and Multilinguality
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Parsing Morphologically Rich Language (PMRL)

Course Outline

Class 1: X Essential Preliminaries
Class 2: X Phrase-Structure Parsing
Class 3: X Dependency Parsing
→ Class 4: Relational-Realizational Parsing
→ Class 5: Evaluation and Multilinguality
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Natural Language Processing (NLP)

Linguistic Structure Prediction
Every NLP system implements a prediction function h : X → Y.

Levels of Processing
Phonology: Sounds → Words

Morphology: Words → Morphemes
Syntax: Sentence → Structure

Semantics: Sentence → Meaning
Translation: Language1 → Language2
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Multilingual Natural Language Processing

6



Multilingual NLP

The Joint Structure Prediction Hypothesis
We need to implement a joint prediction function h : X → Y.

Levels of Processing

Morphology: Sentence → Morphemes
Syntax: Sentence → Structure

Semantics: Sentence → Functions
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Today

1. Basic Concepts: Parsing Systems

Multilingulism: The Joint Prediction Hypothesis

2. The Proposal: A New Architecture & Model

Challenge 1: Joint Architecture (Tsarfaty 2006, Goldberg & Tsarfaty 2008)

Challenge 2: Joint Modeling (Tsarfaty 2010, Tsarfaty et al. 2008, 2009, 2010)

Challenge 3: Joint Evaluation (Tsarfaty et al. 2011, 2012)

3. Applications: A 3x3x3 evaluation benchmark

Experiments: Parsing Hebrew, Swedish, English
NLP and AI: Or, where do go from here?
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Parsing
Sentence→ Parser → “Who did what to whom”

Morphology/Tagging → NN

I

VB

gave

DET

a

NN

talk

P

on

NN

Thursday

Phrase-Structure → S

NP

NN

I

VP

V

gave

NP

DET

a

NN

talk

PP

P

on

NN

Thursday

Dependencies → -ROOT- I gave a talk on Thursday .

sbj det pobj
prd obj

tmod
punct
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Parsing English: Levels of Representation
Sentence→ Parser → “Who did what to whom”

Morphology/Tagging → NN

I

VB

gave

DET

a

NN

talk

P

on

NN

Thursday

Phrase-Structure → S

NP-sbj

NN

I

VP-prd

V

gave

NP-obj

DET

a

NN

talk

PP-tmod

P

on

NN

Thursday

Dependencies →
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Parsing Hebrew: Level of Representation

”BCLM HNEIM”→ Parser → Analysis

Morphology/Tagging → P

B

NN.sng

CL

P

FL

PRN.plu

HM

DET

H

ADJ.sng

NEIM

Phrase-Structure → PP

P

B

NP

NP

NN

CL

NP

P

FL

PRN

HM

ADJP

DET

H

ADJ

NEIM

Dependencies → B CL FL HM H NEIM

pobj poss pobj det
mod
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Flow of Information

Text→ morphology → phrases → dependencies →Meaning
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A Key Challenge: Ambiguity

Morphological Ambiguity

I “BCLM” ?

I B/in + CLM/figure
I B/in H/the CLM/photographer
I BCL/Onion + FL/of + HM/them
I B/in + CL/shadow + FL/of + HM/them
I ...
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A Key Challenge: Ambiguity

Ambiguity Resolution

PP

P

B

NP

NP

NN

CL

NP

P

FL

PRN

HM

ADJP

DET

H

ADJ

NEIM
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A Key Challenge: Ambiguity

Structural Ambiguity

I “BCLM HNEIM” ?

PP

P

B

NP

NP

NN

CL

NP

P

FL

PRN

HM

ADJP

DET

H

ADJ

NEIM

NP

NN

BCL

NP

P

FL

NP

PRN

HM

ADJP

DET

H

ADJ

NEIM
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A Key Challenge: Ambiguity

Functional Ambiguity

I “BCLM HNEIM” ?

