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The Arabic Language

Written language: Modern Standard Arabic
(MSA)

MSA also spoken in scripted contexts (news
broadcasts, speeches)

Spoken language: dialects



lam jaftari nizar tawilatan (adidatan

didn'tbuy  Nizar table new
nizar ma/tara/ tarabéza gidida

nizar maftaraf tawile  (dide

nizar mafral mida  {dida

Nizar not-bought-not table new
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Factors Affecting
Dialect Usage

Geography (continuum)
City vs village

Bedouin vs sedentary
Religion, gender, ...

— Multidimensional continuum of dialects



L exical Variation

Arabic Dialects vary widely lexically

English table cat of (I) want | there 1s | there 1sn’t
MSA |Tawila| |[qiTTa idafa ||W| yvijadu | la yujadu
Moroccan || mida dyal | bgit kayn | ma kayns
Egyptian || Tarabeza |["oTTa | | bita3 | 3awez | f1 mafis
Syrian Tawle bisse taba3 | biddi f1 ma fi
Iraqi mez bazzina | mal |[arid aku maku




Morphological Variation
Verb Morphology

(riec))o(erpelens) ey
(regom) S

MSA EGY
Al laeiss alg sl siiSla
walam taktubdha lahu wimakatabtuhald [

wa+tlam taktubt+ha la+hu

wi+ma+katab+tu+ha+|0+
and+not_past write you+it for+him ‘[

and+not+wrote+you+it+for him+not

And you didn’t write it for him
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Dialect Syntax: Word Order

Verb Subject Object
)\.’.ﬁx‘j\ .J\)fj\)“ k_uS

wrote.masc the-boys the-poems (MSA)
Subject Verb Object

iy i€ 2y Y
the-boys wrote.masc.pl, the-poems (LEV, EGY)
VS V SV Full Full
Order Order | agreement | agreement
in VSO in SVO
MSA 35% | 30% | 35% no yes
Dialects| 11% | 62% | 27% yes yes
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Dialect Syntax: Noun Phrases

Possessives

o ldafa construction

Nounl Noun2
oY) el
King Jordan
the king of Jordan / Jordan’s king
o Dialects have an additional common construct
Nounl <particle> Noun2
LEV: oY) & &l the-king belonging-to Jordan
<particle> differs widely among dialects
Pre/post-modifying demonstrative article
o MSA: da )l 12a this the-man  this man
o EGY:eadal )l the-man this  this man
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Code Switching:
Al-Jazeera Talk Show

MSA and Dialect mixing in formal spoken situations

ot 3 sad i g o gall | gaa jla ae W dlee 4y oy Lo U Y

55k b oS ad o fimy U (i ) e itae g guimsa i suimse Ml s 5 o sgl) il iy | gl
& IS ) MJML\)MJMJLAA@U}SJUUMLUMJ\A_uﬂe\};\Lguj&@\}Jf)dmL\qu
eu@uﬁg.d\u\‘) Lﬁjm‘yoéc \Zj LSMW‘&J;A}QS\\ML}QM&M;@M}S\}\QM
u_.\.ub‘)el.k.a Juu.qu\_us‘_ée \G‘“MJ(‘LL"UL‘J@ M\dbuﬂl@.ﬂ\&_\\‘)@\ucéu
@uj&wm\;aﬁwm)md)\;m\ J};JWJS\JWMJS;J\MMA;GA M\QM\;J

uﬁﬁ@)ﬁuﬂ)wuﬁwm\ubé\ Hﬂl\u&;&d\mﬁjukwﬁu uﬂ\ﬁ
;\m\m&;m;ﬂ\m&;mw\w\ oty aitdall dm\muum@@mwmm\w\ gy

S Aib g dallas & d&édﬁu\m)ﬂ\q)@é)mucc_m}zujtk;}mud)d\mhuw\
ww\a@bcj}Jw\dﬂuM\\&gu\UMUMGSMUM\u.ubodﬂ\}a @dla.\
Cufl Ul L ) ga 33l Lead ) gial g dna ) gufia L Lgid pﬁu;ﬁd;u&)myutswﬂ\u&;w
mul\djﬂumj\u&&)m}d\h@_auﬂ\wj mﬂ\@\mjg\@)wbu\jm@jﬂ\d)\;
o sl 4 J s K e bl g ola 138 Wi pgiiy Ul Ll jianall & gum gall Ul o guim gl 120 3
OV A seen i Y oelllia Lo ) ;u)mﬂ\jwhd\wmsh\)wqu\;m\mb\@su&\ o s aliaes
& sl 13 8 el ey JAVT 108 k) jaagall 8 g A A0 e g8 40

Aljazeera Transcript http://www.aljazeera.net/programs/op_direction/articles/2004/7/7-23-1.htm

MSA
LEV

13




Why Study Arabic Dialects?

There are no native speakers of MSA

Almost no native speakers of Arabic are able to

sustain continuous spontaneous production of
spoken MSA

This affects all spoken genres which are not fully
scripted: conversational telephone, talk shows,
Interviews, etc.

Dialects also in use in new written media
(newsgroups, blogs, etc)

Arabic NLP components for many applications need
to account for dialects!

