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Arabic poses many interesting challenges to machine translation: ambiguous orthography, rich morphology,
complex morpho-syntactic behavior, and numerous dialects. In this tutorial, we introduce the most important
themes of challenges and solutions for people working on translation from/to Arabic or any of its dialects. The
tutorial is intended for researchers and developers working on MT. The discussion of linguistic issues and how
they are addressed in MT will help linguists and professional translators understand the issues machine
translation faces when dealing with Arabic and other morphologically rich languages. The tutorial does not

expect the attendees to be able to speak/read/write Arabic.
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What is Arabic?

Arabic: the script and the language

Arabic script is used to write a number of languages
— Arabic, Farsi, Urdu, Pashto, etc.
The Arabic language has many forms
— Classical Arabic (CA)
+ Classical Historical & Liturgical texts
— Modern Standard Arabic (MSA)
* News media & formal speeches and settings
* Only written standard
— Dialectal Arabic (DA)
* Predominantly spoken vernaculars
» No written standards
Dialect vs. Language
— Linguistics vs. Politics

What is Arabic?

~300M people worldwide speak Arabic
— Largest living Semitic language

Arabic is the/an official language of 23 countries
No native speakers of CA nor MSA

In the Arabic speaking world, MSA and CA are
the only forms of Arabic taught in schools




What is Arabic?

 Arabic Diglossia
— Diglossia is where two forms of the language
exist side by side
— MSA is the formal public language
* Perceived as “language of the mind”
— Dialectal Arabic is the informal private
language
» Perceived as “language of the heart”
» General Arab perception: dialects are a
deteriorated form of Classical Arabic
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Relevant SMT Concepts

 Parallel Corpora

« Automatic Word Alignment

» Phrase Table Extraction

» Language Model

» Decoding

« Automatic Evaluation Metrics
« MT Pivoting
 Out-of-Vocabulary (OOV)

Word Alignment

Jand Cilia g yaal) 4all ) juall duad &) oputiall |

D

The artistic pieces carry the personal characteristics of the artists.

« Statistical Word Alignment
o GIZA++

— A statistical machine translation toolkit used to train word
alignments.

— Uses Expectation-Maximization with various constraints to
bootstrap alignments




Phrase Table Extraction

[Janiferibin 5 yaall dgall[fol 5aalAad all]liall
N I — v 4

E>W‘\\7\

The|artistic piecesi carryi he [personal|¢haracteristic

of the artists.

Jaad carry <probabilities>
Jani cilida g yaall Al artistic pieces carry <probabilities>
Jani cilida g yaall Al the artistic pieces carry <probabilities>
Jani cilida g yaall Al the artistic pieces carry the <probabilities>
&l gpall characteristics <probabilities>
&l gpall characteristics of <probabilities>
dpaddl) personal <probabilities>
dpaddl) the personal <probabilities>
i pal) Al personal characteristics <probabilities>
@l jpall Apeadil) the personal characteristics <probabilities>

SMT Decoders take

— Input source-language sentence
— Translation model: phrase table with probabilities mapping

between source and target languages

— Target language model
— Tuned weights for the log-linear combination of the various

probabilities

SMT Decoding

... and they produce a ranked list of translations in the
target language
Popular decoders: Moses (Koehn et al., 2007), cdec
(Dyer et al., 2010), Joshua (Li et al., 2009), Portage
(Sadat et al, 2005) and others.




Automatic Evaluation Metrics

» BLEU (Papineni et al, 2001)
— BiLingual Evaluation Understudy
— Modified n-gram precision with length penalty
— Quick, inexpensive and language independent
— Bias against synonyms and inflectional variations
— Most commonly used MT metric
— Official metric of the NIST Open MT Evaluation

» Google offers translations between over 3,000

language pairs
— Statistical MT
— English Pivoting:

Go« nge translate

Arabic>Hebrew = Arabic >English->Hebrew

Afrikaans | Croatian
Albanian Czech
Arabic Danish
Armenian | Dutch
Azerbaijani | English
Basque Estonian
Belarusian | Filipino
Bulgarian | Finnish
Catalan French
Chinese Galician

Georgian
German

Greek

Haitian Creole
Hebrew

Hindi
Hungarian
Icelandic
Indonesian
Irish

Italian
Japanese
Korean
Latvian
Lithuanian
Macedonian
Malay
Maltese
Norwegian
Polish

Portuguese
Romanian
Russian
Serbian
Slovak
Slovenian
Spanish
Swabhili
Swedish
Thai

Turkish
Ukrainian
Urdu
Vietnamese
Welsh
Yiddish
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Arabic Script

Arabic script is a right-to-left alphabet with allographic
variants, optional zero-width diacritics
and common ligatures.

sl Jaal

Arabic script is used to write many languages:
Arabic, Persian, Kurdish, Urdu, Pashto, etc. 14




Arabic Script

Alphabet (MSA)

* letters (form+mark)

* Distinctive U’*’ U'M — L.‘

I /sl o/ N /bl
« Non-distinctive g ‘Ls ‘ ‘ i
) !
/2/
glottal stop aka hamza 19
Arabic Script

Letter Shapes
* No distinction between print and handwriting
* No capitalization
« Ambiguous
shapes . s . |- | Stand
- Connective | | Ulo g P |luv|E | alone
letters J > ) . N
- Disconnective J| I S |0 | o | £ | initial
letters
(135533),63) il « S_ o | wou | | medial
cause word- ) B L .
internal visual . "
spacing | < &l P (U | & fmil




Arabic Script

Letter shaping

[katab/ b t Kk
to write

/kitab/ bat k
book

Arabic Diacritics

Vowel Nunation Gemination
- L <) z 28 w
[ T O 1 . | . O . I . R | (G
L ~ ~ & & L2 L2 ’ & L2
/bal | fbul | /bi/ /b/ | /ban/ | /bun/ | /bin/ /bb/

» Optional Zero-width characters
— Full, partial or no diacritics

— S WS WS kutibal it was written

« Combinable: & /bbu/




G yrall da giaall 3aclisall dpead a1 Lilal
mﬁa_uuw\aﬁ}sg\wﬁs_(uq\)n“_1JUJA
L@_AJSJ ‘;\S\ pac Luwall LJS)J(JL\JLL»»\ u\ UMAAM ).\S\ JL\J\ LU\A
M;Ju\u}}uj\)JJ}¢LMJY\UM\DJS\LAUJAA_1}A“
uuuju\u\@&aﬂyéuhu‘y‘@)s;ﬂw{)d\ﬁ}
mg}\mmﬁguﬂ\}m’“\

mj;&my\ujsg\wjﬁi-(uu\)11_1m<)a;
PO AW ARSI WO P I - Y
Z\ESJ\AJ\UJ})LJ\)JJJA’UJY\WIMSYLABJAA;M
@M\u\jﬂ\ud“ u‘guucuadmu_ua.d\ujw\j
wujﬁ\ujéhmﬁﬁéumy\ujg\wjdbj
aad als Tal Lab st ol oo el Ll

