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ABSTRACT

The goal of this dissertation is to introduce a method foivitey morphemes from
Arabic words using stem patterns, a feature of Arabic mdgagyo The motivations are
three-fold: modeling with morphemes rather than words khbelp address the out-of-
vocabulary problem; working with stem patterns should prtw be a cross-dialectally
valid method for deriving morphemes using a small amouningfuistic knowledge; and
the stem patterns should allow for the prediction of showelsequences that are missing
from the text. The out-of-vocabulary problem is acute in MiodStandard Arabic due
to its rich morphology, including a large inventory of inflemal affixes and clitics that
combine in many ways to increase the rate of vocabulary ¢rowhe problem of creating
tools that work across dialects is challenging due to theynd#ferences between regional
dialects and formal Arabic, and because of the lack of tesbueces on which to train
natural language processing (NLP) tools. The short vowelde missing from standard
orthography, provide information that is crucial to botlastic modeling and grammatical
inference, and therefore must be inserted into the textaio the most predictive NLP
models. While other morpheme derivation methods exist thdtess one or two of the
above challenges, none addresses all three with a singigosol

The stem pattern derivation method is tested in the tasktohaatic speech recognition
(ASR), and compared to three other morpheme derivation rdstas well as word-based
language models. We find that the utility of morphemes indasing word accuracy scores



on the ASR task is highly dependent on the ASR system’s glbdiaccommodate the mor-
phemes in the acoustic and pronunciation models. In exgatsrinvolving both Modern
Standard Arabic and Levantine Conversational Arabic da&fimd that knowledge-light
methods of morpheme derivation may work as well as knowledidemethods. We also
find that morpheme derivation methods that result in a singbgpheme hypothesis per
word result in stronger models than those that spread pildigabass across several hy-
potheses per word, however, the multi-hypothesis modelleastrengthened by applying
informed weights to the predicted morpheme sequenceshérunbre, we exploit the flex-
ibility of Finite State Machines, with which the stem patteterivation method is imple-
mented, to predict short vowels. The result is a compretiergsiploration not only of the
stem pattern derivation method, but of the use of morphemasabic language modeling

for automatic speech recognition.
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CHAPTER 1: INTRODUCTION

The combination of language and computer science comethtaga the field of nat-
ural language processing (NLP). The research performed.ih 8itempts to get comput-
ers to produce, understand, or otherwise usefully pro¢essnany languages spoken by
people. In many cases, the research focuses on building l@meabat performs some lan-
guage task as well as humans can, regardless of whethen#rennrkings of the machine
or software mimics human behavior. The behavior, for instammight be transcribing
speech: producing in text form the words encoded in a spagnohls In this dissertation,
the goal is to produce a system that takes in an audio sigmaistong of Arabic speech,
and produce for the user a text representing the words cattan that signal. The Arabic
language is chosen because of the unique linguistic clygieit poses to the speech tran-
scription problem. The challenges are at the levels of thguage’s morphology, the way
its use differs in casual and formal situations, and theigpebaracteristics of its texts. It
is these linguistic elements along with societal needshhe¢ spurred on recent research
into Arabic automatic speech recognition.

The conversion of speech to text in automatic speech rettogrpresents a series of
linguistic and computational challenges in any languagené&of these relate to language
modeling: studying large amounts of text to learn aboutegpast of words in a language.
Word patterns in English reveal certain agreement priesigdbr instance, the sequence ‘we
have’ is much more common than ‘we has’. In German, a langosaage! will reveal that
verbs often come at the end of a sentence. These kinds ofajigations about a language

1



are helpful in natural language processing tasks such asnatit speech recognition. In
each language for which NLP tools are built, new challengessaln Modern Standard
Arabic and the regional dialects of Arabic, for examplegthlanguage-specific challenges

arise:

1. The morphological properties of Arabic make it so thateh&re many more word
forms related to each semantically coherent word than isdake for English. Look-
ing at a written text, a word form is defined as a sequence tdrietelimited by
whitespace. For the purpose of a semantic inquiry, someistgymay consider the
terms ‘fact’ and ‘facts’ to be essentially the samerd, but they are differentvord
forms Unless the way in which distinct word forms are grouped mtare abstract
words is made explicit, an algorithm that counts words inxa well actually count
word forms. Without grouping the word forms in some way, itificult to collect
reliable statistics across Arabic word sequences. Two Viards that are semanti-
cally similar and have similar contextual distributiondllwe counted separately, and
their contexts counted separately. Eaard formwill occur less often than the more
abstractwvord to which it is related.

2. The regional dialects of Arabic differ in ways that hindlee sharing of linguistic
resources. Building NLP tools usually requires some amaluntitien text. Because
most of these languages are primarily spoken and not writtequiring resources
for NLP tools is difficult. Researchers would therefore findseful to incorporate
available texts from one dialect into NLP tools for anothedett, but differences
between the dialects’ words, pronunciations, and gramnakenthe resulting tools

unreliable in the new dialect.



3. The orthography (written form) of Arabic lacks infornm@tiabout some vowel sounds.
In Arabic natural language processing, this is calledsthert-vowel problemin or-
der to build reliable acoustic models, the vowels are eigagn explicit symbols in
the text, or the symbols representing consonants are ntdsleonsonant+vowel
sequences. The former method produces more accurate sgeedhnition, but the
process of re-introducing short vowels into the text is guiifficult (e.g. Stolcke
[2009). The missing vowels make the text data less sparse, whibhneficial: two
word forms that differ only in their short vowels are verydii to be semantically
and contextually related, and would likely be grouped by lgoréghm designed to
form coherent classes of word forms. However, without tleergnatical information
that the short vowels encode, important information is abBem the models, that
is, the model becomes less specific. Furthermore, the acoustlel may not be
reliable in predicting the correct short vowel, due to theation and acoustic con-
fusability of the sounds. A language model that includestsimwels may be able

to correct mistakes made by the acoustic model.

The goal of this dissertation is to address all three of tiesbic language modeling
challenges by introducing a novel way of splitting wordsismaller parts. The units
used to build the language models aterphemesmeaningful parts of words, rather than
whole words. The morphemes are derived using a method aglé gjrammatical resource
that are useful across different dialects. The method optrme derivation also provides
information to address the problem of missing vowels. Tlesearch builds on recent
language modeling studies such/dsy et al. [2004, Xiang et al.[2004, and Kirchhoff

et al.[2004. The new language models are tested in a speech recogafitation.



1.1 Language Modeling for ASR

The decoding process of automatic speech recognition (A%BMes three main steps:
converting the speech signal to a sequence of hypothestz@iemes using an acoustic
model, converting those phoneme sequences into hypo#tkegiard sequences using a
pronunciation model, and determining from the resultirsg &if phrases which one was
intended, using a language model. For instance, using thesic model and pronunciation
model, a speech recognizer may give a series of possiblesghia@s solutions to some

segment of speech:

1. me pauls in this kitty
2. meet buzz instant getty

3. meatballs and spaghetti

A language model could then be used to choose the most likehese intermediate
outcomes. A language model is a table of statistics aboutvmorsls co-occur in the lan-
guage. Those statistics are used to give a score to eachitipssthe third solution above
would likely get the best score, because it best reflects ithaskof word sequences that
are spoken in English. The statistics of word sequencesaradd by counting groups of
words calledn-grams For every set of two, three, or four words, a record is maddef
word sequence, as well as how many times it occurs in a langris@f text. The n-grams
and their counts are assumed to comprise a probabilityilaliston, and as suchy-gram
counts are converted into probabilities. An allowance islenfor newn-grams to occur
under some circumstances. Taking these probabilitiesaicntount, the language model is

able to assign scores to new phrases in that language(and Goodmdi994).



Using a language model to choose the best phrase from a |gbssible phrases is
a task performed often in natural language processing. Windeend task of automatic
speech recognition is considered here, language modelsoaised to similar ends in
machine translation and natural language generation (€ig:hhoff and Yang[2004,

White [2004).
1.2 From Words to Morphemes

The main language modeling challenge posed by Arabic isghoon by its complex
morphology the way that words are built up from smaller parts. In Arabgin English,
most words can be broken down into morphemes. Three morgheomeprise each word:
a prefix, a stem, and a suffix. Taken together, prefixes ancessiféire calle@ffixes For
instance, in the English womnghthinkable there is a prefixun-, a stem:think, and a suffix:
-able The affixesun- and-able are used in many English words with reliable meaning.
There are two ways in which Arabic differs from English in iterphology: there are
many more affixes, which change across regional dialectstrestem morphemes have
an additional internal structure.

The number of different affixes in Arabic leads to a large namif word forms: the
combinations of prefix, stem, and suffix multiply as the numifeaffixes increase. Con-
sequently, there are a larger number of word forms. In an idrxt, a reader is likely
to come across many more unique word forms than in a text ofanee length in En-
glish. Statistics of word sequences are less accurate vapaiition of words and word
sequences is less common. There are fewer examples of eadHomm, therefore fewer
contexts from which to learn about it. A reader is also mdkelyi, in new text, to come

across a word form that was previously unseenoiieof-vocabulary problemCompared



to whole words, individual morphemes tend to repeat mormguieatly and have less vari-
ation. Therefore, for learning statistics over pieces ef tixt, it is sometimes useful to
break the text into morpheme-sized chunks rather than wiaeti chunks. Building lan-
guage models over morpheme sequences has been shown toffextweavay to reduce
the out-of-vocabulary problem, including in Arabic (e\g:rgyri et al.[2004). While some
other works show that modeling over morphemes is not negegsaArabic (e.g.Creuiz
et al.[2007), it remains an active area of research in the Arabic NLP roomity. In
particular, tools that perform morphological decompaositin dialects other than Modern
Standard Arabic are of interesbigb and Habas[2007).

While the use of morphemes in language model building is somesteffective, the
process of deriving morphemes from words is problematics ot always clear whether
the first or last few characters of a word represent an affix pard of the stem. This
particular problem is directly addressed in this study bglexing the inner morphology
of the stems. In Arabic, a stem can be separated into whatadlexldheroot and the
pattern English words do not have this structure; itis a specigbprty of words in Semitic
languages like Hebrew and Arabic. The root is usually a secpief three consonants and
has some abstract meaning. The pattern is a template thaesl¢ie placement of each
root letter among vowels and possibly other consonantenimaving the root and the
pattern, as in Figuré.1, results in a stem with a specific meaninga{/wood and Nahmad
[1961).

The number of patterns in Arabic is finite and relatively dnthkere are about 30 pat-
terns (if variations in short vowels are ignored). The alipon proposed in this study
searches each word for every pattern. Wherever a sequenegtet |within the word

matches a pattern, that sequence is labeled as a possilleastd any letters on either



prefix  Stem  quffix
e, . v,
AlkitabAn
7 T N\
Rootl RootZ2 Root3

Figure 1.1: The wordhlkitabAnmeaningthe two books The root letters arg, t, andb.
The pattern is Root1+i+Root2+a+Root3.

side of it as affixes. All of the possible prefix-stem-suffixrdanations for each word are

recorded and used in building the morpheme-based languadelm

1.3 Cross-Dialectal Usefulness

Sharing data about specific word forms is not very usefulszthalectally in Arabic
(Kirchhoff et al.[2004). Similar problems would arise in testing an American Estyl
speech recognizer with the English spoken in Scotland; threlsvand pronunciations are
quite different in the two dialects. Tools that rely on affix@nd stems common to Modern
Standard Arabic for processing a dialect such as Levantimeé®sational Arabic will pro-
duce many mistakes. However, the stem patterns mentioree @ve reasonably consis-
tent across dialects(valay-Haal{1997), and are defined in Arabic grammar textbooks.
As discussed above, this dissertation usesstem patternss the key to breaking down
words into morphemes. Instead of sharing specific morphateatross language types,
only the method of morpheme derivation is shared. New stemisi#iixes emerge from the

language data specific to each dialect.



1.4 Short Vowels

For most words in written Arabic, some of the sounds that poi&en do not appear as

letters. If English were written in an analogous way, secgehmight be written as in 2.

(1) Steve spoke with the librarian yesterday.

(2) Stv spok wth th librarn yestrdy.

In some words, no vowel appears, or only the most emphasiawdhappears. In other
cases, clues to pronunciation such as the Bnialspoke/spolare missing from the written
form. These phenomena occur in Arabic orthography. A flueatler of Arabic has no
trouble understanding an Arabic text lacking the vowel rmagk. Contextual clues disam-
biguate polysemous words or homophones; in the examplesab@/would guess that the
first word is ‘Steve’ and not ‘Stove’, because stoves gehedalin’t speak with librarians.
While human readers can re-insert vowels without a probleensame is not true for com-
puters. One of the challenges of training an Arabic autansgteech recognizer is to learn
how to account for the unwritten sounds.Ckwalter[20044). One solution is to take ad-
vantage of the root-and-pattern morphology discussedeabidwepatternsused to describe
the stem forms also define the short vowels that are part bétbm. Therefore, using the
same method of searching for stem forms within words, ptiatis may be drawn about
short vowels. These predictions may help to refine the mgidata and make the acoustic

models more reliable.