14
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Possible Approaches

Annotate corpora (“Brill Approach”)

Leverage existing MSA resources our approacH

o Difference MSA/dialect not enormous: can
leverage

o We have linguistic studies of dialects (“scholar-
seeded learning”)

o Too many dialects: even with dialects annotated,
still need leveraging for other dialects

0o Code switching: don’t want to annotate corpora
with code-switching

16



Goal of this Work

Goal of this work: show that leveraging
MSA resources for dialects is a viable
scientific and engineering option
Specifically: show that using lexical and

structural knowledge of dialects can be
used for dialect parsing

Question of cost ($) is an accounting
guestion

17



Out of Scope

Tokenization

MOFPN@'@@ﬁ@é @@N@rﬁwvﬁﬁi dialects
morphqlegiedhAinAaHNSURIAEKS

Speech Effgalsinaul
- Repairs apgkegiisiul

0 Disfluenc,ipr§A binqu
Q Parenthe:[icals

? SPSERNE

‘Easy

nalak$
nAlakS

hA lak$

”RéR interface
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In Scope

Deriving bidialectal lexica
Part-of-speech tagging
Parsing
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Arabic Dialects:
Computational Resources

Transcribed speech/transcript corpora

o Levantine (LDC), Egyptian (LDC), Iraqi, Guilf, ...
Very little other unannotated text

o Online: Blogs, newsgroups

o Paper: Novels, plays,soap opera scripts, ...
Treebanks

o Levantine, LDC for this workshop with no funding
o INTENDED FOR EVALUATION ONLY
Morphological resources

o Columbia University Arabic Dialect Project: MAGEAD:
Pan-Arab Morphology, only MSA so far (ACL
workshop 2005)

o Buckwalter morphological analyzer for Levantine
(LDC, under development, available as black box)



MSA.
Computational Resources

Huge unannoted corpora,

MSA treebank (LDC)

Lexicons,

Morphological analyzers (Buckwalter 2002)
Taggers (Diab et al 2004)

Chunkers (Diab et al 2004)

Parsers (Bikel, Sima’'an)

MT system, ASR systems, ...

22



Data Preparation

20,000 words of Levantine (Jordanian) syntactically
annotated by LDC

Removed speech effects, leaving 16,000 words
(4,000 sentences)

Divided into development and test data
Note: NO TRAINING DATA

Use morphological analysis of LEV corpus as a
standin for true morphological analyzer

Use MSA treebank from LDC (300,000 words) for
training and development

Contributors: Mona Diab, Nizar Habash

23



Issues In Test Set

Annotated Levantine corpus used only for
development, testing (no training)

Corpus developed rapidly at LDC (Maamouri,
Bies, Buckwalter), for free (thanks!)

Issues in corpus:
o 5% words mis-transcribed
2 Some inconsistent annotations

24
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Bidialectal Lexicons

Problem:
o No existing bidialectal lexicons (even on paper)
2o No existing parallel corpora MSA-dialect

Solution:

o Use human-written lexicons

2 Use comparable corpora

o Estimate translation probabilities

26



Part-of-Speech Tagging

Problem:
2 No POS-annotated corpus for dialect

Solution 1: adapt existing MSA resources
o Minimal linguistic knowledge
o MSA-dialect lexicon

Solution 2: find new types of models

27
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Parsing Arabic Dialects:

The Problem
- Dialect - - MSA -
>
leoVl oS SVoVI
P) : 9

o |- l
! o

/\ Parser

O A IS VAN



Parsing Solution 1:
Dialect Sentence Transduction

- Dialect -

eVl guS Vo

\\‘

E‘ Translation Lexicon ::l

N

PSPV IS VAN

slewVl sVgVI

- MSA -

eVl sVoVIl usS

N adl

Parser

Workshop Accomplished

Pre-Existing Resources

Continuing Progress
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Parsing Solution 2:
MSA Treebank Transduction

- Dialect -

Treebank Treebank

ORI SSVAY] l

l < ;: E‘ Tree Transduction ::l

slewVl SRV

B | Workshop Accomplished Pre-Existing Resources Continuing Progress
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Parsing Solution 3:
MSA Grammar Transduction

- Dialect -

Probabilistic
TAG

ORI SSVAY] l

—

l

- MSA -
\ / Treebank
Probabilistic
TAG

E‘ Tree Transduction ::l

sl >VoVI TAG = Tree Adjoining Grammar
B | Workshop Accomplished Pre-Existing Resources || Continuing Progress
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What We Have Shown

Baseline: MSA-trained parser on Levantine
o Baseline: 53.1%

This work: a small amount of effort improves
o Small lexicon, 2 syntactic rules: 60.2%

Comparison: a large amount of effort for
treebanking improves more
2 Annotate 11,000 words: 69.3%

33



Summary: Introduction

Continuum of dialects

People communicate spontaneously in Arabic
dialects, not in MSA

So far no computational work on dialects, almost no
resources (not even much unannotated text)

Do not want ad-hoc solution for each dialect

Want to quickly develop dialect parsers without need
for annontation

Exploit knowledge of differences MSA/dialects to be
able to

34
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Arabic Dialect Text Classification

Student Project Proposal

Advisor: Nizar Habash Columbia University, NY
Student: Safi Shareef Johns Hopkins University, MD

August 17, 2005
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Background

Arabic Diglossia

o Standard Arabic: formal, primarily written

o Arabic Dialects: informal, primarily spoken

o Differences in phonology, morphology, syntax, lexicon
a

Regional Dialect differences (lraqi, Egyptian, Levantine,
etc.)

Spectrum of modern Arabic language forms
o Hints toward content

Modern Standard
Traditional |

&
<«

» Colloquial
Classical

Student Project Proposal



Code Switching

0 MSA & Dialect mixing within the same text

65 el Gl el ) sl W a3t (5l da agall ) saa e ae U dolee 40y ey Lo LT Y

MSA
LEV

b oS adl s sadll Akl jRann s plat B G sSoadl o fing W gm Y] e e p g ge dle g samse Ul
B 5 gl A Al &y ) ) ol g JSU 4 ey g Al R A jlae (A S s Adal s8anall duall o fial)
O S 2ad Sl o Sa ans e 2gall Sl § sage e Aal a5 o o e sall 13
a Glee o Aabud) 6Ly ol aUsi Gal Caitall ey (e il 8 alail) ol 2Uss i sl
wm@dﬂmu@gw&m&s)&wmjmmmiqjgum)\juma”sg\
a_au_-s;umﬁba w\yhbquMY\tﬂy@waw&jmﬂ\\AA \_1\}
4o a3y A0l Al Gty O5Ss 98 A sean Oty (e slhe e el ddils ) s andll Gildad (5ol
(x5 Lo Jsil agle cillanSUall elay ade 4 il ade Gl ALl uy ailall (3160 aes L ol b
aloadll s Le 355 8 Jlay S Al s Al bl oS ALLED il sl 3sen i e zeam 5a Lag