19

Arabic Script

Putting it together

Simple combination

v;}; < v—)’&

Arab /farab/ ‘I )L

West /sarb/ I )L

o €Ut
Ligatures
Peace /salam/ /ou-“" ﬁ&-‘u’ < L | d O g




Arabic Script
Tatweel .
* ‘elongation’ u\-‘-‘”w d

¢ aka kashida

st ) 3 58

human rights /huquq altinsan/

21

Arabic Script

“Arabic” Numerals

* Decimal system
* Numbers written left-to-right in right-to-left text

il Y e il 132 3 1962 i b i 3ol i

’/geria achieved its independence’in 79!2 after 132 years of French occupation.
» Three systems of enumeration symbols that vary by region

Western Arabic 0/1/2/3|45/6|/7 |8 |9

Tunisia, Morocco, etc.

Indo-Arabic
Middle East

Y IV (Y e (o T YA

Eastern Indo-Arabic |, [y |[Y [V |¥ [d ||V |A |9

Iran, Pakistan, efc.

11
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MSA Phonology and Spelling

Phonological profile of Standard Arabic

— 28 Consonants
— 3 short vowels, 3 long vowels, 2 diphthongs

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

ghkagadhion) gLt s 59 i e

A

ijiwhnm lkqfeSotd sfszrddxhdz0tba?

24

12



MSA Phonology and Spelling

Except that ...

+ Diacritics are optional in most written text
— 6.8 diacritizations/word
— Only 1.5% of words have at least one diacritic in news text

» Medial short vowels only appear as diacritics
* Dual use of !, s, s as consonant and long vowel
— V(/1,7a0) 5 (/i 1al) < (lylfiT)
* Feminine marker 3 (Ta Marbuta)
« xS /kabir/ (big &) xS /kabira/ (big Q)
» Derivation marker < (Alif Magsura)
* /fasa/ (to disobey ==) (a stick Lec)
* Hamza variants (6 characters for one phoneme!)
— (53l ¢) 4l o3le ocles /baha’/ + 3MascSing (his glory)

25

MSA Phonology and Spelling

» Spelling ambiguity
— Optional diacritics
« <als: /katib/ writer , /katab/ to correspond
— Suboptimal spelling
« Hamza dropping: |, ! >
* Undotted ta-marbuta: & > »
* Undotted final ya: ¢ 2> <

— Generating the correct Hamza form in context can
be hard

« Arabic spelled in other scripts
— Roman script, Hebrew, etc.
— Different conventions

26

13



MSA Phonology and Spelling

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

But how ambiguous? Really?

Classic example

ths s wht n rbc txt Iks |k wth n vwls

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

— Long vowels are always written

— Initial vowels are represented by an ! ‘alef’

— Some final short vowels are represented

ths is wht an Arbc txt Iks lik wth no vwls

Will revisit ambiguity in more detail again under morphology discussion

27

Proper Name Transliteration

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

Gadafi Gaddafi Gaddfi Gadhafi

i
@ 2 Ghaddafi Kadaffy Qaddafi Qadhafi ...
o)) s
BEBPIEN
s < Schwarzenegger
D DL
) 9%

28

14
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Arabic Orthography

Encodings

* Unicode

— The standard way to encode
Arabic today

— 2-byte characters

— Widely supported input/display .

— Supports extended Arabic
characters

— Multi-script representation
— Supports presentation forms

(shapes and ligatures)

e [ |2

It

N bz

Pl\c\c\;

@A e e

el | Pla|ele|Gloe]e]e]c s

[N PR R R RO P [ 90 [ O09) (S
[SPR W W ) Y i I

[ A O A e L N N e

W% | [0 % % | o [o [ o e o | o | o3

* Other less common

encodings: CP-12586,

ISO 8859-6

X T T T

30

15



Encoding Issues
Arabic Display

* Memory (logical order)

OCNBE vad@ia (Palestine) Yi CadakiCI (Olympics) 2000 & 2004.
gl ydo Blwbsy (Palestine) s | gdeos! s (Olympics) 2000 , 2004.
 Display (visual order)
— Bidirectional (BiDi) support
* Numbers and Roman script
.2004 4, 2000 (Olympics) oslgopds! b (Palestine) (ubpdd ol
— Letter and ligature shaping
.2004 4, 2000 (Olympics) sluulsl @ (Palestine) (dawl s aS,Ld
31
Encodings S | LR A
[ M Jr a m
. : >0 | 5= o n
Buckwalter Transliteration T L
* Romanization
— One-to-one mappin? b 1 3w
to Arabic script spelling 531 Q |oas P
— Left-to-right ' n -
— Easy to learn/use e ¢
— Human & machine compatible < b Lo - F
+  Commonly used in NLP :p 5 oz = oy
— Penn Arabic Tree Bank - . -
» Some characters can be modified < i
to allow use with XML and < ow ¢ g - a
regular expressions i _ .
« Roman input/display - .
« Monolingual encoding (can't do c A = f i
English and Arabic) & ox 3 a 2.
» Minimal support for extended i a d x ca
Arabic characters %

» Safe Buckwalter(s)

16



Checklist
Arabic Orthography & MT

Encoding issues

— Clean up encoding
* http://www.unicode.org/fag/normalization.html|
* MADA clean-utf8 utility for Arabic

— Do not mix different encodings!
— To romanize or not to romanize?