1.5 Method

In this study, a special structure callefirdte state machiné=SM) is used to combine

the information about stem patterns with words in order tavdemorphemes. An FSM
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Figure 1.2: The word “AlkitabAn” encoded as an FSM with eaomrmection describing
one morpheme.

is a way of organizing information as a sequence of nodesranditions. For example,
Figurel.2shows a simple FSM encoding the word “AlkitabAn” in termstsfinorphemes;
the numbered circles represent nodes, and the lines bethamrare transitions. In moving
from one node to the next, a new morpheme is found. At the ladenthe FSM has
accepted the whole word.

FSMs are used to encode words, stem patterns, morpherggams, and language
models Qllauzen et al[200]). The stem pattern FSMs and word FSMs are composed
with each other to determine what patterns are found in eact, whus efficiently search-
ing every word for every hypothetical combination of presbem-suffix. Short vowels
may be added to the stem pattern FSMs, and through the FSMositop, short-vowel
hypotheses are added to the word FSMs. Encoding the languadel statistics in an
FSM format allows for a tight integration between the morpkederivation and the lan-
guage model itself. This lends greater efficiency to the ggec FSMs have been used in
the past to study Arabic morphologygl{Sughaiyer and Al-KharasljP004, Kiraz [2004Q,
Beesley[199]). This particular use of FSMs, starting with informationly about stem
patterns, is new, and its use for a tight integration betwaerpheme derivation and lan-

guage modeling is also new.



1.6 Contribution

Using FSMs as a technological solution, this dissertatir@sses three problems in
Arabic language modeling. We attempt to address the AraltioBbvocabulary problem
by modeling over morphemes rather than words, and deriviaget morphemes using in-
formation about possible forms of the stem. This differsifrother research in compu-
tational Arabic morphology that starts by defining possibiiexes (A fify et al. [20049,
Xiang et al.[2004). By starting with the stem, the framework becomes crossedtally
viable, because stepatternsare shared across dialects, even though particular affnces a
stems may not be shared. Furthermore, by focusing on the dbthre stem, the oppor-
tunity arises to address the problem of short vowels. Thguage models may be useful
in tasks including speech recognition, but also machinestaéion and natural language
generation, and extending language technologies to mahgct of Arabic. This work
will also discuss the challenges inherent in the interastivetween acoustic modeling and
morpheme-based language modeling, which can countermagirdposed benefits of the
morphemes. We will find that, despite sound theoretical gdawork, the effort made in
deriving morphemes may not be worthwhile, given other patans of the complex sys-

tems created for the speech recognition task.

1.7 Structure of the Dissertation

The first part of the dissertation addresses Modern Stariaidic morphology and
computational approaches that account for its regulardigd idiosyncrasies in language
modeling for ASR. Chapte2 gives a discussion of the relevant parts of Arabic morphol-
ogy, both inflectional and derivational. Chapgincludes a review of previous literature

concerning the use of sub-word units in ASR. Chaptdescribes in detail the FSM-based
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morpheme derivation and experimental language model, sageeveral baseline mod-
els. Chapte# also includes coverage and perplexity evaluations of tleegpiage models.
Chapterb describes the process of building acoustic models for thdévioStandard Ara-
bic ASR experiments, and describes the results of usingtperenental and baseline
language models for decoding.

The second part of the dissertation focuses on the problafivefse Arabic dialects.
Chapter6 gives a more comprehensive view of the issues, and Chégiiges a review of
ASR literature addressing the problem. This is followed Isedes of experiments com-
paring the novel language model to others as they relaterforpgng ASR in Levantine
Conversational Arabic in Chaptér

Finally, the third part of the dissertation addresses tloetslowel problem. A review
of previous attempts to solve this problem is given in Chaptdollowed by the solution
given by the experimental language model in Chapter

A discussion and conclusion are given in Chafter

11



CHAPTER 2: ARABIC MORPHOLOGY

The word-to-morpheme derivation proposed and evaluatdflisndissertation takes
into account both derivational and inflectional aspects i@bdc morphology. This chap-
ter discusses how this morphology works to create verbs andsnby combining root
morphemes with pattern and vocalism morphemes. Arabic habogy and grammar are
complex; many aspects, especially as regards irregularsfowill be left out of this dis-
cussion, as they are not accounted for in the computatioaaldwork. The explanation
below is intended to help the reader better understand tivatlen of sub-word units for
use in language modeling described in ChagteFhis discussion uses as its resources the
Hans Wehr dictionary\{/ehr[1994) and a grammar textbook of modern written Arabic

(Haywood and Nahmad.963).
2.1 Derivational Morphology: Roots, Patterns, and Vocalisms

An example letter sequence useful for illustrating the rhotpgical processes is
s/ /fhr/t. This sequence israot: a series of three, or sometimes four, letters (radicals)
that signifies some broad set of concepts. The set of conegptessed by words of a given
root may be related, but may also vary widely. A root alonedasanfully-formed word;
it has no part of speech, and is usually highly ambiguoussimganing. In the theory of
McCarthy[198]] and others, a root is a morpheme. In order to become a woedoibt

1Al Arabic examples will be written first in the Arabic scripiollowed by a transliteration into 1PA.
In this chapter, strings surrounded by slashes ‘/-/" areptnemes, strings surrounded by brackets ‘[-]" are
complete words.
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must be combined with two other morphemes, a pattern andalisot For instance, the
root / &/ /fhr/ can combine with theattern / |3/ /f11/, where ‘f’ represents the first
radical, 9’ represents the second radical, and ‘I’ the third radical.cBynbining the root
with this pattern, the steny </ /[hr/ is realized. Thevocalismis the third morpheme,
crucial both to the pronunciation of the word and to givingword its specific grammatical
properties. The vocalism /a-a-a/, when combined with that and pattern, formq:;.’yfz]

[ fahara], now a fully-formed word with a dictionary-defined meanifigiade well-known,
famous, renowned, notorious.” The verb is in the perfecté¢erand agrees with a subject
that is third person, singular, and masculine.

Each pattern and vocalism is part of a paradigm. There ar@gippately 14 paradigms,
each with its own pattern and set of vocalisms. These paralaye integral to the mor-
phological processes of Arabic. The choice of paradigmrdetess the shape of the word
(regarding whether there are consonants in the stem ot@iethle root letter) as well as the
meaning of the word. The patterp _|=5/ /f%1/ used in the last example is that of the first
paradigm also considered a base form, the pattern from which allrsthes derived.

If the root / &/ /fhr/ instead combines with the pattern of paradigm Iyld.s\é/
/fa:f1/, the letter alif is inserted between the first and seconcteadglito derive the stem
/ JALCE'/ / /Ja:hr/. Together with the same vocalism as before, the Wg;’aij] [ fathara] is
created, a perfect tense word with the meaning “hired orecenh a monthly basis”. The
short vowel after the first radical is assimilated into thegoowel of the pattern.

By combining the same root with the pattern of paradigm VI| j=:31, /?1ftf1/, and
the same vocalism, W‘] [?1ftahara] is derived, with the meaning “to be or become

well-known, famed, famous, to be known; to be widespreadhroon”. Here the first short
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vowel comes after the-, /t/ of the pattern because the pattern has caused a change in the
syllable structure: the letterd /?1/ and < /t/ inserted around the first radical? /f/

cause the_? /f/ to be at the end of the syllable, rather than the beginning.sHort vowel

is therefore moved to the second syllable.

Some of the patterns have a predictable semantic effecteowdind. Stems formed
from paradigm Il are often transitive or causative, for amgte, the word ['(}-3] [Talama]

“to know” in paradigm | becomeg;i] [fal:ama] “to teach” in paradigm II. Stems formed
with paradigm V tend to have a reflexive meaning: the same pkabecomes [*;-if]
[taTal:ama] “to learn” in paradigm V.

Other vocalisms are also possible, and these can changeotieeither inflectionally
or derivationally. For instance, the vocalism /a-u/ is usefbrm stems in the imperfect
tense. This vocalism combined witli </ /fhr/ and the pattern/ |5/ /f1/ produces
the stem /’2</ /[haru/, meaning “to make famous...” in the imperfect tense. Howeve
this stem is not yet a grammatical word; inflectional affixasstrbe added to specify the
person, number, and gender of the verb. For instance, thig pres/ /ja-/ is added to the
stem to derive the third person singular masculine forpiJ] [jafharu].

Alternatively, the vocalism /a/ creates the verbal ncg.lﬁ,f;] [ fahr], which has several
possible meanings: “announcement, declaration” as weétes moon; month”. Further

inflectional morphology may be used to form the plural. Thare two different plural
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forms for this noun; the form is dependent on the meaning.Warel meaning “announce-
ment” takes a regular woundplural ending, the affix /& 4/ /uwn/, to create [ijré]

[ fahruwn]. The word meaning “month” takeskhaokenform for its plural, which is W‘]
[?a:fhur]. This is a case of inflectional morphology produced by a nmmcatenative func-
tion: rather than adding affixes to either end of the word tmwipce the plural, a new pattern
is combined with the root to change the form of the word.

Other vocalisms create yet other specific meanings of thd vaor instance, the pattern
and vocalism combination/bL_cLé.i/ /mufa:fal/, the active participle of paradigm I,
together with the root / </ /[hr/ produces [J.al_u..i] [mufa:har], meaning “monthly
salary.”

As a further exploration of the ways in which a single root tentransformed into
many different words, Tabl2.1reproduces the entries for the rogt </ /[hr/ as given
in the Hans Wehr Arabic-English Dictionary, annotated witformation about patterns,

vocalisms, and pronunciations.

2.2 Inflectional Morphology: Affixes and Clitics

Just as the prefiX/Lf/ /ja-/ attaches to the imperfect sterp ;7</ /[haru/ to create
the third person singular masculine form of the verb, otlffietess may be added to achieve
other grammatical details. Inflectional affixes are usedhttbde person, number, gender,
tense, and mood information on verbs, and gender, numbgnjtdeess, and case infor-
mation on nouns. Affixes are a closed class of morphemes,heaydeincode predictable
information. In addition to inflection, cliticization is camonplace in Arabic text. Prepo-

sitions, conjunctions, and possessive pronouns are akkssed as proclitics or enclitics.
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Stem Pattern Vocalism Pronunciation Meaning

A I,L}aé[f‘fl] a-a Jahara to make well-known, fa-
mous, renowned, notorioys

g I, s [£5:1] a-a Jahhara to revile publicly, expose
pillor, denounce

JaLfs I, J.r-\s [fa:S1] a-a Jarhara to engage on a monthly ba-
sis, rent by the month

A \Y2 J..é\ [Pa:fT1] a-a a:[hara to make known, proclaim),

announce; to unsheath
draw; to sell at auction
sl VI s [RasfteT] a-a ?a:ftahara  to be or become well:
known, famous, notori
ous; to be known; to be
widespread, common

o

14

g I, = [£91] a-u Jahr announcement, declaratign
B I, = [£11] a-u Jahr new moon; month
S I, = [£S1y] a-ij Jahrij monthly
U < l, J= [fS1ya] a-ij-a:n Jahrijam per month, by the month
OO I, = [£91] a-ij [ahrija monthly salary
8 [, das [fTla] u Juhra reputation, fame, celebrity;
notoriety; surname
A I, Jom [£T1:1] a-ij Jahijr widely  known,  well-
known, famous; notorious
e IV, sl [?a:fS1] a ?a:fhar better known, more widely
known
AT I, Jemed [tF95:1] [ ta[hijr public exposure, pillorying
SJALI«:'w 1, elie [mfa:¥la] u-a mufazhara monthly salary
LGl IV, Jasl [Ra:f<1] i-a: ?1fhar announcement, proclama-
tion, declaration; auction
Sl Vil Jest [eiftead] i-a: ?1ftiha:r reputation, fame; notoriety
Jyvie |, gmie [mfTusl] a-uw mafhuwr  well-known, famous; notoy
rious; a celebrity
e I, =i [mfY:1] u-a-a mu/ahhar well-known, famous, celer

brated; notorious

Table 2.1: Reproduction of the &/ /[hr/ entry in\Wehr[199 (abridged). The root can
combine with patterns and vocalisms to produce words orssteith different definitions.
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| Arabic | Transliteration| ~ Translation | Arabic Affixes | English Affixes|

! Padrusu | study a-
BILY nadrusu we study na-
Iy tadrusu you (ms) study ta-
Uy X tadrusina you (fs) study ta- ,-ina
ok, tadrusam you (dual) study ta-, -a:n
NEYIEY tadrusun you (mp) study ja-, -n
N tadrusna you (fp) study ta-, -na
N jadrusu he studies ja- -ies
Iy tadrusu she studies ta- -ies
ols,n jadrusam they (dual) study  ja-, -a:n
O 9y N jadrusun they (mp) study ja-, -n
o jadrusna they (fp) study ja-, -na

Table 2.2: An example of Arabic inflectional morphology. fisaterations and Arabic
affixes are written in IPA. Modern Standard Arabic uses adfis@ express inflectional
changes that are expressed using additional words rateiaffixes in English.
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An example of affixational, inflectional morphology in Arakis shown in Table.2
The Arabic stem/ .,5/ /drs/, meaningo study combines with the imperfect tense verb
pattern and vocalismy :L:.: / /fSulu/ to form the imperfect tense stem 23>/ /drusu/.
This stem can be combined with 11 different combinationsfiéctional affixes, creating
as many unique word forms. The English counterpart stemethiervcan take on the same
meanings using far fewer unique word forms. Instead, Ehglses separate words - |,
they, he, etc. - rather than affixes to express person andewnihe verb itself has only
two forms,studyandstudies

Table2.2 can be expanded with stems from the same root representiacedt tenses.
For instance, the stem (and word) :55] [darasa] meanshe studied Or, the root can be
combined with a different pattern to obtain different measi, for instance, to teach or to
learn. Each of these stems can combine with the same oretiffaffixes to create a similar
number of varying word forms.