¢ s 50 OIS sl (il L) pn Ul oy - 5 0 Slosall & i Lol 10 5L (g (0l b (a5
Mjwuu\wwy\d)\; \uL@_‘s\ﬁ}s\@\}M\}w\wsﬂ\@eﬂﬁ&ﬁ@u

g s sall Lol o pumsal 30 (3 Lisin ) 2 5md i ) OIS g sl g Lo ) Ll L rnn ) 3 2 S
sole) it S o sn aliad il 48 Jsi (San Lo G laill dga slla mut.ua@&u AN
DA A e 8 B AN 0 4y sean i ) @lllia Lo )y el 5 udaall eia ) i i)
& smsall 14 8 eld ey JEYL 1 4kl el
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Computational Issues

Modern Standard Arabic

2 Plethora of resources/applications

o Textual Corpora

o Treebanks

2 Morphological Analyzers/Generators

Arabic Dialects
o Limited or no resources
o Many dialects with varying degrees of support

Student Project Proposal



Dialect Detection (Identification)

Motivation

o Create more consistent and robust language
models
Machine translation
0 e.g. Translate into IRQ in colloquial form
o Application matching
What lexicon, analyzer, translation system to use?

Dialect ID as additional feature to different applications
o Information retrieval, information extraction, etc.

Student Project Proposal



Types of Dialect Classification

Document-based vs. Word-based
Single Dialect vs. Multiple Dialect

Form of Dialect

Dimensions of Classification

Single Dialect Multiple Dialect
Word Classify word as MSA or | Classify Word as MSA, IRQ,
DIA LEV, EGY, GLF,etc.

Classify document as
Document | MSA or DIA, spectrum of
Classical <—>Colloquial

Classify Document as MSA,
IRQ, LEV, EGY, GLF,etc.

Student Project Proposal




Difficulty of Dialect Identification...

Research Challenges
o Require annotated development and test sets
Creating annotating resources (i.e. determining dialect)

a Other resource requirements:
e.g. Word analyzers

Single Dialect Multiple Dialect
* Hard to annotate * Harder to annotate
Word
* Need resources * Need more resources
URL annotated Corpora
Document . . .
Textual resources that originate from known dialectal region

Student Project Proposal




The Problem Being Addressed...

Document-level Multiple Dialect Classification

0 No Resources exist to identify an Arabic
document’s dialect

Unannotated Corpora exists!
0 (e.g. news groups, blogs, interviews, etc.)

0 Encompasses single dialect document-level
classification

o Precursor to word-level classification

Student Project Proposal



‘ Proposal

News

Web-blog

Chat

MSA

=

LEV

IRQ

3 (5]

Student Project Proposal



Proposed Solution

Develop a text level analyzer to rank Arabic
text (at the document level) on likelihood of
being LEV, EGP, IRQ, MSA, etc ...

Resources

o Multidialectal corpus annotated by region
e.g. use URL of newsgroups

o Dialect-specific wordlists

o Any available word-level applications
e.g. morphological analyzer

Student Project Proposal



Arabic Dialect Classification vs.
Language Identification

Language ldentification
o Different orthographies
o Primarily unigue vocabulary

Arabic Dialect Classification

o Not a simple Text Categorization Problem
Same orthography
Similar word roots

Non-uniform text
0 Code-switching

Student Project Proposal



‘ Proposed Approach

MSA

EGY

LEV

Student Project Proposal
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Statistical Mappings of Multiword Expressions
Across Multilingual Corpora

Student Project Proposal

Proposal by
Vincent Lacey Georgia Tech
Advisor: Mona Diab Columbia

Sponsor: Chin-Hui Lee Georgia Tech
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First, some motivation:

"Ya be trippin' wit’ dat tight truck jewelry."

Yes be falling wits that YIGUE %%%%Nwith that cool You are crazy with that
constricting truck jewelfy.— Yagofdse@diay; You nice gold jewelry.
-5.439 Be — Be, Are, 1£.07 -1.34
Yes be 0.42Trippinf aUpping, Fallify4Pligh, Crazgu are 0.89
be falling 0.50wit' — gifdighvith 0.65 are crazy 0.70
falling wits 0.05Dat — frigdy with 0.45 crazy with 0.51
wits that 0.22Tight WithhthRabcting; Cod);Nice with that 0.92
that constricting 0.35Tryck thatrger! 0.69 that nice 0.72
constricting truck 0.15jewel§Pol BH@Iry 0.18 nice gold 0.25

truck jewelry 0.03Truck gelgdayelrgold JeWERy gold jewelry 0.63
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L exical Issues

Treebank transduction : MSA->Dialect

Sentence transduction & grammar transduction:
Dialect->MSA

20% of Levantine words are unrecognized by parsers
trained on MSA

No parallel corpora!

51
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Optimists play video
games, read
magazines and listen
to the radio more than
do pessimists, while

television...

pessimists watch more

download and. . .

Read the lyrics, listen,

Who would read or
even listen to this
stuff??

R(read, listen) = 0.72

Some Intuition

Lo que me gusta
hacer...

LEER
ESCUCHAR
MUSICA Y
SALIR

R(leer, y) = 0.65

Hoy, con una
computadora y un
programa especial,
una persona ciega
puede acceder a la
primera biblioteca
virtual en lengua
hispana para
discapacitados
visuales, llamada
Tiflolibros, y leer--
mejor dicho, escuchar
miles de libros por su
cuenta.