* If yes, use same romanization scheme!
Diacritization

— Most people strip all diacritics to minimize sparsity.
See However (Diab et al, 2009; Zbib et al, 2010)

33

Checklist
Arabic Orthography & MT

Remove Tatweel/Kashida (-)

Normalization
— Reductive (internal models; non-Arabic target)

« Alif forms i) A€Esc<|

+ Yaforms ¢ € ye€ey

+ Ta Marbuta o €3 h€&p

« Hamzas s €15 ‘€| <>W&{

— Enriching (internal models; Arabic target)
+ Select the appropriate form in context, e.g., using MADA
(Habash&Rambow, 2005)
Use tools for transliteration and spell correction to
address OOV, e.g., REMOOV (Habash, 2008)

34
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Introduction
Arabic Orthography
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— Arabic Morphology sketch
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Arabic Morphology Sketch

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

* Function

— Derivational
+ Creating new words
» Mostly templatic
— Exception: +iy~ (Ya of Nisba)
— Inflectional
» Modifying features of words
— Tense, number, person, mood, aspect
» Mostly concatenative

— Notable exceptions include broken plurals
36

18



Derivational Morphology

» Templatic Morphology

e Root o G &

k=1 t=2 b=3
e Pattern ma12.u3 1a2.'3
passive active
participle participle
945" Q w8

e Lexeme = _ :
maktub katib
written writer

Lexeme.Meaning = (Root.Meaning+Pattern.Meaning)*Idiosyncrasy.Random 37

Derivational Morphology
Root Meaning

e u w & KTB = notion of “writing”

/kitab/  /katab/

book Sﬁpwrite o Sf”b
e t‘

/ ”l‘ﬁ‘a';garga/ /maktaby | MaKtub/

S letter sl

/maktab/ /katib/

office writer

38

19



Root Polysemy

LHM-1 LHM-2 LHM-3

“meat” “pattle” “soldering”
/lahm/ /malhama/ /laham/
Meat Fierce battle Weld, solder,
/lahfham/ Massacre StiCk, Cling

Butcher Epic

Inflectional Morphology

 Derivational Morphology

— Lexeme = Root + Base Pattern = Set of all
inflectionally related word forms

— Lemma = Label for Lexeme set
— Part-of-speech
« Traditional: Noun, Verb, Particle

» Computational: N, PN, V, Adj, Adv, P, Pron, Num, Conj, Det,
Aux, Pun, IJ, and others

* Inflectional Morphology

— Inflected Word = Lexeme + Features
« Cliticization Morphology

— Word = Inflected Word + Clitics

40

20



Inflectional Morphology

* Inflectional Features

* Number: singular, dual, plural [Noun,Verb]
+ Gender: masculine, feminine [Noun,Verb]
« State: definite, indefinite, construct [Noun]
« Case: nominative, accusative, genitive [Noun]
» Aspect: perfective, imperfective, imperative  [Verb]
» Voice: active, passive [Verb]
» Mood: indicative, subjunctive, jussive [Verb]
* Person: 1,2,3 [Verb]
« Clitics (Cliticization Features)
+ Single-letter conjunction proclitic [all]
+ Single-letter preposition proclitic [Noun]
» Future marker s+ [Verb]
+ Definite Article Al+ [Noun]
» Possessive pronoun enclitic [Noun]
+ Object pronoun enclitic [Verb,Prep] a

Inflectional Morphology

Nouns
Ll g CliiSall
/wakabiyatina/ /walilmaktabat/
U Cisn & 4 SHHASat JH+HH
wa+ka+biyat+na wa+li+al+maktaba+at
and+like+houses+our  and+for+the+library+plural
And like our houses And for the libraries

* Morphotactics (e.g. J+Jd > J))
* Arabic Broken Plurals (templatic)

42

21



Inflectional Morphology

Verbs
lalulad Led s g
/faqulnaha/ /wasanaquluha/
la +U+JE 4 b+ Jd 40+ +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

» Morphotactics
» Subject conjugation (suffix or circumfix)

43

Inflectional Morphology

Perfect verb subject conjugation (suffixes only)

Singular Dual ‘ Plural
1| &uK katabtu L€ katabna
2 | < katabta L katabtuma ~uS katabtum
3| S kataba LS kataba | 35S katabtd
» Imperfect verb subject conjugation (prefix+suffix)
Singular Dual ‘ Plural
1 ‘i€l aktubu 'S naktubu
2 | 'S taktubu oL taktuban 0558 taktubn

3| 'S yaktubu O yaktuban 0558 yaktubn

44

Feminine form and other verb moods not shown




Arabic Morphology
Representations

e Natural token wl_S olJgwl_I_m_kt b At

— White space separated strings (as is)
— Can include extra characters (e.g. tatweel/kashida)

e Word wlaSellg wlimktbAt

e Segmented word
— Can include any degree of morphological analysis
— Pure segmentation: wluSed Jg  wlImktbAt

— Normalized segmentation

¢ Arabic Treebank tokens (with recovery of some
deleted/modified letters): wlusall Jg  w | AlmktbAt

— Tokenization schemes .

Arabic Morphology

Representations

Prefix + Stem + Suffix

— wl+sSo+ Mg wil+mktb+At

— Can create more ambiguity

Lexeme + Features

— auSo[+Plural +Def +9+ J]

Root + Pattern + Features

— S + éa3a2lap + [+Plural +Def +J +4]
— Very abstract

The more complex the representation the harder
the disambiguation

Preprocessing: technique (how) vs scheme (what)

46




Introduction
Arabic Orthography

Arabic Morphology

— Arabic Morphology sketch
— Morphological Ambiguity
— MT Tokenization

— OOV Reduction

Arabic Syntax

Arabic Dialects

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
« 32c8; basis/principle/rule, military base, Qa'ida/Qaeda/Qaida
— Inflectional ambiguity

o S3: you write, she writes

+ Segmentation ambiguity
— a5 he found; 2>+ 5: and+grandfather
— 4all: &+ for a language; 22U+J: for the language

48

24



Morphological Ambiguity

» Spelling ambiguity
— Optional diacritics
» <als: /katib/ writer , /katab/ to correspond
— Suboptimal spelling
» Hamza dropping, undotted ta-marbuta, undotted final ya

» Multiple sources of ambiguity

— /bayyana/ Verb he demonstrated

— /bayyanna/ Verb they [feminine] demonstrated
— /bayyin/ Adj clear/evident/explicit

— /bayna/ Prep between/among

— /biyin/ Proper Noun  in Yen

— /biyn/ Proper Noun  Ben

49

Morphological Disambiguation
in English

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

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

Verb: Mg Tvep [vBGg | vBN | vBP | VBZ
go | went | going | gone | go | goes

« Same as “POS Tagging” in English

50




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

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

Example solution: MADA (Habash&Rambow 2005)
51

MADA (Habash&Rambow, 2005)
(Habash&Rambow, 2007)

@ @@@@ @ (Roth et al., 2008)

T 77T
I T ]
N Y Y ) |
st —— P
2nd —— I .
MORPHOLOGICAL RANKER MORPHOLOGICAL
CLASSIFIERS ANALYZER
* Multiple independent  « Heuristic or . -
classifiers corpus-trained Rule-based
* Corpus-trained * Human-created 52

26



(Habash&Rambow, 2005)
(Habash&Rambow, 2007)

M A DA (Roth et al., 2008)

