EMNLP 2014, Doha, Qatar
Tutorial

Natural Language Processing
of Arabic and its Dialects

Mona Diab Nizar Habash
The George Washington New York University
University Abu Dhabi

mtdiab@gwu.edu nizar.habash@nyu.edu



CADIM ﬁh‘\&
Columbia Arabic Dialect Modeling

Founded in 2005 at Columbia University
— Center for Computational Learning Systems

Arabic-focused Natural Language Processing

Research Scientists

— Mona Diab, Nizar Habash and Owen Rambow

— Formal degrees in both Computer Science and
Linguistics

— Over 200 publications & numerous software releases

CADIM is now a multi-university consortium

— Columbia U. (Rambow), George Washington U. (Diab)
and New York U. Abu Dhabi (Habash)
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Introduction

e Arabic is a Semitic language
e ~300M speakers

e Forms of Arabic
— Classical Arabic (CA)

e Classical Historical texts
e Liturgical texts

— Modern Standard Arabic (MSA)

e News media & formal speeches and settings
e Only written standard

— Dialectal Arabic (DA)

e Predominantly spoken vernaculars
e No written standards

e Dialect vs. Language



Arabic and its Dialects

Official language: Modern Standard Arabic (MSA)
» No one’s native language

What is a ‘dialect’?
— Political and Religious factors

Regional Dialects

— Egyptian Arabic (EGY)

— Levantine Arabic (LEV)

— Gulf Arabic (GLF)

— North African Arabic (NOR): Moroccan, Algerian, Tunisian
— lraqi, Yemenite, Sudanese, Maltese?

Social dialects
— City, Rural, Bedouin
— Gender, Religious variants



Introduction

e Arabic Diglossia
— Diglossia is where two forms of the language exist
side by side
— MSA is the formal public language
e Perceived as “language of the mind”
— Dialectal Arabic is the informal private language
e Perceived as “language of the heart”

e General Arab perception: dialects are a
deteriorated form of Classical Arabic

e Continuum of dialects



Arabic Diglossia

Formal Informal

Telenovela Arabic

MSA |Typical MSA| "7 2

Formal
Dialect Spoken | Typical Dialect
Arabic




lam jaftari kamal tawilatan Zadidatan  snaa 4l gUa JlS yidy
didn’t buy Kamel table new
kamal maftara[ tarabéza gidida @ 513wk ) sl JWS

kamal maftara[ tawile  dide s Al gla i) yidle JLS

O
kamal mafra] mida  tdida O 303 Base (il il JleS

Kamel not-bought-not table new 8



Social Continuum

Bad oo | | Influences
adawl s 1evels Classical Colloquial Foreign

— Traditional Arabic

—Modern Arabic I
—Educated Colloquial

— Literate Colloquial

— llliterate Colloquial .

* Polyglossia




Why Study Arabic Dialects?

e Almost no native speakers of Arabic sustain continuous
spontaneous production of MSA

e Ubiquity of Dialect
— Dialects are the primary form of Arabic used in all unscripted
spoken genres: conversational, talk shows, interviews, etc.

— Dialects are increasingly in use in new written media
(newsgroups, weblogs, etc.)

— Dialects have a direct impact on MSA phonology, syntax,
semantics and pragmatics

— Dialects lexically permeate MSA speech and text

e Substantial Dialect-MSA differences impede direct
application of MSA NLP tools

10



Why is Arabic processing hard?

Arabic |English

Orthographic ambiguity More |Less

Orthographic inconsistency More |Less

Morphological inflections More |Less

Morpho-syntactic complexity |More |Less

Word order freedom More |Less

Dialectal variation More |Less




Tutorial Contents

e Orthography

— Script, phonology and spelling, dialectal variations, spelling inconsistency, automatic
spelling correction and conventionalization, automatic transliteration

12



Arabic Script

~ ~ ~
Lﬁ)’d
e An alphabet

e Written right-to-left
e Letters have allographic variants

e No concept of “capitalization”

YOYOUQW,LISS
GuYL3I333335ys
v | & & i £
s9s8éeeedi
33333533553
LW S

e Optional diacritics
e Common ligatures

e Used to write many languages besides Arabic:

Persian, Kurdish, Urdu, Pashto, etc. 13



Alphabet

o |etter forms

e |etter marks

Arabic Script

loz>,uvpebe
k_9'_lLJpU0_9t59

14



Arabic Script

Alphabet

o |etters (form+mark)

¢ Distinctive

N

R DO
NIl el R b

e Non-distinctive

¢315Ui\
/?/

glottal stop aka hamza >



Arabic Script

e Arabic script uses a set of optional diacritics

— 6.8 diacritizations/word

— Only 1.5% of words have at least one diacritic

e /kattab/ to dictate X

Vowel Nunation Gemination
~ R o — a8 w
I e IS
/ba/ /bu/ /bi/ /b/ /ban/ | /bun/ | /bin/ /bb/
— Combinable




Arabic Script

Putting it together

Simple combination

v; < v’)’&

Arab /Sarab/ U)c

West /sarb/ U)S:

oS u,é
Ligatures
Peace /salam/ /OXL-“U /olx.u < L l LJ U



Crall A giaall Bac Luall dpand a5 Lol

L e 4 53 Llanst) o Sl iy 1 o( 0 i) 1 = 1 2

B o yhall Ladi ) e usal) i 5 o Wil () s o sl LS
O dana (o rall (sladll g A HLAT) (9580 555 elra YY) (el 2S) Ll
A A sSall ) JB g L (o ral) Gl gl Galaa el (e
e al gl a gy ol o prall 5 Lilawl G g sladll o) il jalige

e A s ALY Ao KA () KT o(( 0 il ) 11 = 1 2%
DA (o hall Ll 3l 332 Ll o 20 Ll & (paped) 27500
G ek (ol slafllg Aa LA (55581 T Y slad )Y el 53T Ll

(o8 BB A AN ) U8 L L siall il Gl oLl e

RVECTA TS v R i PSS PRV By P ) B POAVR



Arabic Script

Tatweel
e ‘elongation’ Oyt 3 335

e aka kashida

e used for text highlight C)L"‘“\J‘ LBJAA

and justification

human rights /huquq alzinsan/



Arabic Script

“Arabic” Numerals

* Decimal system
* Numbers written left-to-right in right-to-left text
A A A sl Calatil 1962 2 (i Al JBEAY) e Lile 132
— P ¢ — —————

Algeria achieved its independence in 1962 after 132 years of French occupation.

* Three systems of enumeration symbols that vary by region

Western Arabic 0!/!/1 12131415 161/!7 |8 |9
Tunisia, Morocco, etc.

Indo-Arabic Y IYIYLS 1o [TV IA LS
Middle East

Eastern IndoArabiciran, |+ | Y IV |IF (D |2 |V |IA |9

Pakistan, etc.

20



Phonology and Spelling

e Phonological profile of Standard Arabic
— 28 Consonants
— 3 short vowels, 3 long vowels, 2 diphthongs

e Arabic spelling is mostly phonemic ...
— Letter-sound correspondence

ghhga e wjudigoredac le s3llie

ARMIMTIINNWY

Gw hnm Ikqfef0td s/ szrddxhdbtb a?

21



Phonology and Spelling

e Arabic spelling is mostly phonemic ...
Except for
e Medial short vowels can only appear as diacritics

e Diacritics are optional in most written text
— Except in holy scripture
— Present diacritics mark syntactic/semantic distinctions

i< /katab/ to write —&  /kutib/ to be written
a /hubb/ love <> /habb/ seed

e Dual use of ), 5, s as consonant and long vowel

B /dawr/ role,part

/ddr/ houses

/dawwar/ to rotate

22



Phonology and Spelling

e Arabic spelling is mostly phonemic ...
Except for (continued)
e Morphophonemic characters

— Ta-Marbuta feminine marker 8
/kabir/ (big &) S
/kabira/ (big @)  5xS

— Alif-Magsura derivation marker
to disobey (s

a stick bac
e Hamza variants: 6 characters (3 <) for one phoneme (/’/)!

baha’ +3MascSing (his glory)  43lg o 5lg oclen
23



Phonology and Spelling

e Arabic spelling can be ambiguous
— optional diacritics and dual use of letter

e But how ambiguous? Really?

e (Classic example

ths s wht n rbc txt lks Ik wth n vwls

this is what an Arabic text looks like with no vowels
e Not exactly true

— Long vowels are always written

— Initial vowels are represented by an | ‘alef’
— Some final short vowels are deterministically inferable

ths is wht an Arbc txt Iks lik wth no vwls

Will revisit ambiguity in more detail again under morphology discussion
24



Proper Name Transliteration

e The Qaddafi-Schwarzenegger problem
— Foreign Proper name spelling is often ad hoc
— Multiplicity of spellings causes increased sparsity

Gadafi Gaddafi Gaddfi Gadhafi Ghaddafi

IR . )

§ Kadaffy Qaddafi Qadhafi ...
o))l sl
BUBBIEN

s < Schwarzenegger
D)) s

o)) e

25



Transliteration

Buckwalter’s Scheme

 Romanization

— One-to-one mapping

to Arabic script spelling

— Left-to-right

— Easy to learn/use

— Human & machine compatible
« Commonly used in NLP

— Penn Arabic Tree Bank

« Some characters can be
modified to allow use with XML
and regular expressions

 Roman input/display

* Monolingual encoding (can’t do
English and Arabic)

» Minimal support for extended
Arabic characters

L=

e b b EF O % oo o

b, G- G |

| v g 5 ‘e

-

|= | wl

le



Dialectal Phonological Variations

Major variants

MSA Dialects

/a/ |/al,/k/, [?/, /g/, /d3/

G-

[0/ /8], 1/, /s/

-

* | /8/ |/8/,/d/, /2]

c | /d3/ |/d3/, /8/

e Some of many limited variants

e /lI/ =/n/ MSA: /burtugal/ - LEV: /burt?an/ ‘orange’
e /1/ = /h/ MSA: /katk/ = EGY: /kahk/ ‘cookie’
e Emphasis add/delete: MSA: /fustan/ = LEV: /fustan/ ‘dress’




Arabic Script

Orthographic Variants

IRQ LEV EGY TUN MOR
/&l | ¢ d d d d
/gl | <& d d X d
[tf/ z Al Al A A
/o] | < S < < 3
N G i i - —

e Historical variants: MSA ( 9, () = MOR (9, .9)

e Modern proposals: LEV /?/ (3, /&/&S , /5] 8 (Habash 1999)

28



Latin Script for Arabic?