R(leer, escuchar) = 0.70
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Mapping Single Words: Spearman

o ) Lo que me gusta hacer...
Optimists play video

games, read magazines (RZ ) =1 - (o] zd LEER ESCUCHAR MUSICA Y

[ =]

; . SALIR

and listen to the radio 3

more than do pessimists, R =-n Hoy, con una computadora y un
while pessimists watch programa especial, una persona
more television... ciega puede acceder a la primera

biblioteca virtual en lengua hispana

para discapacitados visuales,
dofwnload and. . . llamada Tiflolibros, y leer-- mejor
Who would read or even

i . dicho, esguchar miles|de libros por
ligten to this stuff??| su cuenTav

Read the lyrics, listen,

Rank Subtract

D 0.5 v

-2.5 0.7023

/
(51 2
1 4
N - |y |—— ]3| — 07167
1 5
2

35 Square & Sum

&)

Diab & Finch 2000
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Mapping Single Words: Similarity Vectors

Repeat with 3 seed words:

e’ )
(0.4305 0.4326 (02279
truth = | 05547 | verisimilitude =|0.5937 | golden = |g.7218
0.6785
0.7120 g J 0.6534 |

<truth, verisimilitude> = 0.9987
<truth, golden> = 0.9638

Related work: Knight & Koehn 2002
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|csr

Mapping Single Words: Cognate Filters

Bétore...
december
family
people

china

_ longest common substring

dagestbeveimbery chaven decersigeaty
faveibtons| atice o faed \ppdeearnéatas
pedpiddnvesoirsvestersfpedylafamesity
ohiocisratd japsel ass&@ fagsEa

lcsr(government, gouvernement) = 10/12

longest string

Melamed 1995
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Mapping Single Words: Map Reduction

involved  Involved
foreign -~ foreign
policy V policy
resolution school

Recall: 26086 Precision: 76086
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Preliminary Results: Method Comparison

(English-English comparable corpora)

Methods Added Precision
Entries
Similarity 1000 86.4%
Similarity+LCSR 1000 92.5%
Similarity+LCSR+MapReduce 841 98.8%
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Preliminary Results: Comparable Corpora Analysis

English-English Corpora

Precision *

Size (words) Comparable Related
100M 99.7% (889) 87.6% (381)
20M 99.2% (825) 84.2% (319)
4M 96.3% (719) 77.7% (286)
Arabic MSA-MSA Corpora Precision *
Size (words) Comparable Related
100M 99.3% (764) 96.5% (654)
20M 98.2% (756) 87.1% (465)
4M 94.0% (625) 70.9% (288)

Comparable: Same genre (“same” newswire), overlapping coverage time

Related: Same genre (different newswire), some overlapping coverage time

*type precision
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Approach:

First pass:

kicked
the
bucket

Second pass:

Intersecting Sets

kicked story die shove off

the of company person die

bucket die pail story conclusion

die

passed bombings bucket peace kicked
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Approach: Synthesis

die

Kicked

— LM — | Kicked the bucket

Bombs

Bucket
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Evaluation

Using MWE data base at Columbia

Automated—no human intervention
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Advantages & Applications

No seed lexicon required
No annotated corpora needed
Fast and extensible

Word Clustering
CrBeRYiing BITA BRI ANTSR Y8R&lal

ISSUe ISSUe poin e 1orce

Phaias e-b asie deforaciomee drawtss iatestment

ireland  ireland yugoslavia cyprus canada sweden
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Work Plan

Sources: English/Arabic/Chinese Gigaword

Aug-Sept: Building initial MWE system
Sept-Oct: Development testing
Oct-Dec: Final experiments
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L ocal Overview: Lexicon

Building a lexicon for parsing

o Get the word to word relations

Manual construction
Vincent Lacey’s presentation (Finch & Diab, 2000)

A variant of Rapp (1999)
Combination of resources

o Assign probabilities
Ways of using lexicons in experiments
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Rapp, 1999

seed dictionary

English corpus like Ike-lay Pig latin corpus
People who liketo | | bOOKks | ooks-bay e-way ike-lay o-tay
read books are ead-ray ooks-bay.

Interesting.
like books ike-lay | ooks-bay

are 0 1 / cad-ray 1 1
read 1 1 1 0

e-way
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Automatic Extraction from
Comparable Corpora

Novel extensions to Rapp, 1999:

o Modification: add best pair to dictionary and
iterate

When to stop? How “bad” is “bad™?
English to English corpus: halves of Emma
by Jane Austen
a0 97% of ~100 words added to dictionary correct
a0 39.5% of other words correct in top candidate
a0 61.5% of other words correct in top 10
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Application to LEV-MSA

Levantine development data & part of MSA treebank:

o Used words that appeared in both corpora as seed dictionary
o Held out known words: <10% in top 10

o Manual examination: sometimes clusters on POS
Explanation:

o These are small and unrelated corpora

o If translation is not in other corpus, no chance of finding it!

o Levantine: speech about family, MSA: text about politics, news

Contributors: Carol Nichols, Vincent Lacey, Mona Diab, Rebecca Hwa
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Manual Construction

Simple modification

_ _ Closed
Bridge through English Class?
Manually created = S
simple modification  simple modification
: : union ‘

Comblnatlon: manually created Entry in

manually

created?

yes no

Contributors: Nizar Habash union union

manually created bridge
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Add Probabilities to Lexicons

No parallel corpora to compute joint
distribution

Applying EM algorithm using unigram
frequency counts from comparable

corpora and many-to-many lexicon
relations

Contributors: Khalil Sima’an, Carol Nichols, Rebecca Hwa, Mona Diab, Vincent
Lacey
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Lexicons Used

Does not rely on corpus specific information
o Levantine closed class words +—/ Small
o Top 100 most frequent Levantine words«— | exicon