Morphological Analysis and Disambiguation for Arabic

;s SENTENCE AsbAnyA In twqf AImsAEdp Alty tqdmhA limgrb
;;\WORD twqf
;;SVM_PREDICTIONS: twqf asp:i cas:na enc0:0 gen:f mod:s num:s per:3 pos:verb prc0:0 prc1:0 prc2:0 pre3:0 stt:na vox:a
*0.944308 diac:tuwqifa lex:>awoqgaf_1 bw:tu/IV3FS+wqif/IV+a/IVSUFF_MOOD:S

gloss:detain;make_stand pos:verb prc3:0 prc2:0 prc1:0 prc0:0 per:3 asp:i vox:a mod:s gen:f num:s stt:na cas:na enc0:0
_0.932187 diac:tawaq~afa lex:tawag~af_1 bw:+tawaqg~af/PV+a/PVSUFF_SUBJ:3MS

gloss:stop;halt;depend_on pos:verb prc3:0 prc2:0 prc1:0 prc0:0 per:3 asp:p vox:a mod:i gen:m num:s stt:na cas:na enc0:0
_0.875109 diac:tuwaifa lex:>awoqaf_1 bw:tu/IV2MS+wqif/IV+a/IVSUFF_MOOD:S

gloss:detain;make_stand pos:verb prc3:0 prc2:0 prc1:0 prc0:0 per:2 asp:i vox:a mod:s gen:m num:s stt:na cas:na enc0:0
_0.733784 diac:tawaq~ufi lex:tawaq~uf_1 bw:+tawaq~uf/NOUN+i/CASE_DEF_GEN

gloss:stop;halt pos:noun pre3:0 prc2:0 pre1:0 prc0:0 per:na asp:na vox:na mod:na gen:m num:s stt:c cas:g enc0:0

;3WORD limgrb

;;SVM_PREDICTIONS: limgrb asp:na cas:g enc0:0 gen:m mod:na num:s per:na pos:noun_prop prc0:Al_det
prc1:li_prep prc2:0 pre3:0 stt:d vox:na

*1.000083 diac:lilmagoribi lex:magorib_1 bw:li/PREP+AI/DET+magorib/NOUN_PROP+i/CASE_DEF_GEN

gloss:Morocco pos:noun_prop prc3:0 prc2:0 prci:li_prep prc0:Al_det per:na asp:na vox:na mod:na gen:m num:s stt:d cas:g
enc0:0

_0.965421 diac:liimagoribi lex:magorib_2 bw:li/PREP+AlI/DET+magorib/NOUN+i/CASE_DEF_GEN

gloss:sunset pos:noun prc3:0 prc2:0 prci:li_prep prc0:Al_det per:na asp:na vox:na mod:na gen:m num:s stt:d cas:g enc0:0
_0.910288 diac:limugar~abi lex:mugar~ab_1 bw:li/PREP+Al/DET+mugar~ab/ADJ+/CASE_DEF_GEN

gloss:exiled pos:adj prc3:0 prc2:0 prci:li_prep prc0:Al_det per:na asp:na vox:na mod:na gen:m num:s stt:d cas:g enc0:0

53

(Habash, 2007)

TOKAN

* A generalized tokenizer

» Assumes disambiguated morphological analysis
— ala MADA

» Declarative specification of tokenization scheme

wsyktbhA=[katab_1 pos:verb prc2:wa_conj prcl:sa_fut prc0:0 per:3
asp:i vox:a mod:i gen:m num:s stt:na cas:na enc0:3fs_dobj]

Example Scheme |[Specification
w+ syktbhA D1 w+ f+ REST
w+ S+ yktbhA D2 w+ f+ b+ k+ [+ s+ REST
w+ s+ yktb +hA  |D3 w+ f+ b+ k+ [+ s+ Al+ REST +P: +O:
w+ syktb +hA B w+ f+ b+ k+ [+ REST +P: +O:
w+ s+ ktb/VBZ EN w+ f+ b+ k+ I+ s+ Al+ LEXEME + BIESPOS +S:
S:3MS +hA
* Uses the ALMOR morphological generator (Habash 2004) 54

27



Introduction
Arabic Orthography

Arabic Morphology

— Arabic Morphology sketch
— Morphological Ambiguity
— MT Tokenization

— OOV Reduction

Arabic Syntax

Arabic Dialects

Arabic, English and MT

Arabic |English

Orthographic ambiguity More |Less

Orthographic inconsistency More |Less

Morphological inflections More |Less

Morpho-syntactic complexity |[More |Less

Word order freedom More |Less

* We consider next results from Arabic-to-English (Habash&Sadat, 2006)
and English-to-Arabic SMT (El Kholy& Habash, 2012)
* We focus on preprocessing/postprocessing
* schemes & techniques
* (de)normalization & (de)tokenization

28



(Habash&Sadat, 2006)

Preprocessing Schemes

« ST Simple Tokenization

« D1 Decliticize CONJ+

« D2 Decliticize CONJ+, PART+

« D3 Decliticize all clitics

« BW Morphological stem and affixes

« EN D3, Lemmatize, English-like POS tags, Subj
Input: wsyktbhA? ‘and he will write it?’

ST wsyktbhA ?

D1 w+ syktbhA ?

D2 w+ s+ yktbhA ?

D3 w+ s+ yktb +hA ?

BW w+ s+ y+ ktb +hA ?

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

Preprocessing Schemes

« ST Simple Tokenization

« D1 Decliticize CONJ+

+ D2 Decliticize CONJ+, PART+

+ D3 Decliticize all clitics

« BW Morphological stem and affixes

« EN D3, Lemmatize, English-like POS tags, Subj
« ON Orthographic Normalization

« WA wa+ decliticization

- 1B Arabic Treebank

e L1 Lemmatize, Arabic POS tags

e L2 Lemmatize, English-like POS tags
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Preprocessing Schemes

» OOVs and Perplexity
— MT04,1353 sentences, 36000 words

1400

1200 ,71»-

1000 1 x\_—
800 | ]
\ ——= oovs
— = perplexity
600 + — —
400 +H +— -
200 + — - —
o : : . . . . . .
ST ON WA D1 L2 D2 L1 TB D3 EN BW

Preprocessing Schemes

» Scheme Accuracy
— Measured against Penn Arabic Treebank

100

98 -

96 -

94 |

92 ||

90 T T T T
ST ON WA D1 D2 T D3 MR L1 L2 EN




Preprocessing Techniques

« REGEX: Regular Expressions

« BAMA: Buckwalter Arabic Morphological
Analyzer (suckwatter 2002; 2004)
— Pick first analysis
— Use TOKAN (Habash, 2007)

« MADA: Morphological Analysis and
Disambiguation for ArabiC (HabashaRambow, 2005)
— Multiple SVM classifiers + combiner
— Selects BAMA analysis
— Use TOKAN