Adding a single clitic to the words in Tabi2 will double the number of word forms.
For instance, the Worq:dij:‘] [?adrusu], meaningl study, can take on the enclitic/ o/
/ha/ to form [a.2;51] [?adrusuha] | study it Various clitics can be combined, both before
and after the stem. This process quickly increases the nuofipessible word forms.

Some stems differ in ways that do not surface in the Arabicamtaphy. For instance,
the pattern/:L,_é/ /fSilu/ differs from /J..’._'e/ /fSulu/ only in one short vowel, which is
encoded orthographically as an optional and normally whwakacritic. Thus, [ub,"]
[?adrisu] and [uij:‘] [?adrusu] are homographs, but not homophones. While this prop-
erty helps decrease the number of written word forms, itrdouiies to the ambiguity in

morphological analyses.
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2.3 The problem of vocabulary growth

The combination of concatenative inflectional morphologijcization, and deriva-
tional morphology using roots and patterns results in aelaayiety of word forms. This
abundance of word forms is particularly impressive in casitto the slower growth in num-
ber of English word forms. Figur2 1and Table2.2show this contrast. Figurg1displays
the growth in number of unique word forms, in English and Acals more speech tokens
are encountered. It is clear that the number of unique Anabic forms far exceeds that
of English.

Many of the mistakes in automatic speech recognition fotokraan be attributed to
the large number of word forms. For instance, in spoken wecdgnition, the decoding
process makes use of a language model to predict the wortdsetbtefit the acoustic signal.
In a language model comprised of whole word forms, and assymd post-processing
is performed on the result of decoding, only terms definedhénldanguage model will be
included in the decoded hypotheses. Because of the largearnwhpossible word forms
in Arabic, itis highly probable that some of the words in a remsustic signal will not have
been present in the language model’s training text, andiacbwords will be predicted
at all of those points in the test signal. The more unknowndwdhere are in the test
signal, the more mistakes are made. Unknown words becomelikely as the size of the
language’s vocabulary - the number of word forms - increases

If the variation in word forms that is due to concatenativerphology is removed via
stemmingthe number of unique word forms decreases, dramaticalyrabic. Stemming
is a process in which words determined to have the same steaseiform are grouped into

a single word class. For NLP tasks such as information ketlistatistics of sequences in
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Figure 2.1: Growth in vocabulary of Arabic and English wheterds and stems<{(rchhoff
et al.[2009). There are many more unique word forms in Arabic than inlEhgbut the
difference is abated when we first stem the Arabic words. dlage many more unique
affixes and combinations of affixes, so that stemming has & ch@matic effect in Arabic
than in English.

a corpus can be collected over these word classes, ratmantfigidual word forms. Alter-
natively, for tasks like language modeling, whole words rbayoroken up into their com-
ponent morphemes, and statistics collected over sequentesse smaller terms. There
is usually less variation among morphemes than among whaié ferms. The stemming
done in Arabic natural language processing tasks (such/eghiret al. [2004, Xiang et al.
[2004, and in this dissertation) may not provide prescriptivetyrect stems and affixes in
every case, especially as irregular morphological praseskange words in unexpected
ways. Despite these potential errors, it is often possibleotlect more reliable statistics
concerning repeating patterns in a text when the hypotbésimorphemes are used instead

of whole words, due to their more frequent repetition.
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In this dissertation, information about the morphology aflic is used to create a
more reliable language model. This model should encoueteerf unseen forms. The
units used to model the language are the more frequent adciaiele morphemes. The
statistics collected about the morphemes and their caweidtbe more robust than those
of words. Fewer terms in the test set will have been unseehneiriraiining text, and the
predictions made about the sequences of terms will be méieblee As a result, once
the predicted morphemes are re-concatenated to form wibkelg should be fewer errors
made by a system that incorporates a morpheme-based languatgl, as opposed to a
word-based language model. The exact process used to desighemes from words in
Arabic uses information about the morphological proces&ssribed in this chapter. We
will show that encoding these morphological processesaridhm of finite state machines
(FSMs) in order to derive morphemes for the purpose of lagguaodeling is a highly
practical method, and one that offers other advantagesnitie language modeling and
natural language processing realm. These advantagesiénttie ability to build a tool
that is useful cross-dialectally, and a tool that has thitalbdo make predictions about the
unwritten vocalisms. The exact method for using FSMs tovdemorphemes from words

is described in Chaptet:
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CHAPTER 3: PREVIOUS APPROACHES TO SUB-WORD
LANGUAGE MODELING

3.1 Introduction

Many of the world’s languages exhibit a degree of morphaalgcomplexity that is
not seen in English. Turkishsuz et al[2009), Finnish (Hirsimaki et al.[2004), Estonian
(Creutz et al[2007), German (Geutne[1999), and other languages in addition to Arabic,
all use a wide variety of bound inflectional affixes, compoafftkes, or compound words
to create new terms. For instance, German speakers coatatsting nouns to derive
nouns with new meaning=eutner[1999). The same process occurs in Finnish, which
also uses a large number of bound inflectional affixes to englatase-like words specific
to the semantic or syntactic contexii(simaki et al.[2006). By counting each unique
word form as a separate term in the lexicon, these morphtdbgrocesses can produce a
very large lexicon.

Large lexica are problematic for NLP tasks. The goal of NLBiprovide some anal-
ysis for each term in a given text or utterance. When a termdonra new text is unac-
counted for in a given training text, it is called an out-afeabulary (OOV) term. OOV
terms typically do not receive an analysis, as no infornmagaiven for them in the model.
A successful way of approaching the OOV problem is to breakwhbrds into sub-word
units (like morphemes) under the assumption that carefiliysen sub-word units have

fewer unique types, thereby limiting the OOV problem. Ini&idd, well chosen sub-word
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units should repeat more often than whole words in a given teaking their frequency
statistics more reliable.

However, replacing words with sub-word units can resulewmproblems: shorter units
often cause n-gram models to have a smaller amount of comatexformation, and may
be harder to model acoustically or semantically. To coaatethese deficiencies, model
designers may change parameters such as the order of n-godel or the size of the
sub-word unit.

Sub-word units often provide a good, if partial, solutiortiie OOV problem in auto-
matic speech recognition (ASR}I(Desoky et al[2009, Geutner et al[1999, Pellegrini
and Lamel[2009). Given that solution, another question arises: if a fragrtext is seg-
mented at the word level, what is the best way of determirtiegsib-word units that make
up those words? This chapter discusses previous work tleat lusth linguistic knowl-
edge and statistical estimation to approach this quesi®it,pertains to Arabic and other

morphologically rich languages.

3.2 Deriving Sub-Word Units using Linguistic Knowledge

The tools described in this section were designed to autoatigtproduce morpholog-
ical analyses of Arabic words. The analyses may be usefuA&R language modeling,
natural language generation, and machine translationpgrother applications. In all of
these resources, some computational structure, such asgeastate machine (FSM), en-
codes the information necessary for decomposing each wtsdnorphemes, sub-word
units that express semantic or syntactic meaning.

Habash et al[2009 describe a multi-dialectal morphological analyzer thatludes

information about lexemes, morphemes, roots and pattertisggraphy, and phonology.
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Built for both analysis and generation, the multi-tape fiisitg&te machines include infor-
mation about multiple dialects. In the resulting analyskslect switching can occur even
word-internally. The implementation requires manuallga@ting hand-crafted rules and
lexical entries. A great deal of linguistic knowledge isleoted from texts or native speak-
ers of the dialects in order to build a system that can perfartamatic analyses. Once such
a resource is complete, it can be of great use to the NLP coityndthowever, updating
and maintaining it can be quite challenging and time-consgpand the information con-
tained in the resource may not be generalizable past thectsadpecified. If the goal is to
document each dialect as fully and accurately as posslki#ga,this approach may be quite
successful. If generality among dialects is the goal, theiff@rent approach to describing
the dialects, perhaps using more abstract structures aiteeis, should be taken.
Beesley[1999 and Kiraz [200(] also use linguistic knowledge and FSMs to create
Arabic morphological analyzers. laeesley[1994, the goal is to show that finite state
morphology can be used to express the root-and-patternholagy of Semitic words.
The author advocates over-generation of morphologicabthgses using general rules and
filtering the output with subsequent FSMs, rather than agitrery specific rules, such as
those for agreement between affixes. Roots and patterns emaireed, a process called
interdigitation, through concatenation and composition of FSMs. Intetdliigin also re-
quires careful definition of consonant, vowel, and verbabgdeym categories. As stated
in Beesley[1999, “The rules are relatively difficult to write,” neverthalg, the analyses
are achieved. Combining the multitude of rules with a suffic@ictionary results in the
possible analysis of 72 million words. The rules must déschoth regular and irregular

morphology, and the dictionary must include roots, pateaffixes, and their grammatical
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meanings. This resource, like the previous, requires maartce and upkeep for the dictio-
naries of roots and affixes, and may not generalize well todielects. The analyses of a
single word, while possibly useful in their being very spiecabout grammatical functions
and morphological composition, will be unranked, whichlddoe problematic for down-
stream processing. It might be possible to rank the multaplalyses using the language
modeling approach described in this thesis.

In Kiraz [200( the goal is to encode theutosegmental grammalefined inVicCarthy
[1987] in multi-tape finite state automata. The method is to enaqodies regarding how
specific roots, patterns, and vocalisms combine. Affixationorphology as well as or-
thographic and phonological rules are also encoded in timee sB]mputational structure
by introducing the notion ofiers. There are several tiers of lexical components - roots,
patterns, and vocalisms - and another tier of surface coengen words, orthography, and
phonology. Alternating between tiers allows implememwtabf all of the rules in the proper
order with accurate results. The previously stated issegarding defining and maintain-
ing the rules and dictionaries, as well as the lack of geizatédn to other dialects, apply
to this method of analysis.

Similarly, Habash and Rambof2009 use linguistic information to create a morpho-
logical analyzer for Arabic. Labels from the Penn Arabic éank {(/laamouri et al.
[20059) are used to train multiple classifiers for morphologiaadlysis. The treebank was
created with the aid of the Buckwalter Arabic Morphologicaladyzer (BAMA) (Buckwal-
ter[20041), which uses a dictionary of Arabic prefixes, stems, anéasd, together with
combination rules, to hypothesize all morphological ase$yof a word. Human annotators
marked the correct BAMA analysis for thousands of words integt in the treebank. The

morphological analyzer iiabash and Rambof2004 is based on the multiple BAMA
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analyses and the correct choices given in the Penn Treetvamkich sources of linguistic
knowledge. Statistical information is also included viasdifiers trained over the tree-
bank labels. These classifiers then provide the best asaygach word. The resulting
tool, calledMADA, has recently been used successfully in several ASR systerbeth
morpheme generation and diacritizatiari-Oesoky et al[2009, Diehl et al.[2009, Ver-

gyri et al.[2009). There is an inherent limitation with this tool in that itaw built on
MSA data and definitions; the results may not be useful wheliegto dialects other than
MSA. The use of th&ADAtool as applied to both Modern Standard Arabic and Levantine
Conversational Arabic for building language models is esgaldn the experiments in this
dissertation.

In Yaghi and Yag[2004, a stem generator is built with linguistic knowledge of Ara
bic. Lists of roots from an Arabic dictionary and known steaitprns are combined with
known morphosemantic and morphosyntactic rules to imptenhe processes of deletion,
gemination, and affixation within words. Regular expressj@type of FSM, encode the
rules and are used to transform words to morphological aralyGrammatical and mor-
phological information remains intact throughout the sz Upon encoding all of the
information and compiling the regular expressions, thégeoerates a stem by combining
a root with a pattern and transforms, or it hypothesizesra e a given word by compar-
ing the word to the database of known combinations. No qtaivé analysis of the tool
is given aside from its ability to generate stems very quicRihe authors claim that the
tool would be useful in NLP tasks that benefit from stem anglggch as word searching
and concordancing. With its reliance on lists of roots, itimikely that this resource is

generalizable beyond the specific dialect for which it wa.bu
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Attia et al.[2009 build an annotation tool that allows annotators to maryuzioose the
best morphological analysis of a given word. The tool auttcally produces a complete
set of analyses without over-generation, and gives addititexical and semantic infor-
mation as part of the analysis. A number of linguistic researare put to use to perform
the analyses. Each morpheme is classified into one of nimgaaes: prefix, derivative
root, regular derivational pattern, irregular derivaibpattern, fixed root, fixed pattern,
Arabized root, Arabized pattern, or suffix. Each morphemals® coded with a series
of features describing its morphological and semantic @rtgs; these are corpus-derived
features. After linguistic knowledge is encoded, stat&dtestimation is used as well: an n-
gram model with backoff estimates and the MAP (maximum agyasi) technique serve
to rank the multiple analyses of each word. The authors tegpoerror rate on morpho-
logical disambiguation of less than 5%, and use the algordhk the basis of an annotation
tool. As is the case with MADA and other methods mentionedvalibat require large
MSA resources and definitions, the tool is likely limited e formal dialect only.