PP

P

B

NP

NP-hd

NN

CL

NP

P

FL

PRN

HM

ADJP-mod

DET

H

ADJ

NEIM

NP

NN

BCL

PP

P

FL

NP

PRN-hd

HM

ADJP-mod

DET

H

ADJ

NEIM
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A Key Challenge: Ambiguity

Ambiguity Resolution
”BCLM HNEIM” 

PP

P

B

NPX

NP

NN

CL.Singular

NP

P

FL

PRN

HM

ADJP

DET

H

ADJ

NEIM.Singular

NP

NN

BCL

NP

P

FL

NP×

PRN

HM.Plural

ADJP

DET

H

ADJ

NEIM.Singular
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Information and Disambiguation

The Problem
Flow of Information:

Morphology → Phrase-Structure → Dependencies

Flow of Disambiguation:

Morphology ← Phrase-Structure ← Dependencies

The Hypothesis

Sentence→ Morphology+Structure+Dependencies →Analysis
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The Proposal: Joint Prediction

I The Architectural Challenge
I What’s the input?
I What’s the output?

I The Modeling Challenge
I What kind of representation?
I What kind of parameters?

I The Evaluation Challenge
I What are the evaluation targets?
I What are the evaluation metrics?
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The Parsing Architecture
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The Parsing Architecture

Assume: A Morphological Analysis LatticeMA
MA ( “BCLM HNEIM” ) =

21



The Pipeline Architecture
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Formalizing the Joint Architecture

I Morphological Segmentation

〈mk
1〉∗ = argmax{〈mk

1〉∈MA(w
n
1 )}

P(〈mk
1〉|w1...wn)

I Syntactic Parsing

π∗ = argmax{π|yield(π)=〈mk
1〉∗}

P(π|〈mk
1〉∗)
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The Pipeline Architecture
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The Joint Architecture
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Formalizing the Joint Architecture

I Morphological Segmentation

〈mk
1〉∗ = argmax{〈mk

1〉∈MA(w
n
1 )}

P(〈mk
1〉|w1...wn)

I Syntactic Parsing

π∗ = argmax{π|yield(π)=〈mk
1〉∗}

P(π|〈mk
1〉∗)

I Joint Segmentation and Parsing

〈mk
1 , π〉∗ = argmax{π|yield(π)∈MA(wn

1 )}
P(π|wn

1 )
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The Joint Architecture: Modeling

〈mk
1 , π〉∗ = argmax{π|yield(π)∈MA(wn

1 )}
P(π)
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The Proposal: Joint Prediction

X The Architectural Challenge
X Input: Word Lattices
X Output: Trees over MSRs

I The Modeling Challenge
I What kind of representation?
I What kind of parameters?

I The Evaluation Challenge
I What are the evaluation targets?
I What are the evaluation metrics?
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Statistical Parsing
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Treebank Grammars

”John likes Mary”

30



Treebank Grammars: Modeling

S

NP VP

NP

NN

VP

VB NP

NN

John

VB

likes

NN

Mary

Probabilistic CFG (PCFG)

G = 〈T ,N ,S,R,P〉

T = Terminals
N = Non-Terminals
S ∈ N Start symbol
R = {A→ α|A ∈ N , α ∈ (N ∪T )∗}

P : R → [0,1]
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Treebank Grammars: Learning

S

NP VP

NP

NN

VP

VB NP

NN

John

VB

likes

NN

Mary

Maximum Likelihood Estimates

P̂(A→ α|A) =
Count(A→ α|A)

Count(A)
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Treebank Grammars: Inference

S

NP VP

NP

NN

VP

VB NP

NN

John

VB

likes

NN

Mary

Chart-Based Decoding

h(x) = argmax
{ |yield( )∈MA(x)}

P( )

= argmax
{ |yield( )∈MA(x)}

∏
r∈

P̂(r)
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Works Great for Phrase-Structure Parsing in English

S

NP

PRN

“This”

VP

VB

“is”

ADJ

“easy”

Model Study F1-Score

Treebank Charniak 75
Grammar 1996

History-Based Johnson 80
Grammar 1998

Head-Driven Collins 88.6
Grammar 1999

Discriminative Collins 2000 89.7
Reranking

Discriminative- Johnson &
Reranking Charniak 2005 91.0

Self- McClosky 2006 92.1
Training

State- Petrov 2007 90.1
Splits

Forest Huang 2008 91.7
Reranking
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Not As Great For Other Languages

And what about this?