Experiments

Portage Phrase-based MT (sadat et al., 2005)

Training Data: parallel 5 Million words only

— All in News genre; Learning curve: 1%, 10% and 100%
Language Modeling: 250 Million words
Development Tuning Data: MT03 Eval Set

Test Data MT04

— Mixed genre: news, speeches, editorials

Each experiment

— Select a preprocessing scheme

— Select a preprocessing technique
— Some combinations do not exist, e.g., REGEX and EN
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45
40 -

MTO04 Results

Training

0
ST BW D D3 EN:
MADA— ~5BAMA— ~, REGEX---

MTO04 Genre Variation
Best Schemes + Technique
EN+MADA @ 1%, D2+MADA @ 100%
45 20/,
40 - 2
35
30 A
C0
— 25 -

JL
C 20 -
15

10

1% News 1% NoNews 100% News 100% NoNews

O Baseline (ST) m MADA
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Lessons Learned

» For large amounts of training data, splitting off
conjunctions and particles performs best
» For small amount of training data, following an English-
like tokenization performs best
+ Suitable choice of preprocessing scheme and technique
yields an important increase in BLEU score if
— there is little training data
— there is a change in genre between training and test
+ Using MADA+TOKAN provides a framework no more.
» Differences in MT approach, data genre and size require
the developers to study the behavior under different
settings.

— For Phrase-based MT, D2/ATB does best; Other approaches do
better with D3

Arabic-to-English VS English-to-Arabic

* Arabic-to-English SMT
— Tokenization and normalization help
(Lee, 2004; Habash & Sadat, 2006; Zolimann 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

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

» We compare several detokenization techniques on

D3 tokenization scheme (most verbose)
Enriched (ENR): Proper Arabic form

Reduced (RED): Reductively normalized form
Results in Sentence-level Error Rate (SER) (%)

L Input & Output form
Detokenization ENR RED
Simple (S) 38.36 35.53
Rule Based (R) 1.41 3.03
Table Based (T) 1.37 1.54
(T) + back off to (R) 0.79 0.95
(T) + Language Model (LM) 1.2 1.29
(T) + (LM) + back off to (R) 0.62 0.71

Lesson: Use (T+LM+R) technique for detokenization

Denormalization

— We compare two techniques for denormalization
+ Use MADA (Habash & Rambow, 2005)
» Jointly detokenize and denormalize (Joint-Detok-ENR)

— Mapping RED tokenized form to ENR untokenized form
* Results in Sentence-level Error Rate (SER) (%)

Denormalization

Detokenization
MADA-ENR Joint-DeTok-ENR

T+LM+R 7.39 5.89

Lesson: Use Joint-DeTok-ENR technique for denormalization
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Machine Translation Experiments
End-to-End

« Compare various tokenization and normalization conditions
* Moses Phrase-based MT (Koehn et al., 2008)

» Using our optimal detokenization settings (T+LM+R) and
(Joint-DeTok-ENR)

 BLEU scores

Train Data (4M) ENR RED

Output ENR ENR

DO 24.63 24.66
D1 25.92 26.06
D2 26.41 26.06
B 26.46 26.73
S2 25.71 26.11
D3 25.68 25.03

Lesson: Best System is trained on RED text and TB tokenization Scheme

Improving & Scaling Up

Data Bleu
+ Use MADA 3.0
— Higher accuracy D0-4m 26.00
» Scaling up by 15 times
« Still can see improvement TB-4m 27.25
over baseline D0-60m 31.30
« TB-filtering shows that 25%
of the difference between  |TB-60m 32.24
D0 and TB is due to biased -
filtering DO GQm 30.98
(TB-filtered)

Lesson: use latest version of MADA

Lesson: Tokenization helps even with larger data sets
Lesson: beware of interactions between different SMT
components and tokenization choices
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Introduction
Arabic Orthography

Arabic Morphology

— Arabic Morphology sketch
— Morphological Ambiguity
— MT Tokenization

— OOV Reduction

Arabic Syntax

Arabic Dialects 7

(Habash, 2008)

REMOOQV

Out-Of-Vocabulary (OQV)
— 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
MTO03 MT 04 MT 05 MTO03 MT 04 MT 05
Token OOV 2.5% 3.2% 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, ltalian,
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% SSea cailada (adiy)
Noun/Adjective 41% i pda iy B
Verb 19% U o Qi
Spelling Error 13% Orfio ot cQlmisly ¢ aladl

OOQV Reduction Technigques

» 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: L sl bAstwris OOV
— Use transliteration software to produce possible translations
» Pasteur, Pastor, Pastory, Bostrom, etc.
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REMOOQOV 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 habash@ccls.columbia.edu

Morphology Expansion

* Model target-irrelevant source morphological variations
— Cluster Arabic translations of English words
* book € (LS sl lis)
o Write € (... OfSaw OiS) (58S S iSS (1iS)
— Learn mappings of morphological features for
words sharing lexemes in the same cluster
» [POS:V +S:3MS] == [POS:V +S:3FS]
* [POS:N Al+ +PL] == [POS:N +PL]
* [POS:N +DU] == [POS:N +PL]
* Map OOV word to INV word using a morphology rule:
o Ufeleall > [POS:N Al+ +DU] == [POS:N +PL] > clelea
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Spelling Expansion

» Relate an OOV word to an INV word through:
— Letter deletion s > uhul
— Letter Insertion (sibaald > (ihuls
— Letter inversion (sihuld > (ihuls
— Letter substitution ~ (ulauli > Lkl

— Substitution in Arabic was limited to 90 cases (as
opposed to 1260)
» Shape alternations , <>
» Phonological alternations 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

G D> MTNP - Al-Mutannabi Al-Mutanabi
" Pasteur Pastor Pastory
L

i PSTR > Pasturk Bistrot Bostrom
BEBPIEN
008 > XFRTSNKR - Schwarzenegger
BESBPIEM

i > KTE > Qadhafi Gadafi Gaddafi Kadafi

Ghaddafi Qaddafi Katif Qatif
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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
Osaasall D e o o o
=> musician =» musician musicians
-> mistaken =» mistaken
wgl . n 9 . I .
= atfault =» atfault at faults
aluala > sl > sit —> sit sits sat sitting