Uses info from our dev set:
occurrence, POS
o Combined manual lexicon

o Combined manual lexicon pruned ¢

Leaves only non-MSA-like entries Big
and translations found in ATB Lexicon

Transformed lexemes to surface forms using ARAGEN (Habash, 2004)
Contributors: Nizar Habash, Carol Nichols, Vincent Lacey
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Experiment Variations

POS tags No Small Big
Lexicon Lexicon Lexicon
None
Automatic

Gold

76




Lexical Issues Summary

Main conclusions:

o Automatic extraction from comparable corpora for
Levantine and MSA is difficult

0 Using small and big lexicons can improve POS
tagging and parsing

Future directions:

o Try other automatic methods (Ex: tf/idf)
o Try to find more comparable corpora
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POS Tagging

Assign parts-of-speech to Levantine words

tEny VBP I+ IN +y PRP AIEA}p NN tmArp NNP ? PUNC

Correctly tagged input gives higher parsing
accuracies

Assumptions

o Have MSA resources

o Levantine data is tokenized
0 Use reduced “Bies” tagset

Contributors: Rebecca Hwa and Roger Levy o



Porting from MSA to LEV

Lexical coverage challenge
o 80% of word tokens overlap
0 60% of word types overlap

0 6% of the overlapped types (10% of tokens) have
different tags

Approaches
o Exploit readily available resources

o Augment model to reflect characteristics of the
language

80



Basic Tagging Model: HMM

Transition distributions: P(T. |T. )
Emission distributions: P(W. |T)

Initial model: MSA Bigram
o Trained on 587K manually tagged MSA words
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Tagging LEV with MSA Model

Baselines: Train on MSA

o Test on MSA: 93.4%

a Teston LEV:
Dev (11.1K words): 68.8%
Test (10.6K words): 64.4%

Train on LEV
o 10-fold cross validation on LEV Dev: 82.9%
o Train on LEV Dev, Test on LEV test: 80.2%

Higher accuracies (~70%) are possible with
models such as SVM (Diab et al., 2004)
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Nailve Porting

Assume no change in transitions P(T|T.,)
Adapt emission probabilities P(W|T)
o Reclaim mass from MSA-only words

o Redistribute mass to LEV-only words proportional to
unigram frequency

Unsupervised re-training with EM
Results on LEV dev:

o 70.2% without retraining
o 70.7% after one iteration of EM
o Further retraining hurts performance

Result on LEV test: 66.1%
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Error Analyses on LEV Dev

Transition

o Genre/Domain differences affect transition
probabilities

0 Retraining transition probabilities improves accuracy
Emission

o Accuracy of MSA-LEV shared words: 84.4%

o Accuracy of LEV-only words: 16.9%

o Frequent errors on closed-class words

Retraining
o Naive porting doesn’t give EM enough constraints
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Count

Relative proportion of seen/unseen words in Levantine
development set

3000

2500

2000

®m Unseen words

1500

B3 Seen words

1000

500

NN VBP JJ VBD. _IN PRP PRP$
J \u J

open-class closed-class




F1

100
90
80
70
60
50
40

30
20
10

Tagging accuracy for open-class parts of speech

0O Owerall accuracy

@ Seen-word
accuracy

m Unseen-word
accuracy

NN VBP JJ VBD
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Exploit Resources

Minimal linguistic knowledge

o Closed-class vs. open-class

a Gather stats on initial and final two letters
e.g., Al+ suggests Noun, Adj.
o Most words have one or two possible Bies tags

Translation lexicons
o “Small” vs. “Big”

Tagged dialect sentences
Morphological analyzer (Duh&Kirchhoff, 2005)
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Tagging Results on LEV Test

POS tags No Small Big
Lexicon Lexicon Lexicon

None

Gold
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Tagging Results on LEV Test

No Small Big
Lexicon Lexicon Lexicon
Naive Port 66.6%
Minimal
Linguistic 70.5% 77.0% 78.2%
Knowledge
+100 Tagged
LEV Sentences 78.3% 79.9% 79.3%
(300 words)

= Baseline: MSA as-is: 64.4%
= Supervised (~11K tagged LEV words): 80.2%
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Ongoing Work:
Augment Tagging Model

Distributional methods promising for POS
o Clark 2000, 2003: completely unsupervised

We have much more distr. information
2 Some MSA parameters are useful

LEV words’ internal structure constrainable

2 morphological regularities useful for POS
clustering (Clark 2003)
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Version 1: Simple Morphology

P(W|T) determined with character HMM
o each POS has separate char. HMM

D o




Version 2: Root-Template
Morphology

Character HMM doesn’t capture lots of Arabic
morphological structure

Templates determine open-class POS
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POS Tagging Summary

Lexical coverage is a major challenge
Linguistic knowledge helps

Translation lexicons are useful resources
o Small lexicon offers biggest bang for $$

Ongoing work: improve model to take
advantage of morphological features
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Parsing Arabic Dialect

Baselines for Parsing



Parsing Arabic Dialects:
The Problem
-Dialect-

-MSA -




Baselines for Parsing LEV

Alternative baseline approaches to parsing Levantine:

e Unsupervised: Unsupervised induction

e MSA-supervised: Train statistical parser on MSA treebank

Hypothetical:
e Treebanking: Train on small LEV treebank (13k words)

Our approach:
e Without treebanking: Porting MSA parsers to LEV

Exploring simple word transduction



Reminder: LEV Data

MSA is Newswire text — LEV is Callhome

For this project, the following strictly speech phenomena were
removed from the LEV data (M. Diab):

o EDITED (restarts) and INTJ (interjections)
e PRN (Parentheticals) and UNFINISHED constituents
o All resulting SINGLETON trees

Resulting data:
o Dev-set (1928 sentences) and Test-set (2051 sentences)

e Average sentence length: about 5.5 wds/sen.

Reported results are F1 scores.