And this?

And this?

And? ...

Head-Driven Grammars
Language Parser F-Score

Rafferty & 79.2
German Manning 2008

Collins 79.3
Czech et al. 1999

Levy & 78.8
Chinese Manning 2003

Maamouri, Bies & 78.1
Arabic Kulick 2008
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So What Is Going On?

Previously Considered

I Corpora Size
E.g., For Chinese (Bikel & Chiang 2000)

I Annotation Idiosyncracies
E.g., For Arabic (Maamouri, Bies & Kulick 2008, 2009)

I Evaluation Matters
E.g., For German (Rehiben & van Genabith 2007, Kübler 2008)

Recently Considered

I Language Types and Modeling Strategies
E.g., For Arabic, Basque, French, German, Hebrew,
Hindi, Italian, Korean, etc. see Tsarfaty et al. (2010, 2012)
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Dimensions of Typological Variation

Morphological Typology
(Sapir 1921, Greenberg 1954)
Isolating ——————– Synthetic
Agglutinative ————– Fusional

Word-Order Typology
(Greenberg 1963, Mithun 1987)
Fixed ————————— Free

Nonconfigurationality
(Hale 1983, Austin and Bresnan 1996)
Word-Order —————— Morphology
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The Proposal: Relations and Realization

Relations

‘SBJ’ did ‘PRD’ to ‘OBJ’

Realization

S

NP

PRP.NOM

“He”

VP

VB

“likes”

NP

NN.ACC

“her”

39



The Proposal: Relations and Realization

Relations

‘SBJ’ did ‘PRD’ to ‘OBJ’

Realization

S

NP

PRP.NOM

“He”

VP

VB

“likes”

NP

NN.ACC

“her”

39



The Proposal: Relations and Realization

Relations

‘SBJ’ did ‘PRD’ to ‘OBJ’

Realization [English]

S

NP

PRP.NOM

“He”

VP

VB

“likes”

NP

PRP.ACC

“her”
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The Proposal: Relations and Realization

Relations

‘SBJ’ did ‘PRD’ to ‘OBJ’

Realization [Hebrew]
S

NP

PRP.NOM

“hu”

VB

“ohev”

NP

PRP.ACC

“ota”

S

NP

PRP.ACC

“ota”

VB

“ohev”

NP

PRP.NOM

“hu”

S

NP

PRP.ACC

“ota”

NP

PRP.NOM

“hu”

VB

“ohev”
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Nonconfigurationality: The Data

Morphological Marking Patterns
I dani

Dani.MS
natan
gave.3MS

et
ACC

hamatana
DEF-present

ledina
DAT-Dina

“Dani gave the present to Dina”
I netana

gave.3MS.3FS
dani
Dani.MS

ledina
DAT-Dina

“Dani gave it to Dina”
I netatiha

gave.1S.3FS
ledina
DAT-Dina

“I gave it to Dina”
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Our Goal

What We Know (Linguistics):

Languages differ in the way of realizing the same functions

CONFIGURATIONAL ———————– NONCONFIGURATIONAL

Order ——————————————————– Morphology
Chinese > English > German, Swedish > Hebrew > Warlpiri

What We Want (Statistics):

A statistical modeling strategy that can cope with different
morphological-syntactic realization strategies
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What If We Take the Following Data

Examples

I dani
Dani

natan
gave

etmol
yesterday

et hamatana
ACC the-present

ledina
to-Dina

Dani gave the present to Dina yesterday

I et hamatana
ACC the-present

natan
gave

etmol
yesterday

dani
dani

ledina
to-dina

Dani gave the present to Dina yesterday
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Modeling Strategies