Several proposals to the Arabic
Language Academy in the 1940s

Said Akl Experiment (1961) -
Web Arabic (Arabizi, Arabish, Franco-arabe)
— No standard, but common conventions

— www.yamli.com

=S IPA Latin = IPA Latin
syl | R |20 & /8/ |th
b /al,/t/ |a t k /t/ |t T6
c h |Hh?7 g /S/ |38
¢ /x/ |kh 7 x 8 4 /s/ |9 gh 3
k /6] |th 3 /a/ |4
A /[/ |sh ch $ Iyl | ¥.ie,
/ay/ [i/ | ai,ei,..
/&/

Akl 1961
¢ caleef | F fo
B be V ve
P pe Q qaaf
T te L laam
T tahh M miim
] jiin N nuun
Aoxes o Hohe
Kke ¢ W waaw
D daal A a
D daad Aa
R re Jed
Z zayn Ee
Z zahh Ee
S siin 0o
S saad U u (ou)
Cloiini™ 5 el
Yyayn ¢ Y ye
G gayn ¢
G ge (gue)

29



Lack of Orthographic Standards

e Orthographic inconsistency

e Egyptian /mabin?ulhalakf/

— mA binquwlhA lak$
— mAbin&ulhalak$

— mA bin}ulhAlakS

— mA binqulhA lakS

S )i
ESTED
Sl L
S gt L

30



Spelling Inconsistency |

IS PR (P v . T PR I Y
T3 (s {_,..J'. S des ,;,--.ala_s ‘.,;Ln_,.a- esls
b30 s (,J-*- Bl JBy . sl Sy de G A
Gy Gk (8 f*@ dl Gly (532)5les
e .;,..a]i abl L,._...._g q.._..ﬂ_, .;,..all Cp—s bl
-ty g oo 050K, ) W
sz (gl LJQHH&'&‘J“J
o Oy sl dl Jasy . guses g:)i' o Joolo
e ns 8 B s 341 g
(b e e 0Ll 0l Gla S B 22 3

http://www.language-museum.com/a/arabic-north-levantine-spoken.php



Spelling Inconsistency |

e va alain lesh el 2aza
tiZkeh 3anneh kaza w kaza
iza bidallak ti7keh hek
2areeban ra7 troo7 3al 3aza

chi3rik 3emilleh na2zeh
liZanneh manneh mi2zeh
bass law baddik yeha 7arb
fikeh il layleh ra7 3azzeh

32
http://www.onelebanon.com/forum/archive/index.php/t-8236.html



Spelling Inconsistency |l

«ill AT&T 4G 1:09 PM
 Social media spelling [y Foc——
variations o B sl 4l
— +ak Like - Comment
—_— +aaaaak i 2 people like this.

: | Saed
—_— + k sd ne G@
Like - M2 at 7:35pm
 Fadi
N mala @ ala
Like - Mar27 at 7:36pm
: ' Saeg
s7san mn 1000 7abeb
Likebeddr 27 at 7:37pm




CODA: A Conventional Orthography
for Dialectal Arabic

* Developed by CADIM for computational processing
* Obijectives

— CODA covers all DAs, minimizing differences in
choices

— CODA is easy to learn and produce consistently
— CODA is intuitive to readers unfamiliar with it
— CODA uses Arabic script

* Inspired by previous efforts from the LDC and
linguistic studies

34



CODA Examples

SlilasiaY) £ \ 5_yidll laa
CODA S e

o the exams before which the period my friends
clilasia) il g\ 5 yidl) —laa
Glilacia ) Jl g,ﬂ\ 5 yladll Lﬁ\; gaa
Glia SaY! abl L:—ﬂ\ ® ).Ja.&j\ LFI\A g
Spelling . L <y gbl o lftra Su7abi
variants i
Glia e ) qabl Al sohaby
ilimti7anat )

limtihanaat )
illi

:n"g & 1

I did not see

oo E' ™

mashoftish



CODA Examples

Phenomenon Original CODA
Spelling Errors A Ayl
Typos T s
Speech effects PrES
Merges gt e gl | ibon o gl
Splits oy el o g yaall
MSA Root Cognate IS el 8
Dialectal Clitic Cunlee Cnllee
Guidelines Oiliddia oaliald L
Unique Dialect Words g ¢ gy duia )

36



CODAFY

Raw Orthography to CODA Converter Egyptian Arabic

* What; e Evaluation:
- Converts from raw DA orthography to CODA )
- Corrects typos and various speech effects CODAfication  Aceuracy A/Y Norm.
(tokens)  Accuracy (tokens)
* CODA Conventions: Baseline
(doing 76.8% 90.5%
— Phonology: nothing)
relate some DA words to their MSA cognates
) CODAFY v0.4 91.5% 95.2%
— Morphology:
preserve DA morphology with consistent choices MT
. . .. BLEU
— Lexicon: (no tokenization)
select a spelling convention for DA-only words Baseline 221
CODAFY v0.4 22.6
 Example:
s oyl (laua i  Used In: MADA-ARZ
mSftS Alftrh AlY fAtt
* Accessed through the MADA-ARZ
a3 il e (S L configuration file
mA $ft$ Alftrp Ally fAtt
37




3arrib

CADIM’s Arabizi-to-Arabic Conversion

e We developed a system for automatic mapping of Arabizi to
Arabic script

1. train finite state machines to map Arabizi to Arabic
113K words of Arabizi-Arabic (Bies et al., 2014 — EMNLP Arabic NLP Workshop)

2. restrict choices using the CALIMA-ARZ morphological analyzer
3. rerank using a 5-gram Egyptian Arabic LM
4. tag punctuation, emoticons, sounds, foreign words and names

e Evaluation

—  test 32K words
— transliteration correct 83.6% of Arabic words and names.

ana msh 3aref a2ra elly enta katbo w fel aaSer tele3 fshenk w mab2raash arabic
AnA m$ EArf AgrA Ally Ant kAtbh w fl Axr TIE f$nk w mab2raash ArAbyk
4l ) A s e (Ul ¢l Hl mab2raash 5 <luia cﬂa DAL +JE +

(Al-Badrashiny et al., CONLL 2014; Eskander et al., EMNLP CodeSwitch Workshop 2014)



Qatar Arabic Language Bank

e Spelling errors in unedited Standard Arabic text

slyl o g dlly oW plall puoeld ot Ul 2 kel 8Ll L3 1B ol i) 0511
32% WER ‘..M')La U):u@")w\éu}..pj_g’_-\.:.aﬁ-\ﬁ.ﬂ\)e\):r'}ﬂﬁﬁ;,JJ;J-J\Q\#-Y\&.:
o o Ay ey Ul plall gl ) et T ) L] 13 5B g ] 015

:(..AJW U)JL'G g )LH\ ;ﬂ L‘J}.&j s ﬁ.\ﬁ.‘ﬂ\j f‘f‘:}“ JS 11 Quby.mj\ O\'g.'?:ﬂ\ o

e QALB — Qatar Arabic Language Bank

— A collection of 2M words of unedited native and non-native text
— The largest portion of the corpus is from Aljazeera comments

— Manually corrected by a team of annotators

— Data is public (from shared task site)

e Project site: http://nlp.qatar.cmu.edu/qalb/
e EMNLP 2014 Arabic NLP Shared Task

— Nine teams participated

— http://emnlp2014.org/workshops/anlp/shared_task.html 39

(Zaghouani et al., LREC 2014; Mohit et al., EMNLP Arabic NLP W., 2014)



Tutorial Contents

e Morphology

— Derivation and inflection, ambiguity, dialectal variations, automatic analysis and
disambiguation, tokenization

40



Morphology

e Form
— Concatenative: prefix, suffix, circumfix
— Templatic: root+pattern

e Function

— Derivational
e Creating new words
e Mostly templatic

— Inflectional

e Modifying features of words
— Tense, number, person, mood, aspect

e Mostly concatenative

41



Derivational Morphology

e Templatic Morphology

e Root KL O &l
k=1 t=2 b=3
12U 132i
e Pattern ma .U3 a.'3
passive active
participle participle
SJSA" S
e Lexeme e T
maktub katib
written writer

Lexeme.Meaning =
(Root.Meaning+Pattern.Meaning)*Idiosyncrasy.Random

42



Derivational Morphology
Root Meaning

w & KTB = notion of “writing

book write

library letter

iSo wils
/maktab/ /katib/
office writer

43




LHM-1 as]

“meat”
eﬂ /lahm/
Meat
2l /lahham/
Butcher

Root Polysemy

LHM-2 aal LHM-3 aal
“battle” “soldering”
daals /malhama/ a1 /laham/
Fierce battle Weld, solder,
Massacre stick, cling




MSA Inflectional Morphology

Verbs
La Lulad el 58 g
/faqulnaha/ /wasanaquluha/
W +U +J8 4+ b+ B+ +0+s
fa+qul+na+ha wa+sa+na+qul+u+ha
so+said+we+it and+will+we+say+it
So we said it. And we will say it

e Morphotactics
e Subject conjugation (suffix or circumfix)

45



Inflectional Morphology

katab ‘to write’

e Perfect verb subject conjugation (suffixes only)

Singular Dual Plural
1| <uiS katabtu L katabna
2 | <uiS katabta LS katabtuma ~S katabtum
3| X kataba LS kataba | s katabti

Imperfect verb subject conjugation (prefix+suffix)

Singular Dual Plural
1| "—Slaktubu 'S naktubu
2 | S taktubu OLESE taktuban 0585 taktubdn
3 | <X yaktubu oS yaktuban | oSt yaktubn

Feminine form and other verb moods not shown




Inflectional Morphology

Word

Lexeme

Lemma

Features
Root i
Stem g

Segmentation
Tokenization

Terminology

A space/punctuation delimited string

The set of all inflectionally related
words

An ad hoc word form used to represent
the lexeme

The space of variation of words in a
lexeme

The root morpheme of the Lexeme

The core root+pattern substring; it
does not include any affixes

A shallow separation of affixes
Segmentation + morpheme recovery

lilmaktabapi

maktabap,
lilmaktabapi,
Almaktabapu,
walimaktabatihA, etc.

maktabap

Clitics: li_prep, Al_det,
Gen:f, num:s, stt:d,
cas:g

k-t-b
maktab

li+l+maktab+ap+i
li+Al+maktab+ap+i



Inflectional Features

PER Person Al 1=, 2nd, 3rd, na als cile (lalia ol

ASP Aspect e ) p i , al§ « sl g Juzaa ¢ ozl
C , ha

VOX Voice ;:L\.\M a , P , Na (“/& cd}ga.aﬂ ‘(’M

MOD Mood dzuall i .S , (a5 3aa ¢ saaie (& s e
j , na elc

GEN Gender il f .m , ha g ¢ S «Kiga

NUM Number A=l S , dual, p , ha al§ cpan (iia 62 jia

STT State q.%ﬁj‘ | , d , (a/t caliaa M.SJM 4'5)5_'1
C , ha

CAS Case Al n ,a , ()3 0aa (i saaie g
g ’ na ﬁ/&




Cliticization Features

Feature Name (Some Important) Feature Values

PRC3 Proclitic 3 3 dal. <a_ques, 0 Ocpledinl 3la

PRC2 Proclitic 2 2 dail fa_conj, wa_conj, Ocsbe ay)a
0

PRC1 Proclitic 1 1 4l bi_prep, li_prep, BT PEN

sa_fut, O 0 «JLiiuYl (o

PRCO ProcliticO 0 4wl Al _det, mA neg, O O slal ey y=ill )

ENCO Enclitic 0 daaV 3ms_dobj, il 4 J 280 peia

3ms_poss, ..., 0 cilall Kha 3 jaa

S 3 ke 48k jraia

0 ¢... cilall




Part-of-Speech

 Traditional POS tagset. Noun, Verb, Particle

« Many tag sets exist (from size 3 to over 22K tags)

— Core Computational POS tags (~34 tags)
 NOUN, ADJ, ADV, VERB, PREP, CONJ, etc.
» Collapse or refine core POS
» Extend tag with some or all morphology features

— Buckwalter’'s Tagset (170 morphemes, 500 tokenized
tags, 22K untokenized tags)

« DET+ADJ+NSUFF_FEM_SG+CASE_DEF_NOM (w«all)
— Bies’ Reduced Tagset (24)
— Kulick’s Reduced Tageset (43)
— Diab’s Extended Reduced Tagset (72)
— Habash’s CATIB tagset (6)