REMOOQV Evaluation

) Mef:ul\r? Se(’; BLEU Scores
- 4, woras

MT03 | MT04 | MTO5
— Average token OOV is 2.9% BASELINE 44.20 | 40.60 | 42.86
* All techniques improve on TRANSEX 4483 | 4090 | 4325
baseline MORPHEX 4479 | 41.18 | 43.37
DICTEX 4488 | 4124 | 4346
— TransEx < MorphEx < DictEx < [gperiex w509 | 2111 | 4347
SpellEx MORPHEX+DICTEX 45.00 | 41.38 | 4354
» Combinations improve on SPELLEX+dMORPHEX | 45.28 | 41.40 | 43.64
combined techniques SPELLEX+TRANSEX | 4543 | 41.24 | 43.75
. . o DICTEX+TRANSEX 4530 | 41.43 | 43.72
— Least |mpr'\c/JIV|nghEom§!ntellztlon (on o 2560 | 2156 | 2395
average)' Orp X+ 'IC lX Absolute improvement 1.4 0.96 1.09
— Most improving combination (on Relative improvement 3.17| 236| 254

average): DictEx+TransEx
» Combining all improves most
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REMOOQV Evaluation

» Learning Curve Evaluation

MT04 BLEU Scores

1% | 10% | 100% | 1000%
— Different techniques Baseline 13.40 | 31.07 | 40.60 | 42.06
do better under different TransEX 13.80 | 31.78 | 40.90 | 42.10
SIZG COﬂdItIOﬂS SpellEX 14.02 | 31.85 | 41.11 | 4225
. . MorphEX 15.06 | 32.29 | 41.18 | 42.16
— Even with 10 times data, DiotEx 2009 | 33.56 | 4120 | 42.14
ooV handling techniques ALL 18.17 | 33.41 | 41.56 | 42.29
still he|p Best Absolute | 6.69 | 2.49 | 0.96 | 0.23
. Best Relative | 49.93 | 8.01 2.36 0.55
» Error Analysis
— Hardest cases are Names T o Ty
— 60% of time, ooV Good | 26 (40%) | 41 (73%) | 17 (85%) | 60%
handling is acceptable Bad | 39 (60%) | 15(27%) | 3(15%) | 40%
46% 40% 14% | 100%
OOV Handling Examples
Foreign name
— Before: ... and president of ecuador Iwt$yw 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 ...
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Introduction
Arabic Orthography
Arabic Morphology

Arabic Syntax
— Arabic Syntax Sketch
— Verb-Subject Reordering

Arabic Dialects

Sentence Structure

» Verbal sentences

— Verb agreement with gender only
* Default singular number
o YN IS wrotegy,g.sing the-boy/the-boys
o cld\eall S wrotese, gy the-girl/the-girls
— Pronominal subjects are conjugated (pro-dropped)
* S Wrote-yoUyascsing
* A4S wrote-yoUyascpiu
¢ 153 wrote-theyyascpiur
— Common structural ambiguity

* Verb3MascSinguIar NounMasc

Verb subject=he object=Noun || Verb subject=Noun
84
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Sentence Structure

» Copular sentences
— [Topic Complement]

Definite Topic, Indefinite Complement
o eldalgll
the-boy poet
The boy is a poet
— [Auxiliary Topic Complement]
Auxiliaries (kana and her sisters)
» Tense, Negation, Transformation, Persistence
o el o€ was the-boy poet The boy was a poet
o el ol is-not the-boy poet The boy is not a poet
— Inverted order is expected in certain cases
* Indefinite topic
S sxie ffindi kitabun/ at-me a-book | have a book

85
Sentence Structure
» Copular sentences
— Types of complements
» Noun/Adjective/Adverb
— Sdalgl the-boy smart The boy is smart
* Prepositional Phrase
— 4gsd) 4 Al the-boy in the-library The boy is in the library
» Copular-Sentence
— oS4l [the-boy [book-his big]] The boy, his book is big
» Verb-Sentence << complex sentences
— Y S AY Y
[the-boys [wrotes gyaserir the-poems]] The boys wrote the poems
— Full agreement in this order (SVO)
— Y LS sy
[the-poems [wrotes guascsingthem the boys]] The poems, the boys wrote
86
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Phrase Structure

Noun Phrase

— Determiner Noun Adjective PostModifier
o LU e paldll - galall (ST 12a
this the-writer the-ambitious the-arriving from Japan
This ambitious writer from Japan
— Noun-Adjective agreement
* number, gender, definiteness
— A salall 248N the-Writerreyging the-ambitiousgemsing
— Sla gahall LA the-writergempy, the-ambitiousgsmprr
» Exception: Plural non-persons
— definiteness agreement; feminine singular default
— vl i&dl the-officeyasesing the-NEWyasesing
— syl A the-libraryeemging the-NeWeemging
— syl SV the-officeSyascapir the-NEWeemsing
— syl S the-librariesgempy, the-NeWeensing

87

Phrase Structure

Noun Phrase

— |dafa construction (diL=l)
* Noun1 of Noun2 encoded structurally
* Noun1-indefinite Noun2-definite
o O el
king Jordan
the king of Jordan / Jordan’s king
— Noun1 becomes definite
» Agrees with definite adjectives
— ldafa chains
y N1indef N2indef N’Hindef Nndef
o AS, 5l Gudaa Gyl ae Gl

son uncle neighbor chief committee management the-

company
The cousin of the CEQO’s neighbor

88
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Computational Resources

Multiple Treebanks

— PATB : Penn Arabic Treebank (Maamouri et al., 2004)

— PADT : Prague Arabic Dependency Treebank (Smrz et al., 2008)
— CATIB : Columbia Arabic Treebank (Habash & Roth, 2009)

— Quran Corpus: Quranic Arabic Treebank (Dukes et al., 2010)
Parser for Arabic

— Bikel’s parser (Bikel, 2003)

Nivre’s MALT parser (Nivre et al., 2006)

Stanford parser (Green & Manning, 2010)

Easy First parser (Goldberg & Elhadad, 2010)

Morphological features for Arabic parsing (Marton et al.,
2010,2011)

+ AMIRA Base-phrase Chunking
— (Diab et al, 2004; Diab et al. 2007)

Introduction
Arabic Orthography
Arabic Morphology

Arabic Syntax
— Arabic Syntax Sketch
— Verb-Subject Reordering

Arabic Dialects

90
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Why are Arabic verb subjects
hard to translate into English?

(v N
Jni_\_\?

Arabic verb-subjects might
be

= VS post-verbal

= SV pre-verbal

MOD » NS pro-drop

| Verbs agree with subject

1 = in person, number and

| gender in SV order

= in number and gender only
in VS order

tHm! AlmerwDAt Alfnyfi| A

Kthc artistic pieces Cay the pe

(Carpuat et al, 2012)

How should we handle Arabic VS
in phrase-based SMT?