Treebank Grammar
S

NP

dani
Dani.MS

VB

natan
gave.3MS

ADVP

etmol
yesterday

NP

et hamatana
ACC DEF-present

PP

ledina
DAT Dina

S

NP

et hamatana
ACC DEF-present

VB

natan
gave.3MS

ADVP

etmol
yesterday

NP

dani
Dani.MS

PP

ledina
DAT Dina
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Modeling Strategies

The Head-Driven (HD) Approach

S

VB@S

L,∆L1 ,VB@S

NP

dani
Dani

H,∆0,VB@S

VB

natan
gave

R,∆R1 ,VB@S

ADVP

etmol
yesterday

R,∆R2 ,VB@S

NP+Def+Acc

et hamatana
Acc Def-present

R,∆R3 ,VB@S

PP

ledina
to Dina
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Relations and Realization

The Idea (a):

Instead of distinguishing Syntax and Morphology,
We distinguish Relations and Realization.

The Idea (b):

Instead of a Syntagmatic organization of Grammar.
We use a Paradigmatic organization of Grammar

48



Paradigmatic Organization of Morphology

Paradigmatic Organization

/EAT/ 1Sing 2Sing 3Sing 1Pl 2Pl 3Pl

Past 1SingPast 2SingPast 3SingPast 1PlPast 2PlPast 3PlPast
Present 1SingPres 2SingPres 3SingPres 1PlPres 2PlPres 3PlPres
Perfect 1SingPerf 2SingPerf 3SingPerf 1PlPerf 2PlPerf 3PlPerf

Realization Rules

/EAT/
+1SingPast

‘ate’

, /EAT/
+3SingPast

‘ate’

, /EAT/
+1SingPres

‘eats’

, /EAT/
+3SingPres

‘eat’
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Paradigmatic Organization of Syntax (Tsarfaty 2010)

S〈PRED〉 FEATS Affirmative Interrogative Imperative

ARG-ST

intransitive Saffirm+{SBJ,PRD} Sinter+{SBJ,PRD} Simper+{SBJ,PRD}
transitive Saffirm+{SBJ,PRD,OBJ} Sinter+{SBJ,PRD,OBJ} Simper+{SBJ,PRD,OBJ}
ditransitive Saffirm+{SBJ,PRD,OBJ,COM} Sinter+{SBJ,PRD,OBJ,COM} Simper+{SBJ,PRD,OBJ,COM}

Figure : Paradigmatic Organization

Saffirm+{SBJ,PRD,OBJ,COM}

〈
NPnom
Dani
Dani

,
VB

natan
gave

,
NPdef.acc

et hamatana
ACC-the-present

,
NPdat
ledina
to-Dina

〉

Saffirm+{SBJ,PRD,OBJ,COM}

〈
NPnom
Dani
Dani

,
VB

natan
gave

,
NPdef.acc

et hamatana
ACC-the-present

,
NPdat
ledina
to-Dina

〉

Figure : Realization Rules
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The Proposal

Relational-Realizational (RR) Parsing
(Tsarfaty 2010, Tsarfaty et al. 2008, 2009)

I Separate Relations and Realization
I First Generate Grammatical Relations
I Then Spell-out (Morpho)Syntactic Realization

I Separate Means of Realization
I First Generate Order
I Then Morphological Features
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The Proposal

Relational-Realizational (RR) Parsing

(a) S

NP-SBJ

dani
Dani

VB-PRD

natan
gave

ADVP

etmol
yesterday

NP+Def+Acc-OBJ

et hamatana
Acc Def-present

PP-COM

ledina
to Dina
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The Proposal

Relational-Realizational (RR) Parsing

(a) S

{SBJ,PRD,OBJ,COM}@S

NP

dani
Dani

VB

natan
gave

ADVP

etmol
yesterday

NP+Def+Acc

et hamatana
Acc Def-present

PP

ledina
to Dina
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The Proposal

Relational-Realizational (RR) Parsing

(a) S

{SBJ,PRD,OBJ,COM}@S

SBJ@S

NP

dani
Dani

PRD@S

VB

natan
gave

PRD:OBJ@S

ADVP

etmol
yesterday

OBJ@S

NP+Def+Acc

et hamatana
Acc Def-present

COM@S

PP

ledina
to Dina
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The Model Parameters Θ

Projection: θp

P

{gri}ni=1@P

Configuration: θc

{gri}ni=1@P

gr1@P gr1 : gr2@P ... grn@P

Realization: θr

gr1@P

C1

gr1 : gr2@P

..C1:2i ..