Baselines: Unsupervised Parsers for LEV

Unsupervised induction by PCFG [Klein & Manning].

Induce structure for the gold POS tagged LEV dev-set (R. Levy):

Model Unlab | Lab Untyped | Typed
Brack. | Brack. || Dep. Dep.
Unsupervised | 42.6 - 50.9 -




Baselines: MSA Parsers for LEV (1)

MSA Treebank PCFG (R. Levy and K. Sima’an).

Model Unlab | Lab Untyped | Typed
Brack. | Brack. || Dep. Dep.
TB PCFG(Free) 63.5 50.5 56.1 34.7
TB PCFG(+Gold) 71.7 60.4 66.1 49.0
TB PCFG(+Smooth) | 73.0 62.3 66.2 51.6

Most improvement (10%) comes from gold tagging!

Free: bare words input
+Gold: gold POS tagged input
+Smooth: (4Gold) + smoothed model



Baselines: MSA Parsers for LEV (2)

Gold tagged input:

Model Unlab | Lab Untyped | Typed
Brack. | Brack. || Dep. Dep.

TB PCFG (+G+S) | 73.0 62.3 66.2 51.6

Blex.dep. (Bikel)? 60.9

Treegram (Sima'an) | 73.7 62.9 68.7 51.5

STAG (Chiang) 73.6 63.0 71.0 52.8

Free POS Tags
’ STAG (Chiang) \ \ 55.3 H

Treebank PCFG doing as well as lexicalized parsers?

!Gold POS tags partially enforced (N. Habash).



Treebanking LEV: A Reference Point

NOTE: This serves only as a reference point!

Train a statistical parser on 13k words LEV treebank.
How good a LEV parser will we have?
D. Chiang:
e Ten-fold split LEV-dev-set (90%/10%) train/test sets
e Trained STAG-parser on train, tested on test:

Free tags: F1 = 67.7 Gold tags: F1 = 72.6

Questions:

e Will injecting LEV knowledge into MSA parsers give more?
e What kind of knowledge? How hard is it to come by?



Some Numbers About Lexical Differences

Without morphological normalization on either side.

In the LEV dev-set:
e 21% of word tokens are not in MSA treebank

e 27% of (word, tag) occurrences are not in MSA treebank



The Three Fundamental Approaches

Sentence: Translate LEV sentences to MSA sentences
Treebank: Translate MSA treebank into LEV

Grammar: Translate prob. MSA grammar into LEV grammar

Common to all three approaches: word-to-word translation

Let us try simple word-to-word translation



A Cheap Extension to the Baseline

Hypothesis: translating a small number of words will improve
parsing accuracy significantly (D. Chiang & N. Habash).

66 T T T
64 b
62 b
60 b

58 |- B

F1 (labeled brackets)

56 Gold POS tags

54 1 1 1 1
0 5 10 15 20 25

Words translated (types)

Simple transduction “half-way” to LEV treebank parser



Preview of Baseline Results

Model Unlab | Lab Untyped | Typed
Brack. | Brack. || Dep. Dep.

Gold POS Tagged Input
| STAG (Chiang) | 736 [ 63.0 [ 71.0 | 52.8 |

Not Tagged Input (Free)
’ STAG (Chiang) ‘ \ 55.3 H \ ‘
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Sentence Transduction Approach

-Dialect -

- MSA -

il Jadll B e Y 3V

E‘Translation Lexicon:]

IikeH

I

BTV oy HYI

work / not men

| ala
this

\

>

Jaxdl 138 Jla ) gy Y

!

like

Jazll Y

work \ not

thig |22

Ja )

-
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Intuition/Insight

Translation between closely related
languages (MSA/Dialect) is relatively easy
compared to translation between unrelated
anguages (MSA,Dialect/English)
Dialect-MSA translation is easier than MSA-
Dialect translation due to rich MSA resources
o Surface MSA language models

o Structural MSA language models
2 MSA grammars
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Sentence Transduction Approach

Advantages
o MSA translation created as a side product

Disadvantages

2 No access to structural information for translation

o Translation can add more ambiguity for parsing

Dialect distinct words can become ambiguous MSA
words

o LEV g myn ‘who’/ g« mn ‘from’

o MSA &< mn ‘who/from’
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Translate dialect sentence to MSA lattice
2 Lexical choice under-specified

o Linear permutations using string matching
transformative rules

VBN

men

like

(-}:L S. :.!\

not

work

| ala
this

Lattice
Translation

Dialect
Sentence
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Language modeling
0 Select best path in lattice

Y ca Jdall 1 Jaad

men like not work this

Language
Model

Lattice
Translation

Dialect
Senten&e




MSA Parsing
o Constituency representation

S
VP
PI‘?T VBP N‘P NP
PN
RP NNS DT N

Y ey Jdagl 1 Jaz)

men like not work this

MSA
Parsing

Language
Model

Lattice
Translation

Dialect
Sentence
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All along, pass links for dialect word to MSA

words

not

\
\
\
S. ™ !\

work

ala
this

MSA
Parsing

Language
Model

Lattice
Translation

Dialect
Sentence
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Retrace to link dialect words to parse
0 Dependency representation necessary

MSA
Parsing

Language
Model

Lattice
Translation

| \
\ | ! \
| \

c“y oY Pt ul BEA| | ala Dialect

Sentence
104

men like not work this



Retrace to link dialect words to parse
0 Dependency representation necessary

] th -
5 S
]
o A MSA
Parsing
. Language
K s deh e ded Model
\ ,’/ /}l ,\/ \
\\\ ‘\\ ///// \\\\ ////
TN \\\ RN Lattice
\ \ \ / ) Translation
\\\ | \\ I\ //
\ ,' \x \\ 7 |
ad )Y Froer on Jdad ol Dialect

) ) Sentence
men like not work this 105




Retrace to link dialect words to parse
0 Dependency representation necessary

men like not work this

MSA
Parsing

Language
Model

Lattice
Translation

Dialect
Sentence
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DEV Results