In the following studies, linguistic knowledge is combingih statistical estimation to
derive sub-word units specifically for use in language miodel

In Afify et al. [2004, the authors pre-define Iraqi Arabic affixes and use thenete p
form blind segmentation over the training corpus. Hewsstincluding setting a minimum
stem length and checking stem accuracy against the BAMA dietionary, limit the num-
ber of segmentations of each word. Linguistic knowledgeathlbraqi Arabic and Modern
Standard Arabic is thus applied. Each word in the training i® mapped to a single
segmentation, and the resulting segments comprise thadgegnodel and pronunciation
dictionaries Afify et al. [2004 find that, as expected, they are more successful at decoding

with morphemes than decoding with words, as the morphemabubary includes fewer
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out-of-vocabulary terms in the test set. The authors algbthat interpolating the mor-
pheme model with a word model is successful; this is likelg thuthe increased contextual
knowledge held by the word model. This method uses only alsmaunt of knowledge
of a dialect to tailor the ASR system to that language varaatyg uses the larger resources
available for MSA to refine their models. Combining inforneatisources in this way may
be fruitful for other tasks or dialects for which linguistiesources are lacking. Using in-
formation from multiple dialects as resources for a lowerese dialect is useful in this
study and may prove fruitful in other studies, a result alsong inKirchhoff and Vergyri
[2001.

Emami et al[200] use neural networks to include part of speech and vowetnmée
tion as extra contextual data. Morphemes are derived udimgea-part FSM that segments
based on affixes, then refines the hypotheses based on drgtientries and a segment-
based LM. The linguistic knowledge in use here is a set ofdef@ed affixes and a set of
pre-defined stems. Statistical information is used to imfieich are the most likely mor-
phemes. The contribution of this work is the introductionaofieural network language
model to Arabic ASR, but it is found that the gain in word errateris negligible.

Kirchhoff et al.[2009 describes factored language models (FLMs), often consite
to be state-of-the-art in Arabic ASR. FLMs encode many typgeimformation for each
word, including morphological information where availablDuring the language model
estimation and subsequent decoding, backoff for unseemamsyoccurs using any of the
features encoded in the FLM. The morphological informaiiorirchhoff et al. [2004
comes from the lexicons provided by the LDC for the ECA corprg] using an MSA
root finder Qarwish[2007). Because FLMs can encode diverse information and make

the best use of that information at any point in an analysasstatistical algorithms like
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genetic programming, they may prove to be very useful. Hewewn order to populate
the FLM with information, it is necessary to either collecat information from available
annotations or derive it with relevant tools. Useful infaton might included part-of-
speech tags, semantic information, and morphologicatimédion. The lack of resources -
annotated corpora and tools - for dialectal Arabic makertieghod somewhat less viable.
It may be for this reason that FLMs have not been highly vsibthe Arabic NLP literature

since the cited publication.

3.3 Deriving Sub-Word Units using Statistical Information

The following studies make more use of statistical estiomathan linguistic knowl-
edge to segment the morphemes that comprise each word. &@hefdbese methods is to
produce morphemes useful to natural language processksg, taeaning that strict gram-
matical accuracy may suffer; however, heuristics are aft&d to ensure that the analyses
do not stray too far from theoretical “correctness”.

An example of combining a small amount of linguistic knowgedvith statistical esti-
mation is the work of ee et al[2003. Here, a small segmented corpus is used to bootstrap
a morpheme finder. A trigram language model is built over pe®wherein the words have
been segmented into (prefix)-stem-(suffix) sequences.detrword in a new corpus, a set
of segmentations are hypothesized. The segmentation hathdst language model score
is retained. To prevent over-generation, only those setatiens that correspond to a pre-
defined set of affixes are permitted. Similarly, a list of stezan be referenced to further
limit the segmentation possibilities. If a stem diction&ysed to constrain the initial seg-
mentations, it can be grown by applying this algorithm to riext and adding new stems

found to have a high probabilityChoueiter et al[200q use this method of morpheme
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derivation in ASR for Modern Standard Arabic, and find thasth morphemes are useful
when the decoding vocabulary is small and the OQV rate iglddgpsurprisingly, the effect
is mitigated when there is a large decoding vocabulary thaddy counteracts the OOV
problem. However, more recent studies includingyen et al[2009 have found that the
use of morpheme language models in Arabic ASR is useful evenvhe vocabulary is
large.

Hirsimaki et al.[2009 and Creutz et al[2007 use only statistical information to de-
rive sub-word units from words. The algorithm, which will beplained in more detail in
Chapters4, is language independent. First, a lexicon is derived froentord-segmented
corpus. This lexicon is evaluated in terms of the bits resglito encode it, and the corpus
is evaluated by measuring its likelihood given the lexicdogether, these measurements
define the cost of the model. To find sub-word units, the wondbe lexicon are recur-
sively split, and the cost of the model is re-calculated.nS&gtations that lower the model
cost are retained. Segmentations that include units contmamany words are likely to
be retained, as they tend to lower the cost of the model. Nyuigtic knowledge is taken
into account; every segmentation of every word is evaluakéd algorithm is called/or-
fessor Because the segmentations are not necessarily the samepestitally “correct”
morphemes, the sub-word units are caleorphsrather thammorphemesHirsimaki et al.
[2004 use this algorithm to split Finnish words into segmentsA&R with good results
compared to whole word and grammatically segmented modglsuiz et al[2007] use
this method for a number of other languages, including EgypArabic. While the method
works well for Turkish and Estonian, the method is less Valeidor Egyptian Arabic, for

which fewer data are available and for which the morpholaigicoliferation of words is
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less extreme. The word model is equally as effective on Egy@rabic as the statistically-
derivedmorphmodel, achieving a word accuracy rate of 41.8%. In comparisochhoff
and Vergyri[2009 use a more linguistically sophisticated HMM tagger for mpioological
analysis of the same Egyptian text, and perform automa#critization. They achieve
45.6% and 58.3% accuracy on two evaluation sets; it is unalbch of these sets is used
in theCreutz et al[2007 study. The lack of data for Egyptian Arabic surely was adact
for the low scores in both cases. The effectiveness of thefddsor algorithm is com-
pared to linguistically-informed morpheme derivation huets in ChapterS and8 of this
dissertation.

Kiecza et al[1999 describe a morpheme-based language modeling technigk@$o
rean, which, like Arabic, shows a high out-of-vocabulangrahen words are the modeling
unit due to a high degree of inflectional morphology. Aggiation occurs over syllabic
units, which tend to be just a few phonemes each. The OOV eatéde reduced to zero
by modeling over syllables, but the resulting acoustic aeability is high. Therefore, the
units used for recognition idiecza et al[1999 are combinations of syllables. Syllables
are merged by finding pronunciation transitions that ocoeigqdently in the corpus, and
merging those syllables that, when together, produce #réicplar transition. Merging of
syllables stops when the OQV rate on a test text reaches shtiiceof 5%. Here, the lin-
guistic knowledge used is the set of Korean syllables. Tbhayociation probabilities and
merged units are corpus-based, and stochastically detilsdg these statistically-derived
syllables in language models reduces the OOV rate dranfigtaoad results in an increase
in syllable accuracy of up to 6.5% absolute. Although thexdtdrived syllables may not

have a clear semantic value, using heuristics related tasticaconfusability to define the

31



syllables proved valuable in this study. We learn from thigt tthe theoretical “correct-
ness” of a morphological analysis may not be crucial to tietfion of an NLP task. We
can take advantage of this fact to avoid some of the chalkeofjyereating and maintaining
linguistically detailed resources described in the presisection. Instead, we can use a
small amount of linguistic knowledge to create useful NLBorgces. In some cases, the
lack of linguistic detail will have the added benefit of ciegttools that are generalizable
to dialects or varieties of a language other than the onénatig described.

In Shalonova et al[2009 the goal is to implement a morphological analyzer for in-
flectional languages, agglutinative or fusional. The arghild trees that relate single-
letter suffixes to each other, and then use entropy-relagadurements to determine which
suffixes ought to be merged. Applying these algorithms to gohmalogical tagging task
produces F-measure scores as high as 99.5% for Russian &% &i. Turkish verbs,
compared to much lower scores (21.0% and 56.7% respeqtivalyn using Morfessor for
the same task. As few linguistic resources are needed temmit these algorithms, the

analysis can (in theory) be performed successfully withemstrdsourced languages as well.

3.4 Where the proposed model fits in

The model proposed in this dissertation uses both linguistowledge and statistical
estimation to derive morphemes from words, drawing on tegles used in the work just
described. The linguistic knowledge is the set of vegimtternsthat combine with roots
to form stems. In addition, a pre-defined set of affix charaotan be included to limit
the amount of over-generation. These definitions are i@nd be as dialect-specific as
are available, but allowing for generalization to otherdetitgs without major changes to

the framework. Frequencies of segment sequences aretedlliecstatistically determine
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which are the most useful for further NLP processing. Asd@esley[1999, Kiraz [200q
andHabash et a[2009, finite state machines are used to encode the linguistchmdtion.
The language model itself determines the relative validiithe hypotheses, and influences
the derivation of new segmentations in subsequent prowgsdn this way, we hope to
overcome the lack of generality of some of these systemdewimultaneously working to

overcome the out-of-vocabulary problem and addressingribidem of lacking resources.
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CHAPTER 4: BUILDING LANGUAGE MODELS FOR MSA

In this chapter we present a novel method for deriving marmsefrom Arabic words.
We use morphemes rather than words for building languageslmadorder to reduce the
out-of-vocabulary problem (see Sectidr). The morpheme derivation method proposed
here will have the following properties: it will use the stture of the Arabic stem patterns
to find possible stems and affixes within each word; by usiegtbm patterns, the method
will be useful on a cross-dialectal basis; and, becausetéme gatterns also provide infor-
mation about short vowel quality, we will be able to use thitimod to aid in short vowel
prediction. This chapter will describe the morpheme déovamethod in detail. The
cross-dialectal and vowel-prediction properties will igcdssed in subsequent chapters.

The derived morphemes are used to build n-gram languagelsn@idés), which are
later applied to an automatic speech recognition (ASR) taBke derivation and LM-
building steps are described in the following sections: pheme derivation using stem
pattern finite state machines (Sectibi), n-gram counting over sentence-long morpheme
finite state machines (Secti@gn2), LM estimation given morpheme n-gram counts (Sec-
tion 4.3), and refining of the LM probabilities by repeating the nfgraounting with
weighted paths (Sectiof.4). Alternative morpheme language models are described in
Sectiond.5. The data used for training all of the LMs is described in B&ct.6, and text-
based evaluations of all of the LMs are given in Sectlon ASR-based evaluations are

described in Chaptés.
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4.1 Morpheme Derivation

As discussed in Chapt&;, morphemes can be derived from words by first defining
the affixes, then assuming that whatever character seqguéatbetween the affixes are
stems. Here we will take the opposite approach, examiniagémter portion of the word
to find a stem, then assuming character sequences that taitleuhis stem are affixes.
According toCuvalay-Haal{1997, “the verbal patterns [stem patterns] of the Modern
Arabic dialects are identical to those of Classical Arabieddrn Standard Arabic in most
cases.” Therefore this derivation method should prove todsful in multiple dialects,
without the need to redefine the character sequences thaasehgor in each word.

As a simple example of the stem derivation method HeglisH be a language like
English, except that word stems are defined by specific segsasf consonant and vowel
letters. One stem form might be the sequence CVVC (where edlchgraphicvowel in
the set{a, e, i, 0, § counts as a separate V). This stem pattern matches a subunioid

each word of the following subset of English

unsuitable urseenty

unwearable urseen
fearless guare
weedess soohe

The word parts that fall outside of the bold ‘stems’ are dassaffixes. Those that
repeat -un, able, ly, less are likely to be genuine affixes, regular in their usage apdmn
ing. Additionally, the stems found with these repeatingxafi - suit, wear, fear, weed,
seem, seen likely represent valid stems that can be found in semalhticalated word
forms with different affixes. Less evidence is availablehis fist for the ‘affixes’s-, -e,
and-he therefore, it is unclear whether they should be considafiexks, and whether the

bold parts of those wordsquar, soot- are really stems that will be found in related word
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forms in English Of course, in real English, word stems are not restrictesptific CV
sequences, especially orthographically. In contrastsths of Modern Standard Arabic
are regular in their orthography and are constrained byetkiesls of patterns, as discussed
in Chapter2. We use the stem patterns that define the Arabic stem chasscigences to
look for possible stems in each word. We then examine theuénecy characteristics of
the sequences of proposed stems and affixes to determink tenios are most likely to
represent productive morphemes in the language.