... grn@P

Cn
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Capturing Generalizations

Relational-Realizational (RR) Parsing

(a) S

{PRD,SBJ,OBJ,COM}@S

SBJ@S

NP

dani
Dani

PRD@S

VB

natan
gave

PRD:OBJ@S

ADVP

etmol
yesterday

OBJ@S

NP+Def+Acc

et hamatana
Acc Def-present

COM@S

PP-COM

ledina
to Dina

(b) S

{PRD,SBJ,OBJ,COM}@S

OBJ@S

NP+Def+Acc

et hamatana
Acc Def-present

PRD@S

VB

natan
gave

PRD:OBJ@S

ADVP

etmol
yesterday

SBJ@S

NP

dani
Dani

COM@S

PP-COM

ledina
to Dina
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Quantifying Variation

The Basic Word-Order Parameter:
P(< configuration >|{SBJ,PRD,OBJ}@S)

In Hebrew In Swedish

Probability Configuration

35.3% SBJ PRD OBJ �
15.6% SBJ PRD � OBJ �
12.3% � PRD SBJ OBJ �
10.3% SBJ � PDR OBJ �
6.5% � SBJ PRD OBJ �
4.1% SBJ � PRD � OBJ �
3.7% � PRD SBJ � OBJ �
3% OBJ PRD SBJ �
1.7% � SBJ PRD � OBJ �
1.7% � PRD OBJ SBJ �
1.3% SBJ � PRD OBJ �

Probability Configuration

35.5% SBJ PRD OBJ �
18.9% SBJ PRD � OBJ �
13.9% � PRD SBJ PBJ �
8.1% SBJ PRD OBJ
4.7% � PRD SBJ � OBJ
3.5% OBJ PRD SBJ
2.6% SBJ PRD OBJ �
1.7% OBJ PRD SBJ COM �
1.6% PRD SBJ OBJ �
1.6% � PRD SBJ OBJ
1% � PRD SBJ � OBJ
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Quantifying Variation

The Object-Marking Parameter:
P(< morphosyntactic representation >| OBJ@S)

In Hebrew In Swedish

Probability Realization

43.5% NP.〈NN〉
14.7% NP.DEF.ACC〈NN〉
8.8% NP〈NNT 〉
7.4% NP.DEF.ACC〈NNP〉
6.7% NP.DEF.ACC〈NN.DEF 〉
6.5% NP.DEF.ACC〈NNT 〉
5.8% NP.DEF.ACC〈PRP〉

Probability Realization

46% NP.IND.NOM
20% NP.DEF.NOM
13.4% S
7.3% NP.DEF.NOM-OBJ
4.9% VP
3.6% NP.IND
2.8% NP.NOM
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The Probabilistic Model

The RR Probabilities:
PRR(edge) =
Projection θp({gri}n

i=1|P) ×
Configuration θc(〈gr0 : gr1,g1, . . .〉|{gri}n

i=1,P) ×
Realization

∏n
i=1 θr1(Ci |gri ,P) ×

θr2(〈C01, ...,C0m0
〉|gr0 : gr1,P) ×∏n

i=1 θr2(〈Ci1, ...,Cimi
〉|gri : gri+1,P)