Example yaiuw s

<morph_feature set
diac=""3" lemma=""<is 1"
bw="wa/CONJ+ya/lV3MS+sotamir~/IV+u/IVSUFF_MOOD:|"
gloss="continue;last_(time)"
pos="verb"
prc3="0" prc2="wa_con;j" prc1="0" prc0="0"
per="3" asp="I" vox="a" mod="i" gen="m"

num="s" stt="na" cas="na" enc0="0" stem="",3."/>



Example Ll

<morph_feature_set
diac="L" lemma="le 1"
bw="Al/DET+giyAb/NOUN+u/CASE_DEF_NOM"
gloss="absence;disappearance”
pos="noun"
prc3="0" prc2="0" prc1="0" prcO="Al_det" per="na'
asp="na" vox="na" mod="na" gen="m" num="s"
stt="d" cas="n" enc0="0" stem="<Le"/>



Form / Function Discrepancy

Morphemes Form-based Functional

Features Features
N book  Kitab+d MS MS
A library  maktab+ap FS FS
Osuls  writers  kAtib+uwn MP MP
o eve  Eayn+Q@ MS FS
ZETIEN caliph  xaliyf+ap FS MS
Jday,  men  (jAI+Q MS MP
PN wizards  ggHar+ap FS MP
Sllatia)  exams  AimtiHAn+At FP MP

M=Masculine F=Feminine S=Singular P=Plural




Morphological Ambiguity

* Morphological richness
— Token Arabic/English = 80%
— Type Arabic/English = 200%

* Morphological ambiguity

— Each word: 12.3 analyses and 2.7 lemmas

* Derivational ambiguity

— gAEdap: basis/principle/rule, military base,
Qa'ida/Qaeda/Qaida



Morphological Ambiguity

e Inflectional ambiguity

— taktub: you write, she writes

— Segmentation ambiguity
e wjd: wajada he found; wa+jad~u: and+grandfather

e Spelling ambiguity

— Optional diacritics
e kAtb: kAtib writer; kAtab to correspond

— Suboptimal spelling
e Hamza dropping: |, | > |
e Undotted ta-marbuta: @ > »
e Undotted final ya: ¢ =2

55



Analysis vs. Disambiguation

Will Ben Affleck be a good Batman?
Colail Hsa (8 cllil f meaian Ja

¥

PV+PVSUFF_SUBJ:3MS bay~an+a He demonstrated
PV+PVSUFF_SUBJ:3FP bay~an+~a They demonstrated (f.p)
Y NOUN_PROP biyn Ben
ADJ bay~in Clear
PREP bayn Between, among
Morphological Analysis is out-of-context

Morphological Disambiguation is in-context



Morphological Disambiguation

» Select a morphological tag that fully
describes the morphology of a word

in English

« Complete English morphological tag set
(Penn Treebank): 48 tags

Verb: VB

VBD

VBG

VBN

VBP

go

went

going

gone

go

« Same as “POS Tagging” in English




Morphological Disambiguation
in Arabic

Morphological tag has 14 subtags corresponding to
different linguistic categories

— Example:Verb
Gender(2), Number(3), Person(3), Aspect(3), Mood(3),
Voice(2), Pronominal clitic(12), Conjunction clitic(3)

22,400 possible tags

— Different possible subsets

2,200 appear in Penn Arabic Tree Bank Part 1 (140K
words)

Example solution: MADA (Habash&Rambow 2005)



MADA (Habash&Rambow 2005;Roth et al. 2008)
MADAMIRA (Pasha et al., 2014)

CT T T T 1T 11
DN T |
CIT T T T T-T1 1
Ist  ——
2nd  —— T
MORPHOLOGICAL RANKER MORPHOLOGICAL
CLASSIFIERS ANALYZER
* Multiple independent  « Heuristic or « Rule-based
classifiers corpus-trained

* Corpus-trained « Human-created



MADA 3.2 (MSA) Evaluation

PATB 3 Blind Test

Accuracy Baseline | MADA | Error WV
All 74.8% 84.3% |38%
POS + Features 76.0% 85.4% |39%
All Diacritics 76.8% 86.4% |(41%
Lemmas 90.4% 96.1% | 60%
Partial Diacritics |90.6% 95.3% |50%
Base POS 91.1% 96.1% |56%
Segmentation 96.1% 99.1% |(77%

Baseline: most common analysis per word in training

LS s wkAtb

and (the) writer of

wakAtibu
kAtib 1
pos:noun

prc3:0 prc2:wa_conj
prc1:0 prc0:0 per:3
asp:na vox:na mod:na
gen:m num:s stt:c
cas:n enc0:0

w+ kAtb



Tokenization (TOKAN)

e Deterministic, generalized tokenizer
e |nput: disambiguated morph. analysis + tokenization scheme
e Output: highly-customizable tokenized text

wsyktbhA = lex:katab-u 1 gloss:write pos:verb prc3:0
prc2:wa conj prcl:sa fut prc0:0 enc0O:3fs_dobj

Example Scheme |[Specification

w+ syktbhA D1 prc3 prc2 REST

w+ s+ yktbhA D2 prc3 prc2 prc1 REST

w+ s+ yktb +hA D3 prc3 prc2 prcl prcO REST encO

w+ syktb +hA ATB prc3 prc2 prcl prcO:IA prcO:mA REST enc0
w+ew+ewa+ D1-3tier prc3 prc2 REST ::FORMO WORD ::FORM1

syktbhAesyktbhAeskatab

WORD NORM:AY ::FORM2 LEXEME

(Habash&Sadat 2006; Pasha et al., 2014)



Dialectal Arabic
Morphological Variation

e Nouns

— No case marking
e Word order implications

— Paradigm reduction
e Consolidating masculine & feminine plural

e \erbs

— Paradigm reduction
e Loss of dual forms
e Consolidating masculine & feminine plural (2"9,3" person)

e Loss of morphological moods
— Subjunctive/jussive form dominates in some dialects
— Indicative form dominates in others

e Other aspects increase in complexity
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DA Morphological Variation
Verb Morphology

MSA EGY

Al L i al islla ginSla g

/walam taktubdha lahu/ /wimakatabtuhaldf/
/wa+lam taktublG+ha la+hu/ /wi+ma+katab+tu+ha+lG+[/
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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DA Morphological Variation

Perfect Imperfect
Past Subjunctive Present Present Future
habitual progressive
YA Jkatabas | Jjaktubay Jjaktubu/ Jsajaktubu/
ey S S Sy Sy e Sy
/katab/ /iiktob/ /bjoktob/ /Yam bjoktob/ /hajiktob/
U jkatabs | Jjikib/ bjiktib/ Jhajiktib/
RQ IS S S S~
/kitab/ Jiiktib/ /dajiktib/ Jrah jiktib/
MOR /kteb/ /jekteb/ /kjekteb/ /vajekteb/
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DA Morphological Variation

Verb conjugation

Perfect Imperfect
1S 253 259 1S 1P 259
MSA Cui€ i€ i€ JEN s CpiSS
/katabtu/ /katabta/ | /katabti/ /aktubu/ | /naktubu/ | /taktubina/

S
/taktubi/

LEV YN (S S| S S
/katabt/ /katabti/ /aktob/ /noktob/ /toktobi/

IRQ S (uiS S| S CiSs
/kitabit/ /kitabti/ Jaktib/ /niktib/ Jtikitbin/

MOR i€ (IS S | 5SS (sSS
/ktebt/ /ktebti/ /nekteb/ | /nektebu/ /tektebi/
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Dialectal Morphological Analysis

e MAGEAD (Habash and Rambow 2006)

— Morphological Analysis and GEneration for Arabic and its Dialects

* Levels of Morphological Representation

—Lexeme Level
Aizdahar, PER:3 GEN:f NUM:sg ASPECT:perf

—Morpheme Level
[zhr,1tV2V3,1aa] +at
—Surface Level

* Phonology: /izdaharat/
 Orthography: Aizdaharat (o 233 1)
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The Lexeme

e Lexeme is an abstraction of all inflectional
variants of a word

— IS comprises S S (Sl ag i€ il s

* For us, lexeme is formally a triple
— Root or NTWS
— Morphological behavior class (MBC)
o {&lul G }verse’ vs. {<sn <) ‘house’
— Meaning index
o |152cd| ; {ac) s 32c\8) ‘ryle’
o |28228 : {ac) 58 32clal ‘military base’
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Morphological Behavior Class

« MBC::Verb-l-au ( katab/yaktub )

chj=wa
tense=fut -

9

per=1 + num=pl -

mood=indic
aspect=imper
voice=act

obj=3FS

9

9
9
9

wa+ wi+
~ }‘Q. /./ -

sa+ Ha+
: S

n+ n+ wasanaktubuhA

+u +0 ; ey
y wiHaniktibhA
VI2V3VI2V3 ., .
PR SEN
a-u i-i
hA hA

We will write it

68
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Morphological Behavior Class

« MBC::Verb-l-au ( katab/yaktub )

cnj=wa -

tense=fut -2 sa+ Ha+

per=1 + num=pl -

mood=indic -
aspect=imper -
voice=act -
obj=3FS >

wa+ wi+ - [CONJ:wa]

- [PART:FUT]
n+ n+ - [SUBJ_PRE_1P]
+u +0 - [SUBJ_SUF _Ind]

V12V3 V12V3 - [PAT:I-IMP]

a-u i-i > [VOC:lau-ACT]

hA hA > [OBJ:3FS]
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Morphological Behavior Class

« MBC::Verb-l-au ( katab/yaktub )
chj=wa - [CONJ:wa]
tense=fut - - [PART:FUT]

per=1+ num=pl =2 [SUBJ_PRE 1P]
mood=indic - [SUBJ_SUF_Ind]

aspect=imper - [PAT:I-IMP]

voice=act - [VOC:lau-ACT]

obj=3FS > [OBJ:3FS]



Levantine Evaluation

Results on Levantine Treebank

100%
80%
60%
40%
20%

0%

98%

MSA-MSA

MSA-LEV

@ Context Token Recall

94%

LEV-LEV
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CALIMA-ARZ

 CALIMA is the Columbia Arabic Language
Morphological Analyzer

 CALIMA-ARZ (ARZ = Egyptian Arabic)

 Extends the Egyptian Colloquial Arabic Lexicon (ECAL)
(Kilany et al., 2002) and Standard Arabic Morphological
Analyzer (SAMA) (Graff et al., 2009).

* Follows the part-of-speech (POS) guidelines used by the
LDC for Egyptian Arabic (Maamouri et al., 2012b).

e Accepts multiple orthographic variants and normalizes
them to CODA (Habash et al., 2012).

* |Incorporates annotations by the LDC for Egyptian Arabic.



Building CALIMA-ARZ

e Starting with 66K inflected entries in ECAL

— Example: (He doesn’t call him)

— Orthography mbykimwS (5 sl

— Phonology mabiykallimUs

— Morphology kallim:verb+pres-3rd-masc-sg+D0O-3rd-masc-sg+neg

e Convert entries to LDC guidelines fromat
— CODA mA_biyikl~imhuw$  UisealSn L
— Lemma kal~im_1
— Morphemes mA#bi+yi+kal~im+huw+S
— POS NEG_PART#PROG_PART+IV3MS+IV+IVSUFF_DO:3MS+NEG_PART



Building CALIMA-ARZ

- Prefix/stem/suffix given class categories automatically
* Class categories are designed to

e support extending paradigm coverage
+ayt (Suff-PV-ay-SUBJ)—> +aynA, +ayty, +aytwA
+aynA+hA, +ayty+hA, +aytw+hA
+aynA+hA+S, +ayty+hA+S, etc.