» Phase-based SMT
— state-of-the-art results in Arabic-English benchmarks
— but not well suited to integrating syntax

» Previous attempts at explicitly modeling Arabic
VS were not conclusive

— Pre-reordering improves AER, but not BLEU
(Habash, 2007)

— Using VS subject boundaries in decoding slightly
hurts BLEU (Green et al., 2010)
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How are Arabic Verb Subijects
reordered in gold translations?

We study gold reorderings in

. . Constr Gold All Non
the ArabIC-Eng“Sh . uction Reorder verbs | Matrix | Matrix
parallel treebank using % % %

» Gold Arabic parses SV monotone 98.2 98.4 98.0
+ Manual word alignments ,
SV inverted 0.5 0 0.7
Findings: SV overlap 1.3 1.6 1.3
* Almost all SV are SV total 100 100 100
translated
monotonically VS monotone 27.3| 136| 408
* 27% of VS too, VS inverted 64.7 81.4 481
surprisingly! Vs overlap 8.0 50| 11.1
. Ma!trlx VS are inverted VS total 100 100 100
twice as much as non-
matrix.
How well does our parser
detect Arabic Verb Subjects?
State-of-the-art Arabic Construction | All Matrix | Non-
dependency parser Matrix
. All 74.11 66.50 | 75.48
MaI.tParser v1.3 (Nivre, 2098) (VS+SV-null)
» Trained on the Penn A.rab|c VS 6281 6525 | 5769
Treebank 3 (Maamouri et al.,
2004) converted to CATIB Sv 71.68 64.57 | 72.44
format (Habash & Roth, Vnull 83.45 69.41 | 84.27
2009) using an extended tag subjects
set (Marton et al. 2010) F-scores

Evaluation

Combined detection of verb

constructions and their
subjects

Why are VS harder to identify?

» VS subject’s end boundary
« Verb the subject belongs to
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Reordering Arabic VS for alignment

£ NN

AlmsrwDAt Alfnyh t  tHml  AlmyzAt AlSxSyh I+  AlfnAnyn

VSWerb VS VS Verb />< /]

the artistic pieces  carry the personal characteristics  of  the artists

Reordering VS for alignment improves
both BLEU and TER on two SMT systems

Evaluation on a large test set: System BLEU TER
4432 sentences: r4n4 (%) (%)
MT03+MT04+MT05+ MT08-nw+MT08-wb Medium 44.35 48.34
baseline
Two systems: +VS 4465 | 4778
+ using Standard Moses SMT reordering (+0.30) (-0.56)
system, incl. GIZA++ Matrix VS | 44.96 47.52
* medium-scale bitext (12M reordering (+0.61) (-0.82)
Arabic words) . 5145 4045
. . arge . .
+ large-scale bitext (64M Arabic baseslgine
words) +VS 51.70 42.21
reordering (+0.25) (-0.24)
+Matrix VS 51.80 42.11
reordering (+0.35) (-0.34)
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Lessons Learned

» Reordering patterns of Arabic VS are more ambiguous
than expected

— Only 64.7% of Arabic VS are inverted when translated into
English; 81.4% of matrix VS

+ Automatic detection of Arabic VS is noisy even with our
state-of-the-art parser
— 62.8% F-score for VS detection; 65.25 % F-score for matrix VS
» Even in these conditions, we can improve Arabic-
English SMT by reordering Arabic VS for alignment only

— Stat. sig. gains in BLEU and TER on medium and large scale baselines

Introduction

Arabic Orthography
Arabic Morphology
Arabic Syntax

Arabic Dialects
— Dialectal Issues
— Dialect Resources
— Dialect MT

98
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General Definitions

- Official language: Modern Standard Arabic (MSA)
> No one’s native language
« What is a ‘dialect’? - T
— Political and Religious factors=- s
» Regional Dialects - e
—— Egyptian Arabic (EGY) maae -
— Levantine Arabic (LEV) . n
— Gulf Arabic (GLF) = "o A a0
— North African Arabic(N©OR) = .~ . = = |
— Iraqi, Yemenite, Sudanese, Maltese? =~~~ =
« Social dialects . o
— City, Rural, Bedouin
— Gender, Religious variants

Arabic Diglossia

Formal Informal

Typical '
MSA YpP Telenovela Arabic

MSA MSA L2
Formal Tvbical
Dialect| Spoken yP
) Dialect
Arabic
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Phonological Variations

e Major variants

MSA Dialects

1/ |lal, Ik1, 121, Igl, I/

G

-

10/ 110/, It/, Is/

S8 181,141, 12/

e | /dg/ |/dg/, /gl

¢ Some of many limited variants
e /I/ >/n/ MSA: /burtugal/ - LEV: /burt?an/ ‘orange’
e /) > /h/ MSA: /katk/ - EGY: /kahk/ ‘cookie’
¢ Emphasis add/delete: MSA: /fustan/ - LEV: /fustan/ ‘dress’ 101

Non-Standard Letters used in
Dialect Areas

IRQ LEV EGY TUN | MOR
I/ | & d d d d
gl | S d d & d
Itfl z il Al i Al
Ip/ < < < < a
/v/ s 8 8 - e

e Historical variants: MSA ( <3, (3) = MOR (<, 9)




Spelling Inconsistency

023y oe W (B B Gl Lladl g
7303 (oo Gedl! Uy des =2bs gb..-; sl
oo e o JBy L Jsll 2 de G5 B
Gy Gk g SIGA) B Gl (35) ke
S sl @l oy gzl gl e

by e ple OB ILLIO, J Wl ety

pazs @l ey @3 e &G

O Gy skl ) Jasy . grres (r")ii e
ke elay 531 G Lslly 341 e S R
(36 ezl 05 L0 G0 1) B o2

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

Lexical Variation

 Arabic Dialects vary widely lexically

English Table Cat of Iwant | Thereis | There isn’t
MSA Tawila qiTTa idafa | ‘uridu | ydjadu 1a yujadu
sl ada %] ) RENpY RENPYRY
Moroccan mida geTTa dyal byt kayn ma kayns
e adad Jde ) s Sl L
Egyptian | Tarabéza ‘oTTa bitdg | cawez fl mafis
8ok ki gl Jsle & da
Syrian Tawle bisse tabag | biddi fl ma fi
Al ks Aey & @ & Gl
Iraqi meéz bazzina | mal ‘arid aku maku
e EATBY J )l S Sk

« Arabic script allows for consolidation of some variations
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Lexical Variation

o ala EGY:reproduce — GLF: give condolences
¢ 5sSa EGY:press iron — GLF:buttocks

o Ay EGY kettle - LEV:fridge

o e EGY:prostitute - LEV:woman

¢ ik EGY/LEV:okay — MOR:not

o by EGY/LEV:make happy — IRQ:beat up
o il EGY/LEV:health — MOR:hell fire

o ol LEV:start — SUD:end

Morphological Variation

* Nouns
— No case marking
» Word order implications
— Paradigm reduction
+ Consolidating masculine & feminine plural