Bikel Parser, unforced gold tags, uniform
translation probabilities

o PARSEVAL P/R/F1

Tags| No Lexicon Small Lexicon Big Lexicon
None| 959.4/51.9/55.4 63.8/58.3/61.0 65.3/61.1/63.1
Gold 64.0/58.3/61.0 67.5/63.4/65.3 66.8/63.2/65.0

o POS tagging accuracy

Tags| No Lexicon Small Lexicon Big Lexicon
None 71.3 80.4 83.9
Gold 87.5 91.3 88.6
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o PARSEVAL P/R/F1

TEST vs DEV

| exicon None

L exicon Small

Tags DEV TEST DEV TEST
None 55.4 53.5 61.0 S7.7
Gold 61.0 60.2 65.3 64.0

o POS tagging accuracy

| exicon None

L exicon Small

Tags DEV TEST DEV TEST
None /1.3 67.4 80.4 74.6
Gold 87.5 86.6 91.3 89.8




Additional Experiments

EM translation probabillities
o Not much or consistently helpful

Lattice Parsing alternative (Khalil Sima’an)

o Using a structural LM (but no additional surface LM)
2 No EM probs used

20 PARSEVAL F1 score

| exicon None L exicon Small

Tags DEV TEST DEV TEST

Gold 62.9 62.0 63.0 61.9
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Linear Permutation Experiment

Negation permutation
a0 V$/RP = IA/RP V

3% in Dev, 2% in Test
Dependency accuracy

L exicon Small

DEV

TEST

Tags

NoPerm

PermNeg

NoPerm | PermNeg

Gold

69.6

69.7

67.6

67.3
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Conclusions & Future Plans

Framework for sentence transduction approach
22% reduction on pos tagging error (DEV=32%)

9% reduction on F1 labeled constituent error
(DEV=13%)

Explore a larger space of permutations
Better LMs on MSA

Integrate surface LM probabilities in lattice parsing
approach

Use Treebank/Grammar transduction parses
(without lexical translation)
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MSA Treebank Transduction

-Dialect -

= —

Treebank

ala sl uiHe‘ﬁﬂ‘l

N 2

B s Parser

I

Jedll & e&!j)!\
/
| ala

Treebank

E‘ Tree Transduction ::l
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Objective

IS — /\

NP-TPC
VP | /N
e e NNS  ygp prT NP
PRT VBP NP NP AI"?Z'IyA\m byHbw I'\"P N/\DT
P N $gl hAd
RP sy NNS DT N 5 Alggl hAdA
IA AlIFAI  h*A AIEmI R R

p Jasl 13 Jaal
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Approach

Structural Manipulations
o Tree normalizations
o Syntactic transformations

Lexical Manipulations
o Lexical translations
o Morphological transformations
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Resources Required

MSA Treebank (provided by LDC)

Knowledge of systematic structural transformations
(scholar seeded knowledge)

Tool to manipulate existing structures (Tregex &
Tsurgeon)

Lexicon of correspondences from MSA to LEV
(automatic + hand crafted)

Evaluation corpus
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Tregex (Roger Levy)

S
%E VP
/\
It V VP
| — ~
idnt  V NP SBAR
didnt : P A
bother him that | showed up
descendent through VP chain headed by
SBAR= sbms m/\[h]t$/)
child-of dominates

regex “it” or “It""’



Tsurgeon (Roger Levy)

S
SBAR VP
S ——= —_—
— _ that | showed up y, VP
NP VP | —\
A \//\VP didn't V. NP
It o T
| — — bother him
didnt V. NP SBAR

bother him that | showed up
prune sbar

replace np sbar

SBAR=sbar > (VP >+VP (S < (NP=np <<# /"[1i]t$/)))
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Tree Normalizations

Fixing annotation inconsistencies in MSA TB
inteProgative inteProgative

Removing superfluous Ss

S)(\S—> S S
N A A
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Syntactic Transformations

SVO-VSO
Fragmentation
Negation

Demonstative Pronoun flipping
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Syntactic Transformations

VSO to SVO S
S ﬁ
l VP
BP PRT NP
AN
PRT VB NP
s RP N DT
RP N $ Al$gl hAdA
A h*A AlEm S Rl

1aa Canll
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Syntactic Transformations

S
S NEG /\
l NP-TPC VP
VP \
NNS  vep/pPRT\ NP
AlAzIAm byHb PN
\ /NP\ NN e DT
<>y NNS DT N I$g| hAdA
AlrjAl  h*A AlEml KPS

Ja ) 13 e
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Syntactic Transformations

‘S DEM FIippiqg /\

NP-TPC

VP | /N
Pl \ NNS  vBp PRT
PRT VBP NP 5 AlAzIAm byHbw R\P
| yHb | SRR
A AljAl | h*A ANEmI o dadl

p Jasl \ 13a [ Jaal
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| exical Transformations

Using the dictionaries for finding word
correspondences from MSA to LEV {Habash}

o SM: Closed Class dictionary in addition to the 100 most
frequent terms and their correspondences

o LG: SM + open class LEV TB dev set types

Two types of probabilities associated with entries in
dictionary: {Nichols, Sima’an, Hwa}

o EM probabillities

o Uniform probabilities
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Morphological Manipulations

Replacing all occurrences of MSA VB ‘want’
to NN ‘bd’ and inserting possessive pronoun

Replacing MSA VB /lys/ by and RP m$

Changing VBP verb to VBP b+verb
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Experiments

Tree normalization

Syntactic transformations
Lexical transformations
Morphological transformations

Interactions between lexical, syntactic and
morphological transformations

Parser
o Bikel Parser off-shelf
Evaluation
o Labeled precision/Labeled recall/F-measure
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Experiment Variations