* enforce morphotactic constraints
+ahA +ik (Suff-NOM-stem-CC-POSS)
+hA +ik (Suff-NOM-stem-VC-POSS)
+hA +kiy (Suff-NOM-stem-V-POSS)



Building CALIMA-ARZ

* Extending clitics and POS tags

— Ea+ +¢ (on), fi+ +< (in), closed classes

* Non CODA support

— The variant +w of the suffix +hu (his/him)
— The variant ha+ of the prefix Ha+ (will)

— Variants for specific frequent stems, e.g., the variants brDw and brdh of
the stem brDh (also)

Example: The word hyktbw ssSsareturns the analysis of the word Hyktbh
45 (he will write it) among other analyses.

* With all the extensions, CALIMA-ARZ Egyptian
core increases coverage from 66K to 48M words



CALIMA-ARZ Example

mktbtlhA$ Jilelissa

Lemma katab_1

CODA mA_katabt_lahAS

POS mA/NEG_PART+katab/PV+t/PVSUFF_SUBJ:2MS+
+li/PREP+hA/PRON_3FS+$/NEG_PART

Gloss not + write + you + to/for + it/them/her + not

Lemma katab_1

CODA mA_katabit_lahAS

POS mA/NEG_PART+katab/PV+it/PVSUFF_SUBJ:3FS
+li/PREP+hA/PRON_3FS+S/NEG_PART

Gloss not + write + she/it/they + to/for + it/them/her + not




CALIMA-ARZ v 0.5

* |ncorporates LDC ARZ annotations (p1-p6)
— 251K tokens, 52K types
— Annotation clean up needed

* Many rejected entries; ongoing clean up effort

System Token |Type
Recall |Recall
SAMA-MSA v 3.1 67.7% 59.7%

CALIMA-ARZ v0.5 (Egyptian core) 88.7% 75.8%
CALIMA-ARZ v0.5 (++ SAMA dialect extensions) 92.6% 81.5%



MADA-ARZ

Built on basic MADA framework with
differences

Uses CALIMA-ARZ as morphological analyzer

Classifiers and language models trained using
— LDC Egyptian Arabic annotated corpus (ARZ p1-p6)
— LDC MSA PATB3 v3.1

Non-Egyptian feature models dropped
— case, mood, state, voice, question proclitic



MADA-ARZ Intrinsic Evaluation

MADA-MSA MADA-ARZ

Training Data

Test Set Egyptian Arabic (ARZ)
All 84.3% | 27.0% | 75.4% 64.7%
POS + Features 85.4% | 35.7% | 84.5% 75.5%

Full Diacriticization 86.4% | 32.2% | 83.2% 72.2%

Lemmatization 96.1% | 67.1% | 86.3% 82.8%

Base POS-tagging 96.1% | 82.1% | 91.1% 91.4%

ATB Segmentation 99.1% | 90.5% | 97.4% 97.5%




CALIMA-IRQ
Morphological Analysis for Iraqi Arabic

* What: e Example: Js&ai $dtqwl
Morphological analyzer for Iraqi
Arabic Diac $datquwl

, , POS $/INTERROG_PART+

Given a word, it returns all da/PROG_PART+/IV2MS+quwl/IV
analyses/tokenizations out of
context
Built by extending the LDC's « Evaluation
Iraqi Arabic Morphological Analyzability (1.4M word Iraqgi corpus)
Lexicon (IAML) developed for
Transtac System Type Token
Currently has “approximate” SAMA-MSA-v3.1 78.0% 91.5%
stem-based lemmas CALIMA-IRQVO.1  94.5%  99.5%

e Last Release: v0.1



CALIMA-IRQ-TOK

Morphological Analysis and Tokenization for Iraqi Arabic

e What: * Intrinsic Evaluation

— Tokenizer for Iragi Arabic On a 100 sentence (543 word) gold
: tokenized set
— Simple model of morpheme
probabilities (no context) — 98.7% have correct segmentation
— Tokenization is deterministic — 92.6% have correct tokenization
given an analysis
— Very fast tokenization required  * EXtrinsic Evaluation
by the BOLT B/C performers Transtac Data (Train 5M words)

e Example

Preprocessing BLEU METEOR TER
aelblee S e s A go gl Gl ésy cInput | None 27.4 30.7 53.4

bnfs AImkAn bAlmstwdE Ally hw mrkz EmlyAthm
st lilee S50 s g o sise #U) #o O #U) i #:Output | CALIMA-TOK-IRQ. 28.7 31.6 52.9

b# nfs Al# mkAn b# Al# mstwdE Ally hw mrkz EmlyAt +hm
* Latest Release: v 0.1




Input Arabic Text MADAM I RA

—
l * Newest tool from the CADIM group (Pasha et al.,
: 2014)
I\.llorph?loglc.:al « Combines MADA (Habash&Rambow, 2005) and
Disambiguation AMIRA (Diab et al., 2004)
l — Morphological disambiguation
.. — Tokenization
Tokenization ,
— Base phrase chunking
l — Named entity recognition
Base Phrase  MSA and Egyptian Arabic modes
Chunking e 20 times faster than MADA, but same quality
l e Publicly available (with some restrictions)
) * Online demo
Named I-Er!tlty — http://nlp.ldeo.columbia.edu/madamira/
Recognition

h 4

User NLP Applications




Arabic Computational Morphology

e Representation units

e Natural token ol__S ol)g Wilmktb At
— White space separated strings (as is)
—Can include extra characters (e.g. tatweel/kashida)

e Word wluSollyg WiimktbAt

e Segmented word
—Can include any degree of morphological analysis
— Pure segmentation: wluSwed J gw / imktbAt

— Arabic Treebank tokens (with recovery of some
deleted/modified letters): wlsSoll J 9 w/AlmktbAt
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Arabic Computational Morphology

Representation units (continued)
o Prefix + Stem + Suffix
wll+mktb+At wl+wuSo+ g
— Can create more ambiguity
e L exeme + Features
— [maktabap_1 +Plural +Def w+ [+]
e Root + Pattern + Features
—Very abstract

e Root + Pattern + Vocalism + Features
—\Very very abstract
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Arabic Computational Morphology

e Tools

— Morphological Analyzers

e Given a word out of context, render all possible analyses
— Morphological Segmenters (Tokenizers)

e Given a word in context, render best possible segmentation
— Morphological Disambiguators (POS taggers)

e Given a word in context, render best possible analysis

e Considerations

— Appropriateness of level of representation for an
application

e Tokenization Level, POS tag set for Machine Translation vs.
Information Retrieval vs. Natural Language Generation

e Arabic spelling vs. phonetic spelling

— Coverage, extendibility, availability 85



Arabic Computational Morphology:
Tools and Approaches

e Morphological Analyzers
— MSA finite state machines [Beesely,2001], [Kiraz,2001]

— MSA Concatenative analysis/generation: BAMA/SAMA [Buckwalter 2000,
Maamouri et al., 2009], ALMOR [Habash, 2004], ELIXIRFM [Smrz, 2007]

— Dialectal Analyzers: MAGEAD [Habash&Rambow 2006], ADAM [Salloum &
Habash, 2011], CALIMA [Habash et al., 2012]
e Tokenizers

— Rule Based: Shallow stemming [Aljlayl and Frieder 2002], [Darwish,2002],
[Larkey, 2003]

— Machine learning (ML): [Lee et al,2003], [Rogati et al, 2003], AMIRA [Diab et
al, 2004], MADA+TOKAN [Habash & Rambow 2005, Habash et al., 2009]
e Morphological Disambiguators/ POS Taggers

— Supervised ML: AMIRA [Diab et al., 2004, 2007], MADA [Habash&Rambow,
2005], MADAMIRA [Pasha et al., 2014]

— Semisupervised ML [Duh & Kirchhoff, 2005, 2006]

— Unsupervised ML & Projections [Rambow et al., 2005]
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Tutorial Contents

e Syntax

— Arabic syntax basics, dialectal variations, treebanks, parsing Arabic and its dialects
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Morphology and Syntax

e Rich morphology crosses into syntax
— Pro-drop / Subject conjugation
— Verb sub-categorization and object clitics

e Verb, ...t tSubject+object
o Verb, .nsitivetSUbject but not Verb, ... .o tSubject+object
o Verb,,.tsubject but not Verb,, . +subject+object

e Morphological interactions with syntax

— Agreement

e Full: e.g. Noun-Adjective on number, gender, and definiteness (for
persons)

e Partial: e.g. Verb-Subject on gender (in VSO order)
— Definiteness

e Noun compound formation, copular sentences, etc.

e Nouns+DefiniteArticle, Proper Nouns, Pronouns, etc.
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Morphology and Syntax

e Morphological interactions with syntax (continued)
— Case
e MSA is case marking: nominative, accusative, genitive

e Almost-free word order

e Case is often marked with optionally written short vowels
— This effectively limits the word-order freedom in published text

e Agglutination
— Attached prepositions create words that cross phrase boundaries
OlaSedl+J li+Almaktabat
for the-libraries [PP li [NP Almaktabat]]
e Some morphological analysis (minimally segmentation) is
necessary for statistical approaches to parsing
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MSA Sentence Structure

Two types of Arabic Sentences

e Verbal sentences

— [Verb Subject Object] (VSO)
o i) Ay g S
Wrote the-boys the-poems
The boys wrote the poems

e Copular sentences (aka nominal sentences)
o [Topic Complement]

@) ¢\)~i JY}Y\
the-boys poets
The boys are poets
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MSA Sentence Structure

e \VVerbal sentences

— Verb agreement with gender only

e Default singular number

o Y YN S wrotey,.sine the-boy/the-boys

o L\l CuiS wrote,, g the-girl/the-girls
— Pronominal subjects are conjugated

® Wrote-youy,ging  Coii€

® wrote-you,,...piur Al

o wrote-theyy,opyr 141
— Passive verbs

e Same structure: Verb Subject
e Agreement with surface subject

passive underlyingObject
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MSA Sentence Structure

e \Verbal sentences

— Common structural ambiguity

e Third masculine/feminine singular is structurally
ambiguous

- Verb3MascSinguIar
Verb subject=he object=Noun

Noun,,...