We draw a set of 30 stem patterns frémywood and NahmaflL965, taking into ac-
count all patterns for the active and passive verbs and toveagnd passive participles of
the ten most common verbal paradigms (verbal paradigmses@ided in detail in Chap-
ter 2). The 30 unique stem patterns are shown in Tdble Some of the paradigms share
patterns; this is why not all verbal forms for each paradigendescribed. Tablé.1shows
one possible classification of each unique stem patternselsiem patterns represent the
sequences of characters that we aim to find in each word.

The process of matching the stem patterns to words is peefmith finite state ma-
chines (FSMs). We design one finite state transdusten{-finder transducgfor each of
the 30 unique stem patterns. An example stem-finder traesdsicshown in Figurel.l
The stem-finder transducers describe the sequences okttasland other specific stem
pattern consonants, such as A, n, s, t, and m, that occur iaupmented stem patterns
shown in Tablet.1. An affix may occur on either or both sides of the stem, reprieskas
self-loops on the first and last state. On the output tapeeofrdnsducer, the stem portion
of the word is surrounded by brackets to help us identify whbe morphemes begin and

end.
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Paradigm Word Type Stem Pattern
I Perfect Verb RRR
I Verbal Noun RRARp
I Past Participle MRRwWR
Il Verbal Noun 1 tRRyR
Il Verbal Noun 2 tRRRp
Il Verbal Noun 3 tRRAR

Il Past Participle MRRR
1l Perfect Verb RARR
1 Imperfect Verb tRARR
1l Verbal Noun 1 RRAR

1l Verbal Noun 2 MRARRp
1l Active Participle MRARR

v Perfect Verb ARRR
\Y Verbal Noun ARRAR
\% Perfect Verb tRRR
\ Past Participle MtRRR
Vi Active Participle  mtRARR
VIi Perfect Verb AnRRR
Vil Imperfect Verb NRRR
Vil Verbal Noun AnRRAR
VI Active Participle MNRRR
VI Perfect Verb ARtRR
VIII Imperfect Verb RtRR
VIII Verbal Noun ARtRAR
VIiI Past Participle MRtRR
IX Verbal Noun ARRRAR
X Perfect Verb AstRRR
X Imperfect Verb stRRR
X Verbal Noun AstRRAR
X Active Participle mstRRR

Table 4.1: Stem Patterns for Arabic stemisstands for Root lettefy stands for tah mar-
buteh. One verbal classification for each stem pattern sngiglthough multiple classifi-
cations are possible for some patterns.
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Figure 4.1: Stem-finder transducer for the stem pattern AstR&Resenting the perfect
tense of a verb in paradigm X. The prefix alphabet for this edaris {A,t,s,w} and the
suffix alphabet i A,p,y,h} (A represents alif). The root alphabet includes any lettet)(
Affixes may be any length. The output will include bracketusnd the stem portion of the
word, which includes ‘Ast’ and the following three root lexts.

Prefix letters  Suffix letters Root letters
A A b g v
I n D k z
b h H s A
f m L w E
k k T B M
w y d F Q
S t h J U
w | R Y
Q t V. m
p X Z q
G f vy
O j P
S n
W r

Table 4.2: Alphabets used for finding stems in Arabic woras ®blet.4for the mapping
between these symbols, Buckwalter encoding, and Arabiptscri
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As shown in Figured.], the affixes may be of any length (including length zero). In
a scenario with no information about a language’s affixes afffix alphabet may be unre-
stricted. The characters that fill the root slots may alsortyestricted. In practice, we take
a more informed view by restricting the alphabet for affitdes. We have found that an
unrestricted affix alphabet results in an unmanageable auailnypothesized morphemes.
However, if little or no information were known about podsibffixes, an unrestricted ap-
proach might be useful. The alphabets we use are shown ie Z&blWe do not restrict
the size of the possible affixes, or the sequencing of the elfixacters. Our approach is
thus less specific about affix definitions than those in stuslieh as\fify et al. [2004 and
Zitouni et al.[2009, but we do assume some knowledge of possible affix shapes.

To find possible stems within a given word, we compose each-§teler transducer
with a finite state acceptor representing that word. The veaeptor describes the word
with one transition per character. When composed with thedve@ceptor, each stem-
finder transducer may match zero, one, or more instancesssitpe (prefix)-stem-(suffix)
sequences within the word. All of the resulting paths arainetd. The result of the com-
positions (one word acceptor composed with multiple stereli transducers) is therefore
the enumeration of all possible (prefix)-stem-(suffix) dapositions for that word. The
paths are modified by consolidating the arcs so that eachhaore is traversed over a
single transitiort. In the final representation, depicted in Figdté for the wordwAstsImA
“and they (dual) submitted,” each affix and stem are travkoser a single arc. In addition,
the stems are identified by surrounding brackets. The FSMsioFigure4.2is the union
of all of the decompositions of a single word. If the word does compose successfully

2The arcs are consolidated by traversing all of the singatter arcs, noting where the brackets are,
and creating new FSMs with one morpheme per arc. In othersythé is not a defined FSM operation like
composition or determinization.
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Figure 4.2: The union of the decompositions of the word ‘veisA’. The path labeled
0-1-8-9 is the output of composition with the transduceriguFe 4.1; the other paths are
the output of composition with other stem-finder transdsicer

40



with any of the stem-finder transducers, then we create an &&dding the entire word

on a single transition.

4.2 N-gram counting

Each word is decomposed separately by the stem-finder treessd In order to collect
frequency information about the proposed morphemes, wendease each word in the
vocabulary. Furthermore, we wish to collect informatiomatsequences of morphemes,
including sequences of morphemes across word boundar@slo o, we calculate the
frequencies of the n-grams that occur in a sentence-longatenation of morpheme FSMs.

We transform a sentence in the language model trainingriexain FSM by composing
each word in the sentence with the stem-finder transduceescofncatenate the resulting
FSMs (similar to the one in Figurg2) in the order the words occur in the sentence. Then
we count the morpheme n-grams over these sentence-long.A3M<ount of an n-gram
in an FSM is defined, as inllauzen et al[2005, as the weighted sum of the number
of occurrences of the n-gram in all paths of the FSMauzen et al[2009 describe an
efficient method for calculating the weighted sum. We im@eirthis efficient method,
which is further described in the Appendix. For each languagpdel described in this

chapter, each path is equally weighted in the utteranagtheRSMSs.

4.3 LM Estimation

The counts collected from the sentence-length morphemesk8Mused to estimate
an n-gram language model. The goal of n-gram language nmggiglio predict what item
from the vocabulary is most likely to occur after a given digtof n — 1 items. We use

the history of itemSw;_; ... w;_,+1) to predict the next itemy;. That is, we wish to
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maximize the probability

P(wi|wi_1 e w,»_nﬂ) (41)

by choosing the item from the vocabulary that is most likelydilow the given history. A
large value ofn provides greater predictiveness, as more accurate paadiatesult from
greater context. However, data sparsity is more severe wisdarge; 4-grams are repeated
less frequently than smaller order n-grams. In practic@mpromise is reached by using
many differently-sized units (unigrams, bigrams, andr&igs) within the same model.
Another way to understand n-gram models is that we calcukaeprobability of a
sequence having been produced by a given source. If we knafithe types of n-grams
that the source has produced, and the frequency of eachs# thipes, then we can assign

a probability to each type:

P(U)Z C wi_nﬂ) = fre(J(wi Y wi—n—i—l) x 100 (42)

whereY,, represents the total frequency of all n-grams of size the vocabulary.

Given a training corpus, the language model assigns prhiebio each n-gram present
in that corpus, based on their frequencies. The maximuntiided estimates are usually
refined using amoothingnethod. The point of smoothing is to attribute some proligbil
to possible n-grams that do not appear in the training datsmall amount of probability
mass is subtracted from some or all of the n-grams preseheéitrdaining data, and applied
to any n-gram in the test data that was not seen in trainingegtttime, aackoff tech-
nique may be employed. If the language model is built on 4agraand an unseen 4-gram
is encountered in the test set, backoff allows the model phyathe probability of the rel-
evant trigram, bigram, or unigram instead. We use the SRILdIkib(Stolcke[2007) to

estimate smoothed language models given the n-gram coaluislated over morpheme
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sequences. We use Kneser-Ney discounting in all modelsidedadn this chapter. The
calculation of the discount is describedSinolcke[2004.3

In addition, when the LM is estimated, less likely n-grams miruned. We expect that
morpheme hypotheses that do not fit the canonical definititiroe/ pruned or given low
probability in the model due to being less frequent than tleeenviable morphemes, as

described above.

4.4 Refining the LM probabilities with EM

The stem-finder transducers do not introduce any probasildr ranking of the pro-
posed morphemes. The initial n-gram counts assume thaathls phrough the sentence-
long morpheme LM are equally likely (unweighted). The LMiesttes describe which
of the proposed stems and affixes are more likely to be proguctorphemes in the lan-
guage given the unweighted frequency information. As desdrbelow, we can apply
these initial estimates to the n-gram counting algorithrodpce refined counts, and sub-
sequently re-estimate the language model with these neghtesl counts. This creates
an Expectation-Maximization (EM) iteration, where withchanew probabilistic language
model, we can influence the estimated counts of the n-gramasebereating a new lan-
guage model.

To apply the language model estimates to the n-gram coualgagithm, we must first
encode the LM as an FSM. Such an encoding is describédanzen et al[200], and
summarized here. In a language model finite state machich, re@le represents one n-
gramuw; ... w;_,.1. A transition out of that node is labeled either with a newrtew, or
a backoff symboly. Following the first type of transition leads to a node repngisig the

3We use the -ukndiscount flag in SRILM.

43



n-gramuwy, . . . w;_, 19, thatis, the previous n-gram with the most distant term peal and
the new term added. Following the backoff transition leaddé n-gramw; . . . w;_,, 2, the
next lower-order n-gram. The nodes also define the prolabflthe n-grams. The backoff
transitions define the backoff weight assigned to the lawder n-gram. The transitions
are an extension of the usual definition of an FSM, in that tin@y only be traversed if
none of the other transitions out of the given node are apipléic They are different from

e transitions in that respect. Thetransitions therefore implement an if-else statement
within the FSM. The OpenFST toolkit\(lauzen et al[2007) includes the ability to use
transitions in its C++ libraries.

The following steps are iterated in order to refine the LMreates:

1. For each sentence in the training text, decompose eadth witit the stem-finder
transducers, and concatenate the resulting latticesnod@entence-long morpheme

FSM.

2. If a morpheme language model already exists, encode i &S&. Compose the
sentence FSM with the language model FSM. This producestarsenFSM with

weighted paths.

3. Count n-grams on the sentence FSMs using the efficientiogumiethod described
in Allauzen et al[2005. Collect the count estimates over all n-grams in all sergenc

in the training text.

4. Estimate a new language model from the n-gram counts.
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At the end of each iteration, the new language model can beaea using any of the
methods described in Sectidn?7, and the process is repeated until convergence. For in-
stance, we can continue refining the language model essmateg this method until the
average negative log probability of a development textst@anging.

In the evaluations below, we include a model that has unaergwo rounds of esti-
mation: initial n-gram counts were calculated over unwegdh~SMs, a language model
estimated, then those model probabilities applied backed=SMs for weighted n-gram
counting. This was done with the stem-finder transducers thewhole of the training
corpus. It is necessary here to further discuss the handfingknown tokens. When the
initial language model is estimated, not all morpheme secg®proposed in the sentence-
wide FSMs may be included in the model, due to minimum-counhing performed by
SRILM. Therefore, when the corpus is decomposed the secomdftir composition with
the LM, the sentence FSM may contain terms that do not exigtenLM. In this case,
the composition with the LM fails outright. To avoid failyree first find all terms in the
sentence FSM that do not appear in the LM, and change theggeptation on the input
and output tape. On the input tape of the sentence FSM, theowrkword or morpheme
appears as.unk>. On the output tape of the sentence FSM, we append +unk taitfie o
nal morpheme. When we compose the LM and the sentence uhie> symbol in the LM
and its associated probability compose with thenk> symbols on the input tape of the
sentence FSM, while the output retains the original morgharformation. By including
the morpheme and +unk tag on the output tape, we do not losemation about the mor-
pheme or word on the sentence-FSM, nor do we lose informatimut where unknown
words and morphemes occurred. Before performing the evahsatiescribed below, we

remove the +unk tag from all n-grams.
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4.5 Alternative Language Models

In our proposed language model, the terms over which we ledécn-gram estimates
are morphemes derived via stem definitions. We compare this-derived morpheme
LM to several other language models, each of which represetype of model used in
the Arabic speech recognition literature. Each model defandifferent type of term over

which n-gram probabilities are estimated. These termsidel
1. words,
2. morphemes derived via affix definitions,
3. morphemes derived via character sequence statisticsgs4or), and

4. morphemes derived by performing a data-driven, cordependent, complete mor-

phological decomposition (MADA).
Each of these models is described in turn below.