The RR Parser:
π∗ = argmaxπP(π)
= argmaxπ

∏
edge∈π PRR(edge)
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Relational-Realizational Parsing: Model

root

S
tense:pres

{subj,pred}@S

subj@S

NP
pers:3

num:sing

John

pred@S

VP
pers:3

num:sing
tense:pres

{pred,obj}@VP

pred@VP

VB
pers:3

num:sing
tense:pres

likes

obj@VP

NN
pers:3
num:pl

cookies

Relational-Realizational CFG

RR = 〈T ,N ,S,N ,A,V,R〉

T = Terminals
N = Non-Terminals
S ∈ N Start symbol
L = Relation labels
A = Attributes
V = Values
{a : v |a ∈ A, v ∈ V} = properties

Rprojection ∪Rconfiguration ∪Rrealization

∀i ∈ {p, c, r} : Pi : Ri → [0,1]
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Relational-Realizational Parsing: Generative

Inference:
I Lattice-Based Chart Decoder

Learning:

I MLE / EM on (partially) annotated corpora

See also: Days 2, 3
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Relational-Realizational Parsing: Discriminative

Inference:
I Transition-Based Oracle-Driven

Learning:

I Linear Classification, Structured Perceptron

See also: Day 4, DP Book
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Relational-Realizational Parsing: Output

Morphology Syntax Relations
tense:pres

pers:3
num:sing

John

pers:3
num:sing

tense:pres

pers:3
num:sing

tense:pres

likes

pers:3
num:pl

cookies

∪ S

NP

John

VP

VB

likes

NN

cookies

∪ root

subj

John

pred

pred

likes

obj

cookies
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The Relational-Realizational Model

I Simple
I Formal
I Efficient
I Trainable
I Universal
I Interpretable
I Makes better use of limited training data
I Provides more diverse and more informative output
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The Proposal: Joint Prediction

X The Architectural Challenge
X Input: Words
X Output: Morphemes, Phrases, Functions

X The Modeling Challenge
X Representation: Relational-Realizational
X Parameterization: Projection, Configuration, Realization

I The Evaluation Challenge
I What are the evaluation targets?
I What are the evaluation metrics?
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The Evaluation Challenge
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The Challenge: Joint Evaluation
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The Challenge: Joint Evaluation
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The Challenge: Joint Evaluation
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Current Practice: Gold Evaluation
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The Proposal: Joint Evaluation Metrics
Tsarfaty et al. 2011, 2012
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Tree-Edit Distance (TED)
I Edit operations: {e1,e2, .....} operations of types

add-node(label , span)
delete-node(span)
add-arc(label , span)
delete-arc(span)

I Edit script: a sequence of operations from π1 to π2

ES(π1, π2) = {e0,e1....ek}

I Edit cost: assuming a cost function on operations

cost(ES(π1, π2)) =
∑

e∈ES(π1,π2)

cost(e)

I Edit distance: the minimal edit cost

ES∗(π1, π2) = min
ES(π1,π2)

cost(ES(π1, π2))
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Distance-Based Evaluation
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Distance-Based Evaluation
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Distance-Based Evaluation
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TedEval for Joint Evaluation

Sentence Score

score(parsei , goldi) = 1− δ(parsei , goldi)

|parsei |+ |goldi |

Test-Set Score (I)∑|testset |
i=1 score(parsei , goldi)

|testset |

Test-Set Score (II)

1−
∑|testset|

i=1 δ(parsei , goldi )∑|testset|
j=1 |parse1i |+ |goldi |
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The Proposal: Joint Prediction

X The Architectural Challenge
X Input: Word Lattices
X Output: Morphemes, Phrases, Functions

X The Modeling Challenge
X Representation: Relational-Realizational
X Parameterization: Projection, Configuration, Realization

X The Evaluation Challenge
X Evaluation targets: Trees Over Lattices
X Evaluation Metrics: Distance-Based

Coming up next:

Experiments!