Verb subject=Noun

o Passive and active forms are often similar in standard
orthography
o <X /kataba/ he wrote
o <X /kutiba/ it was written
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MSA Sentence Structure

e Copular sentences

— [Topic Complement]

Definite Topic, Indefinite Complement

o yeld Al
the-boy poet
The boy is a poet

— [Auxiliary Topic Complement]

Auxiliaries (kana and her sisters)
o Tense, Negation, Transformation, Persistence
o leli Al € was the-boy poet The boy was a poet
o el Al al  js-not the-boy poet The boy is not a poet
— Inverted order is expected in certain cases
o Indefinite topic
o CUS saie /Qindi kitabun/ at-me a-book / have a book
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MSA Sentence Structure

e Copular sentences

o Types of complements
Noun/Adjective/Adverb
S3 Alll the-boy smart The boy is smart
Prepositional Phrase
iS4l A Algll the-boy in the-library The boy is in the library
Copular-Sentence
oS4l Ald [the-boy [book-his big]] The boy, his book is big
Verb-Sentence
0 iV | oS aY ¢V
O  [the-boys [wrotes gyaccpir POEMS]] The boys wrote the poems

o Full agreement in this order (SVO)
) .J‘)!j‘)“ \.@435 J‘.:Lu\f\

O [the-poems [wrote; yyascsingthem the boys]] The poems, the boys wrote g4



MSA Phrase Structure

Noun Phrase

— Determiner Noun Adjective PostModifier
o LU (e 22l # galal) CuIS T3
this the-writer the-ambitious the-arriving from Japan

This ambitious writer from Japan

— Noun-Adjective agreement
e number, gender, definiteness

the-writerg, s, the-ambitious;, i
the-writerg,,,p, the-ambitious,,pj,

e Exception: Plural non-persons

definiteness agreement; feminine singular default
) S the-officey,gsing the-NeWy,ecsing
dnaall 4viKyll the-libraryFemsmgthe-neermSing
3uall CilSall the-officesyysppiur the-newresing
puaal) syl the-librariesg,p), the-newg, g
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MSA Phrase Structure

e Noun Phrase

— ldafa construction (48Ll)

* Nounl of Noun2 encoded structurally
e Nounl-indefinite Noun2-definite
° QAJY\ Slla

king Jordan

the king of Jordan / Jordan’s king

— Nounl becomes definite
e Agrees with definite adjectives

— ldafa chains
¢ Nier Noinder -+ N inger N ges
o A8l 3l Galaa Lty Jla ae 0
son uncle neighbor chief committee management the-company
The cousin of the CEO’s neighbor

96



MSA Phrase Structure

e Morphological definiteness interacts with syntactic structure

Word 1 S writer
definite Indefinite
Noun Phrase Noun Compound
" S Sl sy Sl s
2 =
%’ © The artist(ic) writer The writer of the artist
©
b
9
g O Copular Sentence Noun Phrase
]
S £ ol sl ol s
= © L . o .
= The writer is an artist An artist(ic) writer
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Agreement in Arabic

e Verb-Subject agreement

Verb agrees with subject in full (gender,number)
e Exception: partial agreement (number=singular) in VSO order

e Exception: partial agreement (number=singular; gender=feminine) for non-person plural subjects
regardless of order

e Noun-Adjective

Adjective agrees with noun in full (gender, number, definiteness and case)
e Exception: partial agreement (number=singular; gender=feminine) for non-person plural nouns

e Noun-Number

Number is the syntactic-case head

for numbers [3..10]: Noun is plural+genitive (idafa); number gender is inverted gender of
noun!

for numbers [11..99]: Noun is singular+accusative (tamyiyz/specification); number gender is
even more complicated ©

for numbers [100,1K,1M]: Noun is singular+genitive (idafa)

bnyt ‘was built’ >rbE ‘four’ jAMEAt ‘universities’ jdydp ‘new’

Fem+Sg Masc+Sg+Nom Fem+PL+Gen Fem+Sg+Gen

Verbs in VSO order are always Numbers agrees by Adjectives of plural non-
Sg and agree in gender only gender inversion person nouns are Fem+Sg




Dialectal Arabic Variation

Sentence Word Order

e Verbal sentences

— The boys wrote the poems
- MSA
e Verb Subject Object (Partial agreement)
P IOV S
wrote .. the-boys the-poems
e Subject Verb Object (Full agreement)
iV 1S aY Y
the-boys wrote,_ . p the-poems
— LEV, EGY
e Subject Verb Object
JM\){\ }\.\S A‘YJY\
The-boys wrote, . p the-poems
e Less present: Verb Subject Object
JMY\ JY)‘)’\ j.uS
wrote ...p the-boys the-poems
e Full agreement in both orders

V-S V(S) S-V
explicit pro explicit
subject dropped subject

subject
MSA 35% 30% 35%
LEV 10% 60% 30%

Verb-Subject distributions in
the Levantine Arabic Treebank

[Maamouri et al, 2006]
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Dialectal Arabic Variation

ldafa Construction

Genitive/Possessive Construction
Both MSA and dialects

e Nounl Noun2
o )Y el

king Jordan

the king of Jordan /Jordan’s king
Ta-marbuta allomorphs

Idafa

No Idafa

Wagf

MSA

+a

EGY

+it

+a

Dialects have an additional common construct
e Nounl <exponent> Noun2
o LEV: oY) i il the-king belonging-to Jordan

e <expontent> differs widely among dialects
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Dialectal Arabic Variation
Demonstrative Articles

e Forms
Word
Proclitic : .
Proximal Distal
MSA - P IR TS LRI
EGY - Jsd, 9,0
LEV +2 Jdsd ,sala o han dljaa

e Word Order (Example: this man)

Pre-nominal Post-nominal
MSA Jaoll 1y X
EGY X 0d Jal_dl
LEV Jall 1w laa Jla
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Dialectal Arabic Variation
Negation Particles

Pre Circum Post
LA IC)J V4 Iy
MSA VJ X X
A, Im, In, mA

e G b
EGY X

ms mA ... S

» ,LA . LA L
LEV R O™ ...

mA, mS mA ... S S
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Dialectal Arabic
Lexico-syntactic Variation

e ‘want’ (Levantine)

S S

| |

VP VP
/\ /I\
vV s, N PRP$ S

>ryd bd vy
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Computational Resources

e Monolingual corpora for building language models

— Arabic Gigaword
e Agence France Presse
e AlHayat News Agency
e AnNahar News Agency
e Xinhua News Agency

— Arabic Newswire
— United Nations Corpus (parallel with other UN languages)
— Ummah Corpus (parallel with English)

e Distributors
— Linguistic Data Consortium (LDC)
— Evaluations and Language resources Distribution Agency (ELDA)

e Treebanks ...



(Maamouiri et al, 2004; Maamouri et al, 2006)

Penn Arabic Treebank

* Penn Arabic Treebank (PATB)
— Started in 2001
— Goal is 1 Million words
— Currently 650K words (public)

* Agence France Presse , AlHayat newspaper, AnNahar
newspaper

 POS tags
— Buckwalter analyzer
— Arabic-tailored POS list
 PATB constituency
representation

— Some modifications of Penn English Treebank
* (e.g. Verb-phrase internal subjects)
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(Maamouiri et al, 2004; Maamouri et al, 2006)

Penn Arabic Treebank

S

NP-TPC VP
|
NP
NUUN{\NP VERB NP-SBJ1  NP-OBI PP-TMP

MascPINom /\ PV3MP

I
| NOUNwgas NP | NONE NOUNpRrop

O gunt DefAce | Iy 5 1| DefAcc PREP NP
Xmswn | NOUN 7ZArwA T . lA .
“fifty’ 3 IndefGen Visited’ oW J NOUNpRrop DET+AD]
Alf | IbnAn fy Gen Gen
‘thousand’ £ L Lebanon i’ | -|
sKg-H J J.u. f.ut
‘tourist’ Aylwl AlmADy
‘September’ ‘past’

Ul bl 5 ol Tl Al @l o g
Fifty thousand tourists visisted Lebanon in last Septembe,



(Smrz&Zemanek., 2002; HajiC et al., 2004; Smrz 2007 )

Prague Arabic Dependency Treebank

Prague Arabic Dependency Treebank
(PADT)

&

« Partial overlap with PATB 77 _Pred
and Arabic Gigaword (o gots on
— Agence France Presse, {}Sh {?Iihj

AlHayat and Xinhua wE Al

* Morphological analysis -

— Extends on PATB e

anid

Dependency representation
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Resource: Columbia Arabic Treebank

e Syntactic dependency
— Six POS tags, eight relations
— Inspired by traditional Arabic grammar CA l B

e Emphasis on annotation speed VRB
— Challenge: 200K words in 6 months | S ktb |
— 540-700 w/h end-to-end firejmmmote
e Penn Arabic Treebank (250-300) w/h /\
. . SBJ OBIJ
e Automatic enrichment of tags | |
— Form 6 tags to full tagset O, mNOM
(95.3% accuracy) Jix J AlGAL o 5] AlktAb
the-men the-book

e CATIB in parsing shared task (2013)
— Workshop for Parsing of Morphologically Rich Languages

(Habash & Roth, 2009; Alkuhlani & Habash, 2013)



Constituency vs. Dependency
PATB vs. CATIB

S VRB
Iy} ZArwA

visited’

NP-TPC, VP SBJ OBl MoD
| | I
Nlp NOM PROP PRT
O gt xmswn Ol IbnAn afy
“fifty’ ‘Lebanon’ “in?
NOUNN U Ar NP VERB  NP-SBJ1 NP-OBJ PP-TMP | |
MascPINom PV3MP | | Tvz OBJ
| NOUN ~r 7+ ; ‘ NONE N()UNPI{(_‘)}D - |
O g ' bj:i a NP Iy 5 | DefAce PREP NP NOM N(l)[\.-[
Xmswn | NOUN ZArwA # 1'% _ | | /\ < Alf J bl Aylwl
“fifty’ A IndefGen Visited ol Jd NOUNpRrop DET+AD] ‘thousand’ ‘September’
Alf ‘ IbnAn A ]} Gen Gen | |
Bl £ ‘Lebanon ‘in” | | IDF MoD
SASH Jok o2\ NOM l
‘tourist’ Aylwl AlmADy e N NOM
‘September’ ‘past’ f_ L. sAyH Ju'om AlmADy
‘tourist’ “ ‘past’

Ul bl 5 ol Tl Al @l o g
Fifty thousand tourists visisted Lebanon in last Septembeg,



(Dukes&Habash, 2010; Dukes& Buckwalter, 2010; Dukes et al., 2010)

The Quranic Arabic Corpus

« Annotation of
the Holy Quran

— Morphology,
Syntax,
Semantic
Ontology

 http://corpus.quran.com/

Chapter (71) suirat nah

(71:1:5) (71:1:4) (71:1:3) (71:1:2) (71:1:1)
his people, to Nuh [We] sent Indeed, We
qawrmihi ila ndhan arsalna inna

‘: Y = A -3 -~ ,-,-: _f:
PYVS TS | B VORI N By 1)
PRON N P PN FROMN V PRON ACC
\._/ lll II |
\ .". |
| Ciliae yg \'\ ;.zwf &b _;...u.||'
N
—y— /
L] 4 ._:9:!3-- I."I
PP /
."'I.l
/
N i/
e !
S /
~— ,,//
— —

wol»  ps



(Palmer et al., 2008)

Arabic PropBank (babetal.,2008)

e Effort to annotate predicate-argument structure on the
Penn Arabic Treebank

— University of Colorado, LDC, Columbia University
S

NP [TRGO VP
| ™\ ‘PPrEDICATE NP PPIARGI_PRP]
L N i I
m$we | | N4
‘project’ vl faoc| fiD
" 4(;: 401 Hi ‘mposed” | IN PP
Aidmm — Amiiap e “’LV‘ | /\
Nations”  “United” mhip nhd}yp
b KN
‘graceperiod”  ‘final” | |
for bU NN r\,,l NlP
ArAHp | 4’”‘4 -
‘siving’ w Jﬁ” ‘before NTP
AlfrSp .
‘the-opportunity’ e
' 4hrs 111

‘Cyprus’



Computational Resources

e Workshop on Statistical Parsing of Morphologically Rich
Languages (SPMRL)

Applications using Arabic treebanks

— Statistical parsing

» Bikel's parser (Bikel 2003)
— Same engine used with English, Chinese and Arabic

* Nivre’s MALT parser (Nivre et al. 2006)
* Dukes’ one step hybrid parser (Dukes and Habash, 2011)

— Base-phrase Chunking
 (Diab et al, 2004; Diab et al. 2007)
Formalism conversion

— Constituency to dependency (Zabokrtsky and Smrz 2003; Habash et
al. 2007; Tounsi et al., 2009)

— Tree-adjoining grammar extraction (Habash and Rambow 2004)

Automatic diacritization

— Zitouni et al. (2006); Habash&Rambow (2007); Shaalan et al
(2008) among others



Marton et al. (2013)