* Verbs

— Paradigm reduction
* Loss of dual forms
« Consolidating masculine & feminine plural (24,3 person)
 Loss of morphological moods
» Other aspects increase in complexity
— e.g. additional clitics
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Morphological Variation
Verb Morphology

(see)elon)

MSA
Al i<s ol
walam taktublha lahu

wa+lam taktubdl+ha la+hu
and+not_past write_you-+it for+him

EGY
sl siisla
wimakatabtuhaldf

wi+ma+katab+tu+ha+l0+/
and+not+wrote+you-+it+for_him+not

And you didn’t write it for him

107

Morphological Variation

Perfect Imperfect

Past Subjunctive | Present Present Future

habitual progressive
MSA /kataba/ /yaktuba/ /yaktubu/ /sayaktubu/
LEV /katab/ lyiktob/ /byoktob/ /fam byoktob/ /hayiktob/
EaY /katab/ lyiktib/ /byiktib/ /hayiktib/
LS [ i TS,

Ra /kitab/ lyiktib/ /dayiktib/ /rah yiktib/
MOR /kteb/ /yekteb/ /kyekteb/ /sayekteb/
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Dialect Switching

MSA

MSA and Dialect mixing in speech ‘ MSA-LIKE LEV | LEV

» phonology, morphology and syntax

51 ad) Gl il sl ) a3 gl s U 2005 sl | s ey ae ) Alee 45Y ey L U Y
a5 ) sl Akl jiana s ph0 8 (Sl o i Ul (gl )Y (e e g sain s dis g snse Ul
o R Py K RY VU S Y F A g W W R R
08 (S pnd i dgall D) ¢ gumse o Al an gy (53 G i s sall M 3y i Gl (8 ARals
iy aldai Gad Cailall any ge L 8 aldaill sy ol Gl 8 QL) Ja (8] agadl ol )
s 255 1 i ae R il S50 s 5 i A ST 3 Ul o Akl T
LY g pn g (b (ot Jlans Lai £ g sl 138 Calic Ul (ppme cirmie g8 U puse i 8
Oty e stlae e Lai) duila ) 58 sl Qe 1505 b enm daTln il g 2l Wl
Al Ll (o, il L) 505 Le (a3 s ke Y Aol AL (a5 01555 50 Ay e
(S ALaLsl b gl 3 gen paidgle pua 58 Log Tl oo Lo Jll agle aaSlall sl ile 4 il agle
7Ll 13 ol cpin il 3 (gl sl e il 8y S ey Al 6 O
Ispfia M g o yile 5o n yla (o3e f gainse (S anssll Qlad L) an Undll ooty = 5 5 el o 5y
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Aljazeera Transcript http://www.aljazeera.net/programs/op_direction/articles/2004/7/7-23-1.htm

Arabic Dialect Computational Challenges

» General Arabic Challenges
— Morphologically complex language
+ Rich inflections + clitics
— Ambiguity due to omitted diacritics
+ Dialect-Specific Challenges
— No standard orthographies
— Sparse resources (even unannotated corpora)

— Limited number of morphological analysis and
disambiguation tools compared to MSA

— Substantial Dialect-MSA differences impede direct
application of MSA NLP tools
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Dialect Resources

Lots of resources for Automatic Speech Recognition
— Speech/transcript corpora (from LDC, ELDA, Appen)

BOLT: Broad Operational Language Translation
(DARPA)

— Egyptian Arabic-to-English MT

— Supporting the creation of dialect tools and annotations

+ Linguistic Data Consortium
+ Columbia Arabic Dialect Modeling (CADIM) group

COLABA: Cross-lingual Arabic Blog Alerts
NADIA: NLP tools for Arabic Dialects
(TSWG: Technical Support Working Group)
— Supporting the creation of dialect tools and annotations
+ Columbia Arabic Dialect Modeling (CADIM) group
TransTac: Translation System for Tactical Use (DARPA)
— lragi <> English speech-to-speech MT
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CADIM Tools ‘\&]@

(Columbia Arabic Dialect Modeling Group)

« AIDA 1.4.1: Automatic ldentification of Dialectal Arabic

+ CALIMA 0.4.2: Columbia Arabic Language
Morphological Analyzer -- Egyptian Arabic

+ CODAFY 0.3: Automatic mapper into the Conventional
Orthography of Dialectal Arabic

+ MADA-ARZ 0.3: Morphological Analysis and
Disambiguation for Arabic -- Egyptian Arabic

« ELISSA 1.0: Dialectal Arabic to Modern Standard Arabic
Translation System

+ DIRA 2.0: Dialectal Information Retrieval Assistant

« Tharwa Dictionary: Egyptian-MSA-English machine
readable dictionary (~55K entries)

CODA:
Conventional Orthography for Dialectal Arabic

» Developed by CADIM for computational processing
» Objectives

— 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
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CODA Examples

Phenomenon Original CODA
Spelling Errors SEENY ERENY
Typos s SEEH
Speech effects ouS
Merges T 3 ol
Splits Sy aall g ymall
MSA Root Cognate dJas Lla clila KN
QS el o
Dialectal Clitic Cunlee Cullee
Guidelines Uhliadia ol W
Unique Dialect Words 2 3 69 A n
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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 (zvib et al., 2012)
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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) mm
— MADA preprocessing (ATB scheme) Baseline 37.20 38.18
Moses trained for MSA-English MT Elissa + Baseline  37.86 38.80
64 M words training data
Best system only processes MT OOVs and ADAM dialect-only words
Top-1 choice of MSA
Results in BLEU

59



Elissa 1.0: DA to MSA translation

Dialectal Arabic PETRSL I TEN S gindia ance o ol giiSiale Allallgy

Alle Jiajg &Sl
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 ad iy ol Y diadia haila e 558 o Alad) oda 8

Elissa Translation ALl ‘QJ\ =y Lﬁm 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.

Relevant Books

« Soudi, A., S. Vogel, G. Neumann and A. Farghaly, eds.
Challenges for Arabic Machine Translation. John
Benjamins. 2012.

* Habash, N. and H. Hassan, eds. Machine Translation for
Arabic. Special Issue of MT Journal. 2012.

* Habash, N. Introduction to Arabic Natural Language
Processing. Synthesis Lectures on Human Language
Technologies. Morgan & Claypool. 2010.

» Soudi, A., A. van den Bosch, and G. Neumann, eds.
Arabic Computational Morphology. Springer, 2007.
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