45.1 Word-based LM

For the word model, we build and count n-grams using whitesqielimited words as
our terms. Each unigue word form counts as a separate vaghtdm. This is the usual
way to build an LM for languages with little morphologicalnation or concatenative
processes, such as English. In Arabic, morphological tranaisually causes the size of
the vocabulary to increase quickly with the number of tokiena text. This causes the
n-gram estimates to be less reliable, as each n-gram is ee@n fimes, and causes the
out-of-vocabulary rate to increase. Morpheme-based Egpgumodels are often used to

overcome these obstacles.
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Figure 4.3: An affix-finder transducer including a subsetefpossible prefixes, suffixes,
and stem letters. Composition with a word will be constraibgdhe sequences of letters
at the word boundaries; only those words with matching afixél result in a morpheme
sequence.

4.5.2 Affix-derived morpheme LM

This LM is designed to replicate those built Byify et al. [2004, Lee et al[200]3,
Sarikaya et al[2007 and others, who segment words into morphemes by definingt a i
of affixes that may occur at either word boundary. Usually edrauristics are used to
constrain the word segmentations. Often, a language medgiplied to choose the best
segmentation. For our comparison model, we use the listfiekafdefined in<iang et al.
[2004, and build FSMs similar to our stem-finder transducers. Bsst of the final affix-
finder transducer is shown in Figu#e3. Each word is decomposed into morphemes based
on the presence or absence of the defined affixes. The wordawayhkro or more prefixes,
followed by a stem of any length and characters, followeddyp or more suffixes. As in

the stem-derived morpheme model described above, the emgllecompositions are
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encoded as FSMs, and we count n-grams over FSM sentencgshsiefficient counting

method described in the Appendix.
4.5.3 Morfessor-derived morpheme LM

We replicate the work irCreutz and Laguf200g by usingMorfessorto derivemorph
segmentations from the words. The segments are calleghhsrather thanrmorphemes
because they are derived through statistical estimatithrerdahan linguistic knowledge.
Morfessoruses the MAP (Maximuna Posterior) algorithm to find the most likely mor-
pheme boundaries. Given the lexicon of a corpus, each waetigsively broken down
into all possible segmentations. Whelkis a lexicon of morphsl} is a lexicon of words,
each of which has segmentsy: is a morph,f, is a function of the frequency of a morph,

ands, is a function of the length of a morph, the model is defined ds\is:

W ny
P(corpus|M) = H H P(pjk) (4.3)
j=1 k=1
P(lexicon) = M!s P(fu1... funr) * P(Su1 - Sumr) (4.4)
P(M|corpus) = P(corpus|M) % P(lexicon) (4.5)

For each segmentation, the new cost of the corpus (Equadiéh and the cost of the
lexicon (Equation4.4) are combined to calculate the cost of the model (Equatié)y as
described inCreutz and Laguf2004. That is, the corpus cost is based on the product of
the probabilities of each of the morphs in it, independertheforder in which they occur.
The cost of each morph is determined by its token frequentdyarsegmented corpus, and
its length. In our experiments, no priors are used to refieentbrph frequency or length

probabilities Those segmentations that lower the cost of the model armeetaWords
4Although the algorithm allows for external probability ttibution functions to be defined for the length

and frequency of morphemes in the corptiszutz and Laguf2009 show these to have minimal effect, and
so we leave them out for simplicity.
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and morphs are recursively segmented until the decreabe madel cost reaches a given
threshold. The algorithm requires no linguistic knowledged can therefore be applied
to any language with a sufficient amount of textual data. Tigerdhm could be used to
derive the morph probabilities of one dialect and apply thesegment another unknown,
sparsely represented dialect.

We applyMorfessorto the vocabulary of the corpus, minus the singleton wor@syp
This means the morphs are derived from the more common wiatter than relying on
rare words for segmentations, resulting in more reliablepin®. We use word types rather
than their token frequencies as the basis for the deconpasits recommended nreutz
and Lagug2005. The resulting dictionary is used to segment the entirgpuer each
word is deterministically decomposed into Morfessordetermined morphs, or where no
decomposition has been defined (e.g. for singleton words)ytiee entire word is used. N-
grams are counted over these morphs. We include morphem&v@ad-boundary markers
in the decomposition so that morphs can be correctly conasgd back into words for

evaluation purposes.

4.5.4 MADA-derived morpheme LM

We replicate the LMs described i-Desoky et al[2009 and Diehl et al.[2009 by
usingMADA (Habash and Rambof2009) to derive morphemes from words. The algo-
rithm underlying the MADA software relies on a dictionary MSA affixes and stems,
tables defining their possible combinations, and a mod¢ljtiolges the most likely mor-
phological decomposition given a word in context. First,palssible morpheme decom-
positions for a word as defined by the databases in the Buamwatabic Morphological

Analyzer Buckwalter[20041) are enumerated. Each decomposition is accompanied by
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Word AlmVitrwn

Al [mVtrw] n
Stem Al [mVtr] wn
Al [mVtrwn]
Affix Al [mVtr] wn
[AImVtr] wn

MADA Al -mVir- wn
Morfessor Al- -mV- -trwn

Table 4.3: The morpheme decomposition hypotheses of eachothdor the word
AlmVtrwn “the purchased goods,” according to all four morpheme ohgasition tech-
niques.

a detailed description of the part-of-speech and other gratical properties of the de-
composed word. Next, a support vector machine model, puslyidrained for MADA on
broadcast news data, is used to determine which of thosemgexsitions is most likely
given the context and grammatical information. The mo&ljildecomposition is marked
by MADA. For each sentence in the corpus, we replace each wibindts most likely de-
composition, then count morpheme n-grams to estimate thBMBased language model.

The MADA algorithm requires a substantial amount of lingiciknowledge to perform
the morphological analyses, and annotated data to traimtuel that predicts the correct
morphological decomposition. These resources have bekzedtin building MADA,
which is designed to work with MSA data. We expect the MADAsbd morpheme deriva-
tion method to work well for the MSA data, as it was trained o8 Mbroadcast news. Its
usefulness when applied to other dialects will be exploneQhaptei8.

Table4.3 shows how the single wordimVtrwn“the purchased goods” is decomposed

by each morpheme derivation method.
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4.6 Description of the Training Text and Pre-processing Steps

The training, development, and test corpora used for the [&#ion of this study, as
well as the text preprocessing steps applied to the corpogajescribed in this section.

The primary training text corpus for language modeling is #DT4 Multilingual
Broadcast News Speech, Text and Annotations, distributetdizinguistic Data Consor-
tium (Kong and Graf[2004). We use the Modern Standard Arabic portion of the corpus,
which includes 1,088 files of broadcast news text. The newscss included arégence
France Presse, Al-Hayat, An-Nahar, Voice of AmeranadNile TV. All of the data files are
news articles collected between October 2000 and Janu@dy Zbe first three sources are
newspaper text, while the latter two are transcripts ofaadid TV news programs. The
chronologically last four transcripts are reserved asrigstata (19K words), and the four
previous to that are used as development data (17K wora@dsjing 1080 files (14 million
words) for LM training. Note that the development and tesadaclude transcripts only,
not newspaper text.

The text files are formatted with SGML; the tags break up thpwsinto articles and
give information about the source and data of each story.coh&ent is encoded as Arabic
script in UTF-8, and thus readable as Arabic in many texweslibr browsers. However,
this encoding is not amenable to manipulation with the werimorphological and language
modeling tools we are working with to build our LMs, such as SRI(Stolcke[2007)
and OpenFstAllauzen et al.[2007). We change the original texts from UTF-8 into a
representation using only the 7-bit ASCII characters. Wehs®&uckwalter transliteration
scheme, slightly modified to exclude characters that arenpatible with the FSM and

LM software. Buckwalter encoding can be unambigously rekitack to Unicode. The
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mapping between the Arabic script, Buckwalter transliteret, and our transliterations is
reproduced in Tablé.4.

We perform tokenization to separate punctuation from sumdong characters. We use
periods to delimit the sentences when counting n-gramshdioeind, we change all excla-
mation points, question marks, and colons to periods. Bgriguotation marks, and com-
mas are surrounded with whitespace so that they are nopieted as characters within
a word. Otherwise, the words “ktb,” and “ktb” would be diféet, increasing the number
of unique word forms and exacerbating the out-of-vocalyytaoblem. The forward slash
appears exclusively in dates in this corpus and can causdepns with our downstream
software, so we remove it entirely from the training corpNsimbers that are attached to
words (no whitespace between) are removed. The percenisglao deleted. The Al-
Hayat text uses the charactezgsand > rather than quotation marks; we convert them to
guotation marks for consistency across the corpus.

The problem of inconsistently used hamzas is describetlirkwalter[20043. The
hamza symbol, representing a glottal stop in some placesnarphonological value in
others, can be written with a number of different glyphs. Séhearieties are not used con-
sistently, and would be a source of noise in our models. Astaimce of hamza occurring
at the beginning of a word or after the two most frequent pesfixre changed to the letter
Alif. That is, any instance of, $ or Toccuring at the beginning of a word, following! at

the beginning of a word, or following at the beginning of the word, are changed.to
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Glyph Buckwalter Heintz Glyph Buckwalter Heintz
£ ' Q ¢ E E
I — W C g g
I > U - _ _
5 & R < f f
| < O & q q
% } M 4 K k
| A A J I I
o b b ; m m
0 Y p ) n n
) t t 0 h h
& % % ) w w
z j j s Y Y
d H H S y y
'C X X fatHatayn F F
> d d fatHatayn 0 e
3 * L kasratayn N N
B r r Dammatayn K K
3 z z fatHa a a
o S s Damma u u
5 $ \% kasra i i
e S S shadda ~ I
P D D sukun o] 0
L T T dagger 'alif ‘ C
L z z waSla-on-alif { B

Table 4.4: Mapping between Arabic script, the Buckwalterrabger transliteration, and
the modification on that (Heintz) used for representing éhasaracters to the FSM and
LM tools. (Linguistic Data Consortiurf2z009).
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4.7 Text-Based Language Model Evaluations

In this section, the stem-derived morpheme language medmmpared to the alter-
native language models through a series of text-basedagi@iuneasures, including cov-
erage of a test set and average negative log probabilitysel hmeasurements will give us
initial insight into how the different models may performartask setting before building
a speech recognition system on which to test them more thgbhpu These evaluations
serve as a check that the models are properly built and tah#ories we have about the
relationships between words and morphemes are confirmeldebmodels. We also gain
some insight into the differences between the morpheme isiode

The test set is converted from words to the appropriate kintharphemes for each
language model before evaluation. For the stem, stem+EMa#ix models, we decom-
pose each word in the test set using the same stem-findenofiaffer FST that was used
to decompose the training text. The decompositions of eawd w the test sentence are
concatenated into a sentence-long FSM. The sentence FSMrnipased with the FSM
representation of the stem- or affix-based language moddltee best path is returned.
The best morpheme path of each sentence in the test textdsasalculate the coverage
and average negative log probability statistics descridsow. For the MADA model, we
use the word-to-MADA dictionary that was compiled during tinaining step. For each
word in the test sentence, we extract from the dictionaryofithe decompositions that
were chosen for that word throughout the training text (ligdlaere is a single decompo-
sition, but for about 5% of the words, multiple decomposisavere chosen throughout the
text). The decompositions are compiled as FSMs, which aneatenated in order. The
sentence-wide FSM is composed with the MADA-based langumageéel FSM, and the

best path is chosen. For the Morfessor model, since only ecendposition is possible per
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word, we simply use the same word-to-morph dictionary usettiaining to convert each
sentence into morphemes. In this way, we evaluate each mmgpllanguage model on a
text comprised of the correct type of morpheme.

Some pruning is performed when estimating the language Imdaen counts. All
models are pruned according to the minimum count indicedged by SRILM for Kneser-
Ney discounting. The stem+EM model initially proposes farenunigrams than the stem
model, due to application of weight to the morpheme pathg;hmmakes some morphemes
frequent enough to avoid pruning by the second model. Inrdodmake more consistent
comparisons between the stem and stem+EM model, we prurséeiims-EM model to in-
clude only the same unigrams as the stem model. In additieraffix model was pruned
using entropic pruning in order for it to be a manageable. Siteunigrams were pruned,
and only as many bigrams and trigrams were pruned as to makeMtsmall enough to
encode as an FSM. Although we prune the affix model to a lasgenethan the others, it
remains the largest LM, as shown in Talilé&.