Morphological Features

for Arabic Parsing

e Parsing with Rich morphology
== — Rich morphology helps morpho-syntactic modeling

—

e E.g., agreement and case assignment

== — But: Rich morphology increases data sparseness
e A challenge to statistical parsers

== — But: Rich POS tagset can be hard to predict
e E.g. Arabic case (or state) is usually not explicitly written

== — Also: Mapping from form to function is not 1:1
e E.g. so-called broken plurals, or fem. ending to masc. noun
e Marton et al. (2013) explored the contribution of
various Arabic (MSA) morphological features and
tagsets to syntactic dependency parsing 113



Marton et al. (2013)

Morphological Features
for Arabic Parsing

e Marton et al. (2013) explored a large space of
features
— Different POS tagsets at different degrees of granularity
— Different inflectional and lexical morphological features
— Different combinations of features
— Gold vs. predicted POS and morphological feature values

— Form-based vs. functional feature values
(gender, number, and rationality)

e CATIiB: The Columbia Arabic Treebank
e MALTParser (Nivre et al. 2006)
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Marton et al. (2013)

Morphological Features
for Arabic Parsing

POS tagset performance as function of information
— Approximated by tagset size

— More informative = better parsing quality (on gold)

Tagset Size Gold Example: Al+xams+ap+u " the-five.fem.sing.nom'’
CATIB6 6 81.04 NOM

CATIBEX 44 82.52 Al+NOM+ap

CORE12 12 82.92 ADJ (stripped of any inflectional info)

CORE44 40 82.71 ADJ_NUM

ERTS 134 82.97 DET+ADJ_NUM+FEM_SG

KULICK 32 83.60 DET+ADJ_NUM

BW 430 84.02 DET+ADJ_NUM+FEM_SG+DEF_NOM
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Marton et al. (2013)

Morphological Features

for Arabic Parsing

POS tagset performance as function of information

— Approximated by tagset size

— More informative = better parsing quality (on gold)

Gold vs. Predicted POS
— Lower POS tagset accuracy =» worse parsing quality (non-gold)

Tagset Size 6old Predicted Diff.  Acc.
CATIB6 6 8104 7831 -273 97.7
CATIBEX 44 8252 79.74 -2.78 97.7
CORE12 12 8292 7868 -4.24 96.3
CORE44 40 8271 7839 -432 96.1
ERTS 134 82.97 7893 -4.04 95.5
KULICK 32 83.60 79.39 421 95.7
BW 430 84.02 < 72.64) -11.38 < 81.8;
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CASE and STATE help in gold

Marton et al. (2013)

PERSON, NUMBER,
GENDER and DET help in
non-gold

PREDICTED

GOLD

Baseline

78.68

Baseline

ALL
CASE

STATE
DET
NUM
PER
VOICE
MOOD
ASP
GEN

CASE+STATE

CASE+STATE+DET
CASE+STATE+NUM

CASE+STATE+PER
CASE+STATE+VOICE
CASE+STATE+MOOD

CASE+STATE+ASP
CASE+STATE+GEN

ALL 7791077
DET 7982 114
STATE 7934 0.66
GEN 7875 0.07
PER 7874 0.06
NUM 78.66  -0.02
VOICE 78.64  -0.04
ASP 7860 -0.08
MOOD 78.54 -0.14
CASE 5812870
DET-STATE 7942 -0.40
DET-+GEN 799 0.08
DET+GEN+PER 79.94 004
DET+PN.G
DET+PN.G+VOICE 7906015
DET+PN.G+ASPECT 80.01  -0.10
DET+PN.G+MOOD 80.03  -0.08



Arabic Dialect Parsing

e Possible Approaches

— Annotate corpora (“Brill Approach”)
* TOOo expensive

— Leverage existing MSA resources
e Difference MSA/dialect not enormous
e Linguistic studies of dialects exist

e Too many dialects: even with dialects
annotated, still need leveraging for other
dialects
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Parsing Arabic Dialects:
The Problem

oy | |

Bl g eij Parser

work/ not men

Treebank

Jala .
this Big UAC
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Sentence Transduction Approach

- Dialect - - MSA -
‘ . ‘ » K ‘
A Jedll i g oY Y ~
T Jeall 138 Jlall cny Y
[:Translation Lexicon:] l
e e~ %
/I\ /l\ o
PR
S g Jadl Yy
Work( /&a_..d & £ work \ not men
this‘du this s

(Rambow et al. 2005; Chiang et al. 2006)
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MSA Treebank Transduction

Treebank

s Jadl (3 g ey,’\z\l

Jedll e&j‘)(\
/
| ala

Treebank

[: Tree Transduction ::|

121
(Rambow et al. 2005; Chiang et al. 2006)



Grammar Transduction

- Dialect - -MSA -
Probabilistic
— @
Jaddl Y S ?ny‘ \ il Treebank
Jala Probabilistic
TAG

TAG = Tree Adjoining Grammar

[: Tree Transduction ::l

122
(Rambow et al. 2005; Chiang et al. 2006)



Dialect Parsing Results

Absolute/Relative F-1 improvement

No Tags Gold Tags
ifa"::;fsﬁon 4.2/9.0% 3.8/9.5%
1:::fj:l‘tion 3.5/7.5% 1.9/4.8%
'?r?::;?;ac:ion 6.7/14.4% 6.9/17.3%

Dialect-MSA dictionary was the biggest contributor to improved parsing accuracy:
more than a 10% reduction on F1 labeled constituent error

123
(Rambow et al. 2005; Chiang et al. 2006)



Tutorial Contents

e Lexical Variation and Code Switching

— Dialectal variation, lexical resources, code switching, automatic dialect identification
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e Arabic Dialects vary widely lexically

Arabic Lexical Variation

English Table Cat of I_want There_is | There_isn’t
MSA Tawila giTTa idafa ‘uridu yujadu Ia yujadu
4 ks adad @ g 22 52 2251 Y
Moroccan mida geTTa dyal byit kayn ma kayns
B alad Juw i s Qs La
Egyptian Tarabéza ‘oTTa bitag cawez fi mafis
B mk akad gl Jse o i
Syrian Tawle bisse tabag biddi fi ma fi
Uy Aoy & $ 7 ot L
Iraqi méz bazzuna | mal ‘arid aku maku
e 495 Jua ) 5 L

e Arabic orthography a

variations

lows consolidating some
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Arabic Lexical Variation

o <A EGY: reproduce — GLF: give condolences
O 555 EGY: press iron — GLF: buttocks

o Al EGY: kettle - LEV: fridge

o EGY: prostitute - LEV: woman

0 (ke EGY/LEV: okay — MOR: not

o o EGY/LEV: make happy — IRQ: beat up

0 4dlall EGY/LEV: health — MOR: hell fire

o ik LEV: start — SUD: end
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0 S
O (s
oR P
AB"

O (a8
0 oAl
o CAL

Foreign Borrowings

>wky okay
mrsy merci
bndwrp  pomodoro (italian)

byrA birra (italian)
frmt format
tifwn telephone

talfan to phone
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Dialect-MSA Dictionary

e Problem: lack of Dialect-MSA resources

e No Dialect-MSA parallel text
e No paper dictionaries for Dialect-MSA

e Dictionary is required for many NLP applications
exploiting MISA resources

e MT and CLIR

e Parsing with the lack of DA parsers, one would need to
translate dialect sentences to MSA before parsing them
with an MSA parser

e Dialect Identification especially with the problem of
linguistic code switching and pervasive presence of faux
amis (homographs with different meanings in DA and MSA)



Levantine-MSA Dictionary

[Maamouri et al. 2006]

The Automatic-Bridge dictionary (AB)
— English as a bridge language between MSA and LA
The Egyptian-Cognate dictionary (EC)

— Levantine-Egyptian cognate words in Columbia University Egyptian-MSA
lexicon (2,500 lexeme pairs)

The Human-Checked dictionary (HC)
— Human cleanup of the union of AB and EC

— Using lexemes speeded up the process of dictionary cleaning
e reducing the number of entries to check
e minimizing word ambiguity decisions

— Morphological analysis and generation are required to map from inflected LA
to inflected MSA

The Simple-Modification dictionary (SM)
— Minimal modification to LA inflected forms to look more MSA-like
— Form modification: (i >gnyA ‘rich pl.”) is mapped to (sLiel >gnyA')
— Morphology modification: («_& b$rb ‘I drink’) is mapped to (<<l >$rb)
— Full translation: (S kmAn ‘also’) is mapped to (L= AyDAF)
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THARWA

A Multi-dialectal Dictionary

What:  Example:

A three way dictionary for Egyptian
Arabic (DA), MSA and English
equivalents

Egyptian MSA POS English

Ji Jaa carry; blame;
Predominantly lemma entries $ay~il | Ham~al | verb Imhpose;
charge
All DA entries are in CODA 5 de _
] ) ) *an~ib EAgab verb Punish
POS tag information provided Y Cfm
. . . . L o noun lam
All Arabic entries are diacritized >abAjawrap | miSobAH P
i i e dj | Opium addict
DA and MSA lemmas are aligned >afiyuwnoijiy | mudomin| 29 piu '
i 3 alls 5 alla
with SAMA and CALIMA databases saiiran | Zanirp | 10U | phenomenon

Manually created and semi «  Used in: DIRA, AIDA, ELISSA
automatically consistency checked _
 (Diabetal., 2014 LREC)

Dictionary Size:

65,237 complete unique records



DIRA: Dialectal (Arabic) Information
Retrieval Assistant

[Diab et al., 2010]
e DIRA is a query expansion application

e Accepts MSA short queries as input and expands
them to a dialect(s) of choice

e Multiple MSA expansion modes

— Expand input MSA with MSA morphology
e ASbH “he became’ >> tSbH, nSbH, ySbHwn, etc.

— Expand input MSA with DA morphology
e ASbH "he became’ >> HtSbH, HnSbH, HySbHWA, etc.

— Translate MSA lemma to DA lemma and expand using

DA morphology
e ASbH “he became’ >> tbqY, nbqY, HtbqgY, HnbqY, etc.

e Online demo: http://nlp.ldeo.columbia.edu/dira/



DIRA Demo

® 0o nlp.ldeo.columbia.edu/dira/ "

| > D ud“ nip.ldeo.columbia.edu

#5  NYUHome WANLP Sunny Skyz Today's BIG Thing BOLT-CADIM Google Translate Gmail GDrive Nizar Habash LIONMAIL MADAMIRA MADAMIRA-AR »

Q_b COLUMBIA UNIVERSITY

IN THE CITY OF NEW YORK

Standard Arabic | b

Egyptian Arabic ‘

[ |
- wia Search: [U ) OR Jsk |

Ay A .

noun board. table. bed About 3,190,000 results

- - _ - o
4.1_,".1: 3_)-“‘)19 + @
2 Backgammon is one of the oldest board games
noun tahle for two players. The playing
pleces are moved according to the roll of dice,
and a player wins by removing all
of ...
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Lexical Reality of Arabic Data

Data Source Example

Newswire D)l ailial go Jad (e Male¥) ()b jaliiis 3 el o) (SU & gl XS

MSA only ol dlee ya pady ikl
And he emphasized for the second day that “efforts are continuing forward” to
resume the national dialogue on the peace process.