POS tags No Small Big
Lexicon Lexicon Lexicon
None 53.2F
Automatic

Gold
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FHreasure

66

63

60 -

57

54

Performance on DevSet

Gold POS 7.7% Error
Red. \
60.1 |[]
structural lexical morph mix

Experimental Conditions
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Results

F measure/GoldTag Dev |Test
Baseline 60.1 |60.2
TNORM+NEG 62 61

Lex SM+EMprob 61.2 [959.7
MORPH 60.8 |60

Lex SM+EMprob +MORPH 61 59.8
TNORM+NEG +MORPH 62 60.6
TNORM+NEG+Lex SM+EM 63.1 [61.5
TNORM+NEG+Lex SM+EM +MORPH [62.6 [61.2
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Observations

Not all combinations help

Morphological transformations seem to hurt when
used in conjunction with other transformations

Difference in domain and genre account for
uselessness of the large dictionary

EM probabilities seem to play the role of LEV
language model

Caveat: Lexical resources even for closed class are
created for LEV to MSA not the reverse (25% type
defficiency in coverage of closed class items)
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Conclusions & Future Directions

Resource consistency is paramount

Future Directions

Q

o O 0O O

More Error analysis

Experiment with more transformations

Add a dialectal language model

Experiment with more balanced lexical resources

Test applicability of tools developed here to other Arabic
dialects

Maybe automatically learn possible syntactic
transformations?
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Grammar Transduction

-Dialect - - MSA -
Probabilistic
Jadll i sy oy Y \ a~ Treebank
| alay Probabilistic
TAG

I:: Tree Transduction ::l

TAG = Tree Adjoining Grammar
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Grammar Transduction

Transform MSA parsing model into dialect
parsing model

More precisely: into an MSA-dialect
synchronous parsing model

Parsing model is defined in terms of tree-
adjoining grammar derivations

Contributors: David Chiang and Owen Rambow
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Tree-Adjoining Grammar

S
NP ADVP Ilke

I really

S

/7\
NP ADVP VP

N
really V NP

| |
like Arabic

NP
Arabic
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Transforming a TAG

Thus: to transform a TAG, we specify
transformations on elementary trees

S S
| RN
VP NPI VP
/]\ /\
\") NF’I Nl:’2 \") NF’2

yHb byHbw
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Transforming Probabilities

MSA parsing model S

is probabilistic, so NP/\VP
we need to L
transform the S . \l‘ NP,
probabilities too v > byon
T
Make . V NP, NP, :
transformations | 2 le
probabilistic: this yHEB T~
gives P(TLeV|T|\/|SA) V NP, NP,

|
byHbw
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Probability Model

To parse, search for:
arg max P(TLev) =~ arg max P(TLev, Tmsa)

= arg max P(TiLev|Tmsa) P(Twmsa)

/

given by learned from

grammar MSA treebank
transformation
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Probability Model

Full set of mappings is very large, because
elementary trees are lexicalized

Can backoff to translating unlexicalized part
and lexical anchor independently

S S

| RN

VP NP, VP
/l\ /\
V NP, NP, V NP,

| 1
yHb byHbw
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Transformations

VSO to SVO transformation

Negation:
S S
PN
VP NP, VP
V NP, NP, V  PRT NP,

| |
yHB byHbw $
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Transformations

= ‘want’
S S
| |
VP : VP
N T
vV ¥, N PRP$ §',

| |
>ryd bd vy
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Experiments (devtest)

POS tags No Small Big
Lexicon Lexicon Lexicon
None
Automatic

Gold




Results (devtest)

Baseline

Small lexicon

VSO—-SVO
negation
‘want’
negation+'want’

Recall

62.5
67.0

66.7
67.0
67.0

67.1

Prec
63.9

67.0

66.9
67.0
67.4

67.4

F1
63.2

67.0

66.8
67.0
6/7.2

67.3
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Experiments (test)

POS tags No Small Big
Lexicon Lexicon Lexicon
None
Automatic

Gold




Results (test)

Baseline
All, no lexical
All, small

All, large

Recall
50.9
51.1
58.7
60.0

Prec
55.4
55.5
61.8
62.2

F1
53.1
53.2
60.2
61.1
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Further Results

Combining with unsupervised POS tagger
hurts (about 2 points)

Using EM to reestimate either P(TLev|Tmsa) or
P(Twmsa)

o no lexicon: helps first iteration (about 1 point), then
hurts

o small lexicon: doesn’t help
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Conclusions

Syntactic transformations help, but not as
much as lexical
Future work:

o transformations involving multiple words and
syntactic context

o test other parameterizations, backoff schemes
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Accomplishments

Created software for acquiring lexicons from
comparable corpora

Investigated use of different lexicons in
Arabic dialect NLP tasks

Investigated POS tagging for dialects

Developed three approaches to parsing for
dialects, with software and methodologies
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Summary: Quantitative Results

POS tagging

o No lexicon to small lexicon: 70% to 77%

2 Small lexicon to small lexicon with in-domain
information: 77% to 80%

Parsing

a No lexicon to small lexicon: 63.2% to 67%

o Small lexicon to small lexicon with syntax: 67% to
67.3%

o Train on 10,000 trebanked words: 69.3%
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Resources Created

Lexicons:

o Hand-created closed-class, open-class lexicons for
Levantine

POS Tagging:

o Software for adapting MSA tagger to dialect
Parsing:

o Sentence-transduction & parsing software

o Tree-transformation software
o Synchronous grammar framework

Treebanks
o Transduced dialect treebank
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Future Work

Improve reported work
o Comparable corpora for Arabic dialects
o Improve POS results

o Explore more tree transformations for grammar
transduction, treebank transduction

o Include structural information for key words
Combine leveraging MSA with use of small
Levantine treebank

o Already used in POS tagging

o Combine transduced treebank with annotated treebank
o Augment extracted grammar with transformed grammar
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