77



Experimental Validation

I A 3x3x3 evaluation benchmark for Hebrew
I A 3x3x3 evaluation benchmark for multi-lingual parsing
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Experimental Settings (3x3x3)
Parsers

[Dep] Dependency Parser [Pipeline] (Nivre 2008)
[PS] Phrase-Structure Parser* [Joint] (Goldberg 2011)
[RR] Relational-Realizational* [Joint] (Tsarfaty 2012)

* Both parsers use the EM split-and-merge training procedure of Petrov et al. (2006)

Tasks and Metrics
I Morphological Segmentation (SegEval)
I Syntactic Categories (TedEval)
I Relation Labels (TedEval)

Input

I Gold Tags
I Gold Segments
I Raw Words
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Hebrew Parsing Results (3x3x3)

Gold Tags

Segmentation Syntax Relations
Dep 1.00

− 0.8475

PS 1.00

0.9304 −

RR 1.00

0.9244 0.8984

Gold Segments

Segmentation Syntax Relations
Dep 1.00

− 0.8349

PS 1.00

0.8633 −

RR 1.00

0.8595 0.8559

Raw Words

Segmentation Syntax Relations
Dep 0.9506

− 0.7817

PS 0.9642

0.8054 −

RR 0.9603

0.7989 0.8130
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Hebrew Parsing Results (3x3x3)

Gold Tags

Segmentation Syntax Relations
Dep 1.00 − 0.8475
PS 1.00 0.9304 −
RR 1.00 0.9244 0.8984

Gold Segments
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PS 1.00 0.8633 −
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Cross-Linguistic Parsing (3x3x3)
Languages

I Hebrew (The Hebrew Treebank, 5000/500)
I Swedish (TalBanken Treebank 5000/500)
I English (The WSJ Penn Treebank, sect.01-22/sec.23)

Parsers
I Dependency Parser (Nivre 2008)
I PS Parser (Petrov 2006, Goldberg 2011)
I RR Parser (Tsarfaty 2010, Goldberg 2011)

Metrics
I Morphological Segmentation (SegEval)
I Syntactic Categories (TedEval)
I Relation Labels (TedEval)
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Cross-Linguistic Experiments (Input: Raw Words)
Swedish

Segmentation Syntax Relations
Dep 1.00 − 0.8225
PS 1.00 0.7855 −
RR 1.00 0.7914 0.7861

Hebrew

Segmentation Syntax Relations
Dep 0.9506 − 0.7817
PS 0.9642 0.8054 −
RR 0.9603 0.7989 0.8130

English

Segmentation Syntax Relations
Dep 1.00 − 0.8994
PS 1.00 0.9333 −
RR 1.00 0.8863 0.8544

82



Cross-Linguistic Experiments (Input: Raw Words)
Swedish

Segmentation Syntax Relations
Dep 1.00 − 0.8225
PS 1.00 0.7855 −
RR 1.00 0.7914 0.7861

Hebrew

Segmentation Syntax Relations
Dep 0.9506 − 0.7817
PS 0.9642 0.8054 −
RR 0.9603 0.7989 0.8130

English

Segmentation Syntax Relations
Dep 1.00 − 0.8994
PS 1.00 0.9333 −
RR 1.00 0.8863 0.8544

83



Next on the list: Unified Schemes
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Conclusion

I Take Home Message:
I Joint prediction is good for synthesizing different

sorts of information to achieve a common goal. It is
adequate, accurate, and useful for multilingual parsing.

I Contributions:
I Joint Architecture (Lattice-Based Parsing)
I Joint Modeling (Relational-Realizational)
I Joint Evaluation (Distance-Based)

I Future:
I Syntax and Semantics
I Morphosyntax and Morphosemantics
I Cross-Linguistic Parsing (Shared Task 2013)

Downloads: www.tsarfaty.com/unipar.html
Stay Tuned! www.tsarfaty.com/data.html
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Thank You!

Questions?
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Thank You!

Thanks: Remko Scha, Khalil Sima’an, Joakim
Nivre, Mark Johnson, Mark Steedman, Yoad
Winter, Kevin Knight, Henk Zeevat, Jim Blevins,
Greg Stump, Yoav Goldberg, Yue Zhang, Djame
Seddah, Sandra Kuebler, Jennifer Foster. Many
more colleagues and anonymous reviewers.
Dutch and Swedish funding agencies. You!
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Thank You!
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