Broadcast i) 4 () Lgale Ll 1) aai g Coany e ae Je ity o 00X (jlile

MSA+some DA

Clia slaally 52 Lo d8s ) (2 2]

‘cause o’ this it’s interactin’ with what is happening and it finds it necessary to
awaken the Arab people to the truth of what is happening in the negotiations

CTS, news groups &
blogs

more DA

i el Say el lie (s jpay ) Slie S G gale Sl

no problem, but since | am sure | don’t know you, that’s why | am telling you you're
confused.
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Code Switching

MSA
MSA and Dialect mixing in speech

e phonology, morphology and syntax LEV

w\)@\w)ﬂmmmﬂm‘;j\e@J#wﬂmmeﬂ\\yjmecg\m«ymuuw
M‘JJJAMM‘L‘)&“"J")‘L‘A@U}S“M\EPL‘\UAJY\L_;L@AM&}M}AM&}MJAQNMJ
m)ﬁ\j\ul_d@dﬁ\m\M;«L\qujm@uﬁu\j&\ﬁmﬂ\w ‘J—*ﬁ\&u;&
UJS.ULAJMD::JAY\WJLAAJA \.J);jw.\.\)j\jwu \.A.\J\JA.GGA M\LAL\SMJ
uYLaY\&My@@MJMEM& )A\\Mumch\jumc_\m.muﬁdjwumé
MM\M\ qu\dm\muu\dg MMYMM\M\ JUJS.\JAMJJ.Q_AA
&u\m;suﬁ)mug@éﬁu}m;ﬁudjﬂ\u;um;M\g\mu;m)muc
LAJLM\JA;\JJ‘MMUM&M‘}M‘UMLA@S\} uﬁdﬁmé@k;&@@d&é
uj\l'ﬂ—‘ﬂ(’)‘l“}“‘—’AJ‘L‘LSJL“:S}“"}‘US(’“SM‘—’Ll“;u"\?’-’w\"lé-‘ucj)"Jw\d)“
(e o 5 Al e oSl Al il e g Y1 IS o Ul L Vs 30 L gl e |5
ﬁau\‘ﬁ_}a\ﬁu\ )As\u\‘@MJA\m@m‘;n)ﬂuﬂ,ﬂutsﬁyﬂm@u,m
g_,mmtc\cﬁm&\}\ﬁ«hm)uwwudﬁ;usuuuu)um@éjxu 13 Ll
&Fﬁ\\&@@sm@u&‘yu\&&\ﬁd\
134

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



Code Switching

MSA
MSA-LIKE LEV

MSA and Dialect mixing in speech
e phonology, morphology and syntax

LEV

dj\)@\umﬂmmu\jd&gl\egqjaju_m)ﬂmmwd\\jmjmacél\m‘u‘ygs.muh\‘i
ail 5 ) gedll kel e 305 8 (05 adl o iy Ul V) e S g e g e g a5 Uil
M}S\j\um@dsnuMjuabwgm)m@w&u\}&\)wmw A 3 s
uf—éé-'eu@ule-ﬂ‘ el g s sa (o Adaa] w-\uu&yaﬂ‘ 12 mfu‘-ﬂé‘\-%u
UJ&JNMLDJAY‘WJWJAM‘J)QWJ\}WM \mu,x_@ A.LLA\QJLJLU
MM\M\ qu\d\ﬂq\muu\_ﬂg MAMYMJM\M\ JUJS.\JAMJJ.S_AA
&u\mg\quwdc@aﬁujhﬁudﬁl\usuLL;M\;\m\ucm}d\uc
uﬂ\\&gu\wmuugw\je]@\uuuda\y @dk.\éé\_\ﬁaj@w@dlmé
Gﬂ\@wﬂ‘ﬁu;ﬁdqﬁ}mﬁutswﬂ\um;m\euw\buucijuﬁ
(e o 5 Al e oSl s ladlly il e )91 DA o LT L 1l L Ty e |5
a@&ugu}mm )As\u\‘@mymm@m‘;uyuﬂ,ﬂu\sﬁyﬂm@uﬂ\
g_ﬂ;moqtc\@au&\J\ﬁﬁwjuwmudﬁusuuw)uup)m 13 Lol
&Fﬂ\\&@@cm&dﬁz’b\&&b&ud\
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Aljazeera Transcript http://www.aljazeera.net/programs/op_direction/articles/2004/7/7-23-1.htm



Code Switching with English

e Iragi Arabic Example

— ya ret 3inde hech sichena tit7arrak wa77ad-ha,
7atta ma at3ab min asawwe zalaba yomiyya :D

— 3ainee Zainab, tara hathee technology jideeda,
they just started selling it !! Lets ask if anybody
knows where do they sell them ! :

136
http://www.aliragi.org/forums/archive/index.php/t-16137.htm|



Dialectal Impact on MSA

e Loss of case endings and nunation in read MSA
/fi bajt dzadid/
instead of /fi bajtin dzadidin/
‘in a new house’
e A shift toward SVO rather than VSO in written
MSA
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Dialectal Impact on MSA

e Code switching in written MSA
e Dialectal lexical and structural uses

— Example Newswire Alnahar newspaper (ATB3 v.2)

[sle b ) pgin pag 13V LbIR e 3306
>x* EIY xATr AIAxwAn wmn hghm An yzElw

then-was-taken upon self the-brothers and-from right-their to be-angry

‘they were upset, and they had the right to be angry’
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Dialect Identification &
Classification

e Speech Data

— State of the art system — 18.6% WER within

dialect and 35.1% across dialects (Biadsy et
al.,2012)

e Textual Data

— Sentence Level Dialect ID
e Zaidan and Callison-Burch (2013)
e AIDA (Elfardy & Diab, 2012)

— Token Level Dialect ID and Classification
e AIDA (Elfardy & Diab, 2012)
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Word Level Annotation
[Habash et al., 2008]

Word Level 0 pure MSA words
o MSA lexemes / MISA morphology / MISA orthography
o U8 yaktubuwn ‘they write’, ~Sabel AcyAdukum ‘your holidays’

Word Level 1 MSA with non-standard orthography
o MSA lexemes / MSA morphology / non-standard orthography
o Dialectal spelling: Jlasé fusTAn (vs. OB-é fustAn ‘dress’)
o Spelling error: ales masAjid (vs. 2xbus masAjid ‘mosques’)

Word Level 2 MSA word with dialect morphology
o MSA lexemes / dialect morphology
o <Sw pyiktib (Egyptian ‘he writes’)
o Present tense prefix +< b+ (LEV/EGY), +2 da+ (IRQ), +<! ka+ (MOR)

Word Level 3 Dialect lexeme
o Dialect lexeme: never written or spoken when producing MSA
o The negation marker (i« mis ‘no/not’
o 4dle cAfyah (Moroccan for ‘fire/health’ but MSA for ‘health’)
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Elfardy & Diab (2012, 2013)

AIDA System

Objectives

— contextual token and sentence level DA identification and classification
with confidence scores

— As a side effect, AIDA produces linearized gisted MSA and English
equivalent text

Approach

— Statistical approach combining large scale DA-MSA-ENG dictionaries:
Egyptian, Levantine, Iraqi (~63K entries) with language models based on
MSA (AGW) and DA corpora (Egy ~6M Tokens/~650K Types, Lev ~7M
Tokens/~500K Types)

Evaluation data

— Manually annotated 15K Egyptian and 15K Levantine words [Elfardy & Diab,
2012]

— Manually annotated 20K words for dialect ID [Habash et al., 2008]

Performance
— Token Level identification/classification F=81.2 Egyptian, F=75.3 Levantine

Online demo: http://nlp.ldeo.columbia.edu/aida/




AIDA Example

MSA EGY

ok B LalS 5 4 gumll by 48) A e Jal ) 28 ) Lia
.\:\lg U"'A'.’ > S L‘S“<L::\ ¢ é);j;‘

Transliteration

hnA rgd AlrAjl EIY frASh ygAlb Algybwbp wkimA
AfAq ylAgy mrAth jnbh fglhA: ImA Srkty flst

knty jnby, wimA bytnA AtHrq, Sklk kdh nHs
ElyA.



Tutorial Contents

e Machine Translation

— Tokenization, out-of-vocabulary reduction, translation from and into Arabic, dialect
translation
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Tokenization for Machine Translation

e Tokenization and normalization have been

shown repeatedly to help Statistical MTHabash &

Sadat, 2006; Zollmann et al., 2006; Badr et al., 2008; El Kholy & Habash,
2010; Al-Haj & Lavie, 2010; Singh & Habash, 2012; Habash et al., 2013)

* Habash & Sadat 2006 oo w2 e
— Arabic to English Statistical MT s — 16 .83

— Bleu Metric (Papineni et al. 2002) ON 1259] 3793
WA 15.03 37.79

D1 14.86 37.30

TB 15.94 37.81

D2 16.32 38.56

D3 17.72 36.02

EN 18.25 36.02




« ST
* D1
« D2
D3
BW
EN

Input:

(Habash&Sadat, 2006)

Preprocessing Schemes

ST
D1
D2
D3
BW
EN

Simple Tokenization

Decliticize CONJ+

Decliticize CONJ+, PART+

Decliticize all clitics

Morphological stem and affixes

D3, Lemmatize, English-like POS tags, Subj

wsyktbhA? ‘and he will write it?’
wsyktbhA ?

w+ syktbhA 7?

w+ s+ yktbhA ?

w+ s+ yktb +hA ?

w+ s+ y+ ktb +hA ?

w+ s+ ktb/VBZ S:3MS +hA ?



ST
D1
D2
D3
BW
EN
ON
WA
1B
L1
L2

Preprocessing Schemes

Simple Tokenization

Decliticize CONJ+

Decliticize CONJ+, PART+
Decliticize all clitics

Morphological stem and affixes
D3, Lemmatize, English-like POS tags, Subj
Orthographic Normalization

wa+ decliticization

Arabic Treebank

Lemmatize, Arabic POS tags
Lemmatize, English-like POS tags
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Tokenization for Machine Translation

e Tokenization and normalization have been

shown repeatedly to help Statistical MTHabash &

Sadat, 2006; Zollmann et al., 2006; Badr et al., 2008; El Kholy & Habash,
2010; Al-Haj & Lavie, 2010; Singh & Habash, 2012; Habash et al., 2013)

* Habash & Sadat 2006 oo W M wd
cneme rain rain
— Arabic to English Statistical MT ST 11.16 | 37.83
— Different data sizes require ON 12.59| 37.93
different tokenization schemes WA 1503 | 37.79
— As size increases, tokenization help [pj 14.86| 37.30
decreases TB 15.94 | 37.81
— In NIST Open MT Evaluation, D2 16.32| 38.56
9 out of 12 participants in Arabic- D3 17.72| 36.02
English track used MADA EN 18.25| 36.02




Arabic-to-English VS English-to-Arabic

 Arabic-to-English SMT

— Tokenization and normalization help

(Lee, 2004; Habash & Sadat, 2006; Zollmann et al., 2006)
« English-to-Arabic SMT

— What tokenization scheme?
(Badr et al., 2008; Al Kholy & Habash, 2010; Al-Haj & Lavie, 2010)
— Output Detokenization and Denormalization (Enriched/True Form)

« Anything less is comparable to all lower-cased English or uncliticized
and undiacritized French

Normalization

Example

% Words diff. from RAW/ENR

Reduced (RED)

Aqwy /s Sl SAqwy /e s

12.1% / 16.2%

Enriched (ENR) /
TrueForm

Aqwy /s 5 > Aqwy /s i/

7.4 % /0.0%




Tokenization for Machine Translation

e Tokenization and normalization have been

shown repeatedly to help Statistical MTHabash &

Sadat, 2006; Zollmann et al., 2006; Badr et al., 2008; El Kholy & Habash,
2010; Al-Haj & Lavie, 2010; Singh & Habash, 2012; Habash et al., 2013)