Table 4.5 describes the five language models in terms of how many ngdmeach
order exist in each model. We see that the stem model has reuehn tinigrams than any
of the other LMs. We know that all of the 460K word types endeuved in the training text
can be created by concatenating these morphemes; thetttistem-derived morphemes
provide the most compact encoding of the words. The Morfessd MADA models also
have fewer unigrams than the word model. The affix model, kewés highly permissive
in its judgement of what is a possible morpheme, as it prapos&re unique morphemes
than words. This means that many words have been decomposedltiple ways, or
many of the derived morphemes are not repeated for many wésisnentioned above,

the unigrams in the stem+EM model are pruned to match thoffgeistem model. The
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Model | Unigrams Bigrams  Trigrams
Words | 461,650 4,672,078 1,328,770

Stem 99,353 843,016 731,600

Stem+EM| 99,353 1,110,594 142,213
Affix 612,790 4,853,110 6,356,298
Morfessor| 283,018 2,325,287 1,772,926
MADA | 232,221 1,895,422 1,597,788

Table 4.5: Size of each language model, trained on all of tB&Nnguage modeling data,
with Kneser-Ney discounting. All morpheme models excepttfe affix model encode
the data more efficiently than the word model, with fewer wamgs. Pruning affects the
number of bigrams and trigrams in each model.

bigrams and trigrams are also pruned to include only thesalhtdary items, and the LM
probabilities redistributed among the remaining n-grafie application of LM weights to
the FSMs, unigram pruning, and subsequent LM estimatiosecthe stem+EM model to
be quite different from the stem model in size. It is showrobethat the resulting changes
are not necessarily useful when EM is applied over all of #imglage modeling text.

On average, how many morpheme paths do the different laeguaglels hypothesize
for each word? The stem-finder and affix-finder transducemsbcgh hypothesize more
than one path through each word, depending on how the létténe word compose with
the patterns in the transducers. For the vocabulary comgrél of the training text, the
stem-finder produces 1.28 and the affix-finder produces 3/ft6theses per word on aver-
age. Although the MADA method can predict different morpleesequences for the same
word if it appears multiple times, in this study, the topked morpheme sequence is the
same for most instances of a given word. Only about 5% of thesveave multiple MADA
decompositions, resulting in an average of 1.017 decomposiper word. The Morfessor

method, by definition, proposes only one decomposition medwThe evaluations below
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Model | Size of Text| Unigram Bigram Trigram
Words 12235 98.40 68.26 21.60
Stem 20015 99.08 84.06 44.73
Stem+EM 19274 99.00 69.30 11.59
Affix 19757 99.04 77.72 42.98
Morfessor 19356 98.69 90.59 63.35
MADA 21596 93.21 84.36 64.07

Table 4.6: Percent coverage of the test texts by each maalative to each n-gram or-
der. While unigram coverage is mostly equivalent across isptlee morpheme models
generally have better coverage of higher-order n-grams.

as well as the ASR results in the next chapter show that thepteuiecompositions, while
they could provide increased recovery of out-of-vocalyutarms, in fact do not result in

increased coverage of the test text.

4.7.1 Coverage

Coverage statistics measure how many words or n-grams insseuorext have proba-

bility mass in the language model. We compare the test and ddabularies:

# tokens in text not in LM

Coverage(text|LM) = 100 — ( 4 tokens in toxt % 100) (4.6)

For larger n-gram orders, it is possible that some of theemsgkens appeared in the train-
ing text but were pruned in estimating the language modeé& mhAin goal of morpheme
language modeling is to reduce the number of unseen worddeastaet, therefore, we
expect to see higher coverage for the morpheme LMs than the: ds. Table4.6 shows
how well each of the language models covers the test text.

We see that the unigram coverage is nearly identical for atlefs except the MADA

model. For bigrams and trigrams, all of the morpheme modeiem stem+EM cover
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Model Percent word OOVs
covered by morphemes
Stem 60.14
Stem+EM 60.14
Affix 54.05
Morfessor 68.24
MADA 74.32

Table 4.7: Percentage of word-based OOVs obtainable by icomgithe terms within each
morpheme model. More than half of the out-of-vocabularydgaran be recovered by all
of the morpheme models.

more of the test set than the word model, confirming the hygsithof reduced out-of-
vocabulary (OOV) rates when modeling with morphemes. Fgrdms, the Morfessor
model performs best, followed by the MADA and stem modelse MADA model has the
best trigram coverage, followed by Morfessor. Note thatahevery little difference in the
amount of trigram coverage provided by the Morfessor and MADodels, despite their
very different methods for deriving morphemes from words.tkls measure, the resource-
light Morfessor method works about as well as the resouezeAn MADA method. This
result will be repeated throughout the experiments in tlugkwThe stem+EM model does
not produce bigrams and trigrams that are more attuned teshset than the stem model
before EM. This may be because the iteration over the trgs@h serves to emphasize those
n-grams that occur frequently within it, but the higher@rd-grams are being pruned too
aggressively after the LM weight application, causing angs in the test text to be under-
represented in the model. Because the test text is first tnanefl into morphemes, the
coverage is calculated over a different size corpus for eaatiel. Therefore, calculating

the statistical significance of the differences betweenetsid not meaningful.
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Model | Bigram Trigram
Word 95,51 41.35
Stem 90.89 51.88
Stem+EM| 81.42 36.12
Affix 85.90 38.47
Morfessor| 85.51 61.42
MADA 62.40 51.91

Table 4.8: Percentage of OOV n-grams for which a backoffarrgfone order lower) and
backoff weight exist in the model.

We are interested in morpheme models because we assumeethahwonstruct OOV
words by combining morphemes. We measure the extent to whislassumption is true
by counting how many of the OOV words are obtainable throwgghlinations of the mor-
phemes within each model. Table7 shows, for each language model, what percentage
of the 148 out-of-vocabulary words in the word-based testap be recovered by com-
bining morphemes within each model. The MADA model produbesmost useful mor-
phemes for re-composition of OOV words, followed by the Msdor model. The stem
and stem+EM models perform with equal usefulness, as thetaitothe same unigrams.
The affix model has the least helpful morphemes. At best wieedbver 75% of the OOV
terms by employing morphemes. The OOV words not recovetabthe morpheme mod-
els may be named entities like people or organizations whieHess likely to be subject
to the inflectional varieties of regular nouns and verbs rerfareign words, which do not
follow the stem pattern rules described above.

We can also analyze the coverage results more closely byiexemnfor each of the
higher-order OOVs, whether a backoff weight exists in theletidor the next-lower-order

n-gram. That is, if n-granx y zdoes not exist in the language model, is there a backoff
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weight associated with the n-graxny? When backoff is necessary, we want to be able to
backoff as little as possible, as the longer n-grams are imnéoemative, and have more
reliable estimates. For instance, if we are looking for thebpbility of a trigram, we
would prefer to backoff only to the bigram (if the trigram isaeen), than to back off to the
unigram. The results given in Tabde8 show that both the word and stem-based morpheme
models provide backoff weights for nearly all bigrams. Therfdssor model provides the
most backoff weights for the trigrams, followed by the stamd MADA models. The affix
and stem+EM models show about the same results. The MADA malidave the least
smooth estimates for higher-order n-grams. These dift®may appear in the models’
scores on perplexity evaluations and when applied to thecspeecognition task. We would
expect models with the smoothest distributions to make tbst meliable predictions.
Considering all of the coverage measurements - size of LMaamgcoverage, OOV
recovery, and backoff coverage - no clear best model emégasamong the morpheme

models.

4.7.2 Average Negative Log Probability

Language models are often evaluated by the perplexity oétaest given the model.

Perplexity measures the average branching factor of thehadd is calculated as:
PP(zy...1,) = 2n o= losP@leisy 4.7)

wheren is the number of items in the test set. A lower perplexity daties a stronger
model. However, calculating this measure for each of ouretsodould lend bias towards
the morpheme models, asthe number of morpheme tokens, will invariably be larger fo

those models, therefore making the perplexity lower. Ireotd evaluate the morpheme
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models, we use an adapted measure of perplexity introduc&dahhoff et al.[2004,

called average negative log probability (ANLP):

1 — :
PP(zy...2,) = EZlogP(xi\xﬁj’) (4.8)

Ti=4

wheren is the number ofvords in the test set, always as determined by the word model.
This allows for a less biased comparison among the modelaitAperplexity, we look for
the lowest ANLP given to a test text by different models tagate the model that encodes
the text most effectively. The log probabilities of Equatib8are calculated using backoff;
where a trigram is unknown, the bigram probability and b#fckeights are used, and an
unknown bigram will back off to the unigram probability anddioff weight. In each
language model, a small amount of probability mass is atiithto an unknown symbol
based on the number of unigrams in the model; that is, th@digohg method applied to
the model is used to apply probability mass to the unseemamigThe unknown symbol is
not included in any higher-order n-grams. When an out-ofbotary word or morpheme
is encountered, it is replaced by this symbol and given trebability (as a unigram). In
this way, no zero-probability terms are included in the gktton of ANLP. Subsequent
terms are also measured as unigrams, bigrams, and thesamsgas informative context
becomes available.

When working with multiple morpheme hypotheses, as with taemsstem+EM, affix,
and MADA models, each sentence in the test text can be en@slad FSM, where each
word is represented by all of its hypothesized morphemeesemps. Weights are applied
to the paths by composing it with an FSM encoding the languagdel. There are two
possible ways of calculating ANLP at this point. We can cltaithe probability of the

sentence by finding the shortest (least-cost) path of theceded FSM. This best path may
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or may not be the one chosen as the best path in a task settiege wther scores like
acoustic or translation probabilities may influence the path calculation. Alternatively,
we can sum the probabilities of all paths to find the total ptlity that the model gives
to all morpheme paths. While summing over all paths is nottmacin a single-pass
decoder, and therefore will not be used in our ASR experigéhé calculation is a good
way to calculate the model’s efficiency at encoding the st tResults of both methods
are shown in Tabld.9. In the first three columns, marked Best Path, the minimum cost
path is chosen. In the columns marked All Paths, the weightdl @f the paths of the
sentence-wide FSM are summed to produce the ANLP for thaeses. The word and
Morfessor models have a single path for each sentencer tatireapply the FSM method,
we simply use theagr am - ppl command in SRILM to calculate log probabilities for
each sentence. In all cases, the log probabilities are sdragress utterances and divided
by the number ofvordsin the test text. The affix model was too large to encode as &h FS
with 4-grams and 5-grams, so the ANLP is unavailable forehuosdels.

Beginning with the first column of Tabk.9, we see that the diminished context of the
morpheme models cause them to assign a higher averageveedgatiprobability to the
test text than the word model, indicating that the morphemgram models are weaker
than the word unigram model. The predictive context of thepheme-based models is
diminished because each morpheme contributes only a patithe context that a whole
word can contribute. The morphemes alone are less preglidtiv instance, one might
imagine that the definite article morpheme is less prediadivwhat will follow it than a
whole word form. Therefore the word model best encodes gid¢drt when only unigrams

are considered.
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Unigram  Bigram  Trigram  Trigram  4-gram 5-gram
Model | BestPath BestPath BestPath All Paths All Paths All Paths
Words 4.18 3.35 3.26 3.26 3.32 3.31
Stem 5.39 3.98 4.08 3.88 3.79 3.59
Stem+EM| 5.87 5.27 5.38 5.28 5.30 5.29
Affix 5.14 3.92 3.54 3.09 - —
Morfessor| 5.63 3.94 3.31 3.31 3.29 3.25
MADA 5.99 4.17 3.76 3.61 3.47 3.56

Table 4.9: Average Negative Log Probability of the test satalculated by each language
model.

In the second column, we see that adding bigrams to the mgdedgly improves the
predictiveness of all of the models except for the Stem+EMI@ho Although a word is
often broken into a sequence of three morphemes in the mompheodels, it appears that
sequences of two morphemes recover enough of the predictitext to make the ANLP
scores of the morpheme bigram models equal to or less tha&NbPE of the word unigram
model.

As for trigrams, the Morfessor morpheme model assigns anfANLthe test text very
close to that of the word trigram model. Even though the etqukepredictive context of
the Morfessor trigram model is less than that of the trigraondvmodel, the test text is
encoded with the same entropy by both models. The Morfesedehis able to overcome
the lack of context by having a lower out-of-vocabulary rael possibly by having more
reliable statistics over its trigrams, which are bound fmesd more often in the training text
than word-based trigrams.

The addition of trigrams to the Stem model exhibits an oddabseein: the ANLP in-
creases in comparison to the Stem bigram model. This ireidhtt the Stem-based tri-

gram statistics are in some way unreliable, or that the pasgt-algorithm is not providing
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a good representation of the model. In the third column we atdice that the ANLP of
the Stem model is greater than that of the Morfessor modek My be due to a better
encoding given by the Morfessor model, but it may also be dubé use of the best path
to calculate ANLP. Whereas all of the probability mass of therfdssor model is in the
single path, the probability mass of the stem-based morpheatel is spread across mul-
tiple paths, and only one such path is used to calculate ANL&der to recover the lost
probability mass, we can use the sum of all of the paths r#itla@rthe best path to calculate
ANLP. None of the information encoded by the morpheme malklst in the calculation
of all-paths ANLP.