* El Kholy & Habash 2010

— English to Arabic Statistical MT
— Funded by a Google award

Baseline MADA-MSA

no tokenization ATB Tokenization
4 M words 26.00 27.25

60 M words 31.30 32.24




(Habash, 2008)

REMOOV

« Out-Of-Vocabulary (OOV)
— Test words that are not modeled in training
— May be in training data but not in phrase table
— May be in phrase table but not matchable

» A persistent problem
— Arabic in ATB tokenization with orthographic normalization:

Increasing the training data by 12 times
- 66% reduction in Token/Type OOV
- 55% reduction in Sentence OOV (sentences with at least 1 OOV word)

Medium Large
Word count 4.1M 47M
MTO3 | MTO04 | MTO05 | MTO3 | MTO04 | MTO5
Token OOV 25% | 32% | 3.0% | 0.8% 1.1% 1.1%
Type OOV 8.4% | 13.32% | 11.4% | 2.7% | 4.6% | 4.0%
Sentence OOV | 40.1% | 54.47% | 48.3% | 16.9% | 25.6% | 22.8%




Profile of OOVs in Arabic

* Proper nouns (40%)

— Different origins: Arabic, Hebrew, English, French, Italian,
and Chinese

* Other parts-of-speech (60%)
— Nouns (26.4%), Verbs (19.3%) and Adjectives (14.3%)

— Less common morphological forms such as the dual form
of a noun or a verb

* Orthogonally, spelling errors appear in (6%) of cases
and tokenization errors appear in (7%) of cases

Proper Noun 40% S4S g calilada (i)
Noun/Adjective 41% Ul e ¢y B
Verb 19% U A (oliilu
Spelling Error 13% O g A Sl ¢ aland)




OOV Reduction Techniques

« Two strategies for online handling of OOVs by
phrase table extension

— Recycle Phrases

« Expand the phrase table online with recycled phrases
— Relate OOV word to INV (in-vocabulary) word
— Copy INV phrases and replace INV word with OOV word
— Example: add misspelled variant of a word in phrase table
» «liS knAb - book
— Using unigram and bigram phrases was optimal for BLEU

— Novel Phrases

« Expand the phrase table online with new phrases
— Example: Ll bAstwris OOV
— Use transliteration software to produce possible translations
» Pasteur, Pastor, Pastory, Bostrom, etc.



REMOOV Techniques

MorphEx (morphological expansion)

DictEx (dictionary expansion)
SpellEx (spelling expansion)
TransEx (name transliteration)

Morphology No Morphology
Recycled
Phrases MorphEx SpellEx
Novel Dictex TransEx
Phrases

REMOOYV Toolkit is available for research
Contact nizar.habash@nyu.edu




Morphology Expansion

* Model target-irrelevant source morphological variations
— Cluster Arabic translations of English words
* book & (LUS  QUsll l)
o Write € (... OiSas S ()5S S IS ES)
— Learn mappings of morphological features for
words sharing lexemes in the same cluster
« [POS:V +S:3MS] == [POS:V +S:3FS5]
« [POS:N Al+ +PL] == [POS:N +PL]
« [POS:N +DU] == [POS:N +PL]
« Map OOV word to INV word using a morphology rule:
o Udfelaall & [POS:N Al+ +DU] == [POS:N +PL] > <lelea




Spelling Expansion

* Relate an OOV word to an INV word through:

— Letter deletion JPRICWAL > (rrhald
— Letter Insertion PRI > JPRTISVAL
— Letter inversion (s > (irhld
— Letter substitution JPRTICVAL > JPRTICIAL
— Substitution in Arabic was limited to 90 cases (as

opposed to 1260)
* Shape alternations _, <> )
* Phonological alternations o« <> u=
« Dialectal variations | <> &

« No modification of the probabilities in the
recycled phrases



Transliteration Expansion

Use a similarity metric (Freeman et al 2006) to match
Arabic spelling to English spelling of proper names
— Expand forms by mapping to Double Metaphones (Philips, 2000)

Assign very low probabilities that are adjusted to reflect
similarity metric score

il S MTNP - Al-Mutannabi Al-Mutanabi
. Pasteur Pastor Pastory
L

L PSTR 2 Pasturk Bistrot Bostrom
ox )l gl
s > XFRTSNKR - 2 Schwarzenegger
BRI

L N KTE > Qadhafi Gadafi Gaddafi Kadafi

Ghaddafi Qaddafi Katif Qatif




Dictionary Expansion

OOV word is analyzable by BAMA (Buckwalter

2004)

* Add phrase table entries for OOV translating to
all inflected forms of the BAMA English gloss

* Assign equal very low probabilities to all entries

,. . - musical ->» musical musicals
Ostir gall = A ga o o o
= musician =» musician musicians
= mistaken = mistaken
a;i . “ 9 . ! .
= atfault = atfault at faults
TEN > s > sit - sit sits sat sitting




REMOOV Evaluation

Mefl1ul\r;1 Se(’; BLEU Scores
— 4, words

MT03 | MT04 | MTO5
— Average token OOV is 2.9% BASELINE 44.20 | 40.60 | 42.86
A|| techniques improve on TRANSEX 44.83 | 40.90 | 43.25
baseline MORPHEX 44.79 | 41.18 | 43.37
DICTEX 44.88 | 4124 | 43.46
— TransEx < MorphEx < DictEx < SPELLEX 45.09 | 41.11 | 43.47
Spel IEX MORPHEX+DICTEX 45.00 | 41.38 | 43.54
Combinations improve on SPELLEX+dMORPHEX | 4528 | 41.40 | 43.64
Comblned technlques SPELLEX+TRANSEX 4543 | 41.24 | 43.75
. . . . ANSEX 30 | 4143 | 43.72
— Least improving combination (on D'LCLTEXJ'TR 25 o 21 46 23;
. MorphEx+DictEx A il B i Bt
avera g © ) ) Absolute improvement 1.4 0.96 1.09

— Most improving combination (0N [ gejative improvement | 3.17| 26| 254

average): DictEx+TransEx
Combining all improves most



REMOOV Evaluation

MT04 BLEU Scores

* Learning Curve Evaluation

— Different techniques
do better under different
size conditions

— Even with 10 times data,
OOQV handling techniques
still help

* Error Analysis

— Hardest cases are Names

— 60% of time, OOV
handling is acceptable

1% | 10% | 100% | 1000%
Baseline 13.40 | 31.07 | 40.60 | 42.06
TransEX 13.80 | 31.78 | 40.90 | 42.10
SpellEX 14.02 | 31.85 | 41.11 | 42.25
MorphEX 15.06 | 32.29 | 41.18 | 42.16
DictEx 20.09 | 33.56 | 41.24 | 42.14
ALL 18.17 | 33.41 | 41.56 | 42.29
Best Absolute | 6.69 | 249 | 096 | 023
Best Relative | 49.93 | 8.01 | 2.36 | 0.55
PN NOM v
Good | 26 (40%) | 41 (73%) | 17 (85%) | 60%
Bad | 39 (60%) | 15 (27%) | 3 (15%) | 40%
46% 40% 14% | 100%




OOV Handling Examples

Foreign name

— Before: ... and president of ecuador IwtSyw gwtyryz .

— After: ... and president of ecuador lucio gutierrez .

Dual noun

— Before: ... headed the mission to grytyn in the north .

— After: ... headed the mission to villages in the north .

Dual verb

— Before: ... baghdad and riyadh , which qTEtA their diplomatic relations ...
— After: ... baghdad and riyadh , which sever their diplomatic relations ...

Spelling error
— Before: ... but mHAdtAt between palestinian factions ...
— After: ... but talks between palestinian factions ...



Arabic Dialect
Machine Translation

e BOLT: Broad Operational Language
Translation

— Egyptian Arabic = English MT
— lraqi <-> English speech-to-speech MT
e TransTac: DARPA Program on Translation
System for Tactical Use
— lraqi <-> English speech-to-speech MT
— Phraselator: http://www.phraselator.com/
e MT as a component

— JHU Workshop on Parsing Arabic dialect (Rambow et
al. 2005, Chiang et al. 2006) 162




Challenges to processing Arabic dialects:
Machine Translation

MSA ¥ f&aa 1ok «ebh ¢S 2 0 Does not have electricity, what happened?
EGY Som oS 4l (i dalll)l U o SI) Atqgtat electrical wires, Why are Posted?
LEV felia Sil (b jeS (nda K5 Cklo Mafeesh L¢S, Lech heck?

IRQ o LS Sk & Xu MACON electricity, good?




Arabic Dialect

Machine Translation

 Problems

— Limited resources
« Small Dialect-English corpora & no Dialect-MSA corpora

— Non-standard orthography
— Morphological complexity

« Solutions
— Rule-based segmentation (Riesa et al. 2006)

— Minimally supervised segmentation (Riesa and Yarowsky
2006)

— Dialect-MSA lexicons (Chiang et al. 2006, Maamouri et al. 2006)

— Pivoting on MSA (Sawaf 2010, Salloum and Habash, 2011)
* Elissa 1.0 (Salloum & Habash, 2012)

— Crowdsourcing Dialect-English corpora (zbib et al., 2012)
164



MSA-pivoting for DA to English MT

[Salloum & Habash, 2011, 2012, 2013]

Challenge: There is almost no MSA-DA parallel corpora
to train a DA-to-MSA SMT

Solution: use a rule-based approach to

— produce MSA paraphrases of DA words

— create a lattice for each sentence

— pass the lattice to an MSA-English SMT system
The rule-based approach needs:

— A dialectal morphological analyzer
— Rules to transfer from DA analyses to MSA analyses

Elissa 1.0



[Salloum & Habash, 2011, 2012, 2013]

Elissa 1.0

Dialectal Arabic to MSA MT System

Output
— MSA top-1 choice, n-best list or map file
Components
— Dialectal morphological analyzer (ADAM) (Salloum and Habash, 2011)
— Hand-written morphological transfer rules & dictionaries
— MSA language model
Evaluation (DA-English MT) m
— MADA preprocessing (ATB scheme) Baseline 37.20 3318
— Moses trained for MSA-English MT
— 64 M words training data

Elissa + Baseline 37.86 38.80

— Best system only processes MT OOVs and ADAM dialect-only words
— Top-1 choice of MSA
— Results in BLEU



V Analysis \

Transfer

/ Generation W

Example

SsiSale s wmAHyktbwlw

“and they will not write to him”

Proclitics [Lemma & Features] Enclitics

y-ktb-w
[katab IV subj:3MP voice:act]
they write

Word 2

Proclitics [Lemma & Features]
conj+ [katab IV subj:3MP voice:act]
and+ they write
|
w+ In yktbwA I +h

)55 s win yktbwA |h



Elissa 1.0: DA to MSA translation

Direct Translation of Dialectal Arabic (DA)

Dialectal Arabic ass pale oY gadia e & o aiSale dlallg,

alle Jag M
DA-English In this case, they will not write on his page wall because
Human Transaltion  he did not tell them the day he arrived to the country.
Arabic-English Bhalhalh Mahiketbolo Shi Ahat Cefhto to Anu Mabrhen
Google Translate day who arrived Aalbuld.

Pivoting on Modern Standard Arabic (MSA) using Elissa

DA-MSA »HAMYM&&&@U@JM\AM&Q
Elissa Translation A ) Jea s 3 a s
Arabic-English In this case it would not write something on the wall yet
Google Translate because he did not tell them the day arrived in the

country.
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