The use of all-paths lowers the ANLP compared to best pathalfanultiple-path
trigram models (column 4). The Affix morpheme model assidnaslowest ANLP to the
test text. The Affix model produces an ANLP slightly lower ewban that of the Word
trigram model. Again, using morphemes produces a lowenbwtcabulary rate which
makes up for the diminished context of the morphemes. AdBStem morpheme model,
using the all-paths calculation recovers the lost proligmhass, so that the model now
encodes the test text with trigrams more efficiently thangitihe best-path method, but the
encoding is not as efficient as that of the Word, Affix, or Meder models. The MADA
model also benefits from the all-paths calculation evenghdhbere are fewer paths through
each sentence; the ANLP it assigns to the test text is bettedrof the Morfessor and
Stem morpheme models. While we do not use the all-paths métimatecoding in the
following chapters, the ANLP results indicate that a morptssticated system in which
such a decoding process was reasonable may be able to médeuset of these models

than a Viterbi decoder.
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In most cases, increasing the n-gram order past trigrandupes lower ANLP, as
expected. However, the statistics for higher-order wogtams and MADA morpheme
n-grams are sometimes unreliable enough to increase rhidnedecrease ANLP relative
to the lower n-gram order. Increasing the n-gram order tor@-grams may be useful in
the Stem and Morfessor model.

The Stem+EM model, built using stem-derived morphemes fiwvghround LM prob-
abilities applied to the FSMs, gives a higher ANLP to the test than all other models.
While its unigram results are in line with those of the otherph@me models, it is the only
model for which adding bigrams only results in a slight dasesin ANLP. As in the Stem
model, adding trigrams worsens ANLP, and using the all-gatkthod helps only a small
amount. Let us consider this in light of the Stem+EM'’s resintother evaluations in this
chapter. In Tablel.5 (page56), we see that there are far fewer trigrams in the Stem+EM
model than in the Stem model (this is due to pruning during L$Wineation, described
below). In Table4.6 (page57), we see that the coverage provided by the bigrams and tri-
grams in the Stem+EM model is the worst of all of the morphenoelets, and because
of its small number of trigrams, the test set coverage is pexyr for that order n-gram.
The backoff coverage (Tablke8, pageb9) of the Stem+EM model is lower than that of
the other morpheme models as well. All of these measurenpeimsto the outcome seen
in Table4.9, that the Stem+EM model does not encode the test text as séfleaother
morpheme models.

Why are there so few trigrams in the Stem+EM model? To creatS&tém+EM model,
we apply the language model probabilities from the Stem rinfodée morpheme sentence
FSMs. When we subsequently count the trigrams, the countseigihted by those prob-

abilities. In some cases, the weight applied to the trigisummed over all instances, will
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remain less than one, or less than the threshold requirdteldyM estimation algorithm for
trigrams to be included in the subsequent LM. Thereforgrams that were included in the
original stem model are not included in the Stem+EM modetabse they appeared few
times in the corpus and were given low probability by the Steemyuage model. This is not
surprising given that the trigrams in the Stem language inedes not highly beneficial
(compare columns 2 and 3 of the Stem model in Tal®

The effect of EM seems to have had an odd effect on the bigraitough the bigrams
encoded in the original Stem model were useful, their cayeeand encoding of the test text
is not as high as expected in the Stem+EM model. The weiglueating of bigrams seems
to have emphasized those that are less helpful to the motkkxcluded many that were
useful. It is possible that with the large vocabulary in tthéga set, more iterations of EM
are necessary to achieve the desired results. With a laiggbutary, more uncertainty is
present, so it may take longer to reach convergence. A sapefienents below shows that
EM works well on a smaller data set. Given these results, texéuture research might
focus on whether setting the count thresholds differerdlyldinguage model estimation
would improve the results.

The EM algorithm for language model refinement is far morectoical over a small
data set. We can therefore see what happens to the average@dgg probability of the
test text as we continue to refine the model estimates usengdrated counting method
discussed in Sectioh.4 if we restrict the data to only the transcripts (455 tokeegimi-
nating the newswire text. Tabfe10shows the ANLP results for the trigram stem-derived

morpheme model over several iterations, with the previtration’s LM estimates used to
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Stem Model
Iteration Unigrams ANLP
0 (unweighted) 37561 5.53

1 36970 4.67
2 37507 4.58
3 37597 4.55
4 37507 4.55

Table 4.10: The average negative log probability of thegestor trigram models built on
transcript data, and refined using the method describedatiobel. 4.

weight the new counts each time. In this setup, the refinesrterthe language model ap-
pear immediately. We see that for the stem model, the scoregge after five iterations,
for a total 17.72% relative decrease in ANLP.

In the results shown in Tabke 10 the EM process is proven to be useful for the stem-
based trigram model trained only on transcript data. Thebmimof unigrams in each
model remains relatively stable, in contrast to the modeik bver all of the LM data, in
which the number of unigrams increases significantly when&applied. In the larger LM
instance, the number of unigrams grows because in the fpptapon of LM probabilities,
weight is added to spurious morpheme sequences that wenedim the initial model.
The added weight pushes them to a level at which they are noegdrfrom the subsequent
language model. The probability mass attributed to thesemjs hypotheses is taken from
the more viable n-grams, thus making the model less predicind the ANLP higher.
Even pruning away the less likely n-grams, the large LM tooHEM has been applied
is not as predictive as the original large stem-based magel Tablet.9). It is possible
that, for the larger stem model, further EM iterations willsh the probability mass away

from spurious and towards correct morphemes, so that con@pheme sequences would
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receive higher probabilities and encode the test text nficgemtly. However, performing
these LM compositions with the sentence FSMs is very timesgomnng over all of the
language modeling data, taking up to three weeks to compfeteur processors. Iterative
application of LM weights is feasible and useful for the deralanguage model, likely
because the incorrect morpheme hypotheses are repeatadifeas across the data. These
continue to be pruned or given low probability in all itecats of the EM process, as shown
in Table4.10 and the probability mass shifts more quickly to the mosljikmorphemes.
The EM iteration over the smaller language model is alsoulgethe ASR task, as shown
in the next chapter.

These probability scores are a good indication that morghleased language models
may be as effective as word models in the NLP tasks to which #éne applied, if not
more effective. These scores do not, however, give a goddatdn of which among
the morpheme models will be most effective. The specificgaskvhich the models are
used - speech recognition, language generation, machingdtion - will require different
properties, and therefore may prefer different modelshénrtext chapter, we apply these

models in the decoding step of an Arabic speech recognizer.
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CHAPTER 5: TESTING THE MSA LANGUAGE MODELS FOR
AUTOMATIC SPEECH RECOGNITION

The results of text-based evaluations in Chagteuggest that the stem-derived mor-
pheme language model will work as well or better than worskeblaor other morpheme
language models when applied to a specific natural languagessing (NLP) task. The
task described in this study is automatic speech recogniA®&R). The language models
are used in the decoding step, when we attempt to recogrezedids contained in test
utterances. This chapter describes how we build acoustipeonunciation models from
Arabic speech data, then test the various language modetgydiecoding.

The automatic speech recognition problem is formulate®é®As:

PAW)P(W)
P(A)

P(W|A) = (5.1)

wherelV is the spoken word sequence aAds the acoustic signaHo!mes and Holmes
[2007]). Using this Bayesian equation, we try to find the most likelgrd sequencél’
given the acoustic signalP(A|W) is the acoustic model, which we will build as a gener-
ative model with triphone HMMs. The acoustic model des@ithes relationship between
the features in the acoustic signal and the labels (phonetingswe use to describe the
phonetic components of the language(}V) is the language model, which will be built
with both words and morphemes as the terms making up themsgréd/e use a pronunci-
ation model to bridge the gap between the phonemes hypoéteby the acoustic model

and the words and morphemes represented in the languagé M@dean ignore thé’(A)
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term because, for any given utterance, it is constant ansl mlmechange the probability of
a word sequence being the correct hypothesis.

Section5.1 describes the makeup of the ASR system. This includes aipgsorof
the training and test corpora, the procedure to train the Mh&t comprise the acoustic
model, and the method of creating an appropriate pronuaniatodel for each language
model. Sectiorb.1also describes the decoding procedure. The results oftéad neiund of
decoding are described in Sectibr2. Because these experiments were not successful, in
Section5.3we describe language models that comprise a mixture of vasrdsnorphemes,
which allow us to better make up for the context lost when wagkvith morphemes, while
still taking advantage of the possibility of recovering O@4dgrds. The results of decoding
with the mixed LMs are described in Sectibril. Analyses of how the models handle OOV
words and how morphemes are employed in decoding are givgedtion5.5. To increase
the word accuracy rate given the particular challengesdfagéh the morpheme+word
models, we try expanding the word-based lattices with mempdhypotheses, discussed in
Section5.6. Further discussion of the speech recognition resultdudireg a comparison
of the results of the different morpheme+word models andmapasison to the results in

previous literature, is given in Secti@ny.

5.1 Acoustic Model Training Regime

The data used for building MSA acoustic models are from th&4 Dorpus, and con-
sist of the Nile TV and Voice of America broadcasts and traptons. There are 74.18
hours of data. This corpus is broken up into a 70.87 hour (456Kd) training set, 1.65-
hour development set, and 1.66-hour test set. The develdpane test sets represent the

chronologically last eight data files, and contain about W@ifds in their transcripts. The
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development set was used to tune parameters such as premeigbeam width), word

insertion penalty, and language model weight.
5.1.1 Word-Based Pronunciation Modeling

A pronunciation model is derived with the help of the Buckwakrabic Morpholog-
ical Analyzer (BAMA, Buckwalter[20041), which hypothesizes short vowels and gem-
inates for many of the words, given that the diacritics farsia phonemes do not appear
in the transcripts. An example of output from the BAMA toolskown in Figure5.1
All possible pronunciations hypothesized by the analyreiracluded in the pronunciation
model. For the 44K unique words in the training transcriperé are a total of 224K pro-
nunciations, indicating an average of about 5 pronunaiatfmer word. In the experiments
below, we supplement the BAMA pronunciations with grapheamnby pronunciations for
words or morphemes that are not found in the BAMA dictiondiye possibility of using
the stem-based finite state machines to generate vowelkpoedi in place of the use of
BAMA is discussed in ChaptelO.

There are 71 monophones represented in the pronunciatidalmihis is a large num-
ber compared to approximately 45 monophones used to degemigish sounds. In Arabic,
the monophones include doubled consonants (geminateajidition to consonants, long
vowels, short vowels, and silence. The small number of vewsektountered by a large
number of consonants, some of them unused in English, sughaagngeal fricatives and
‘emphasized’ or pharyngealized consonants.

For studies in which a voweled (as opposed to a graphemia)up@ation model

is used, the application of the Buckwalter Arabic MorphotagiAnalyzer, its successor
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<t oken_Arabi c> s¢£

<vari ant >yHt wy
<sol uti on>
<l enmal D>{i Hot awaY_1</| emmal D>
<voc>yaHot awi y</ voc>
<pos>yal/ | V3M5+Hot awi y/ | V+(nul | )/ 1 VSUFF_MOQOD: | </ pos>
<gl oss>he/it + contain/include + [ind.]</gloss>
</ sol uti on>
<sol uti on>
<l ermal D>{i Hot awaY_1</| enmal D>
<voc>yaHot awi ya</ voc>
<pos>yal/ | V3M5+Hot awi y/ | V+a/ | VSUFF_MOOD: S</ pos>
<gl oss>he/it + contain/include + [sub.]</gloss>
</ sol uti on>
<x_sol uti on>
<voc>yHt w</ voc>
<pos>yHt wy/ NOUN_PROP</ pos>
<gl 0ss>NOT_I N_LEXI CON</ gl oss>
</ x_sol uti on>
</vari ant >
<vari ant >yHt wy
<sol uti on>
<l emmal D>{i Hot awaY_1</| enmal D>
<voc>yuHot awaY</ voc>
<pos>yu/ | V3M5+Hot awaY/ | V_PASS+(nul | )/ | VSUFF_MOOD: | </ pos>
<gl oss>he/it + be contained/be included + [ind.]</gloss>
</ sol uti on>
<sol uti on>
<l enmal D>{i Hot awaY_1</| emmual D>
<voc>yuHot awaY</ voc>
<pos>yu/ | V3M5+Hot awaY/ | V_PASS+( nul | )/ | VSUFF_MOOD: S</ pos>
<gl oss>he/it + be contained/be included + [sub.]</gl oss>
</ sol ution>
<x_sol ution>
<voc>yHt wy</ voc>
<pos>yHt wy/ NOUN_PROP</ pos>
<gl 0ss>NOT_I N_LEXI CON</ gl oss>
</ x_sol uti on>
</variant >
</t oken_Arabi c>

Figure 5.1: Pronunciation possibilities are generatet tié Buckwalter Arabic Morpho-
logical Analyzer, which includes short vowels and gemisandts analyses. The pronunci-
ations are between “voc” tags, and include phonemes like'tg; and ', which represent
short vowels.
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MADA, or a similar morphological analyzer with pronunciatioutput is common. For in-
stancef|-Desoky et al[2009 use the pronunciations and morphemes provided by MADA
for a group of experimentsxiang et al.[200 use BAMA together with other “decom-
pounding” constraints to build a morpheme language mod#l vaweled pronunciations.
Messaoudi et al[2004 finds a best path through BAMA pronunciation variants by ap-
plying acoustic model probabilitiesi\guyen et al[2009 use a morphological analyzer
similar to BAMA to generate pronunciation hypotheses, therit their morpheme lan-
guage models to only those terms that have pronunciatiénsdsy et al.[2009 use a
series of linguistically-informed rules to craft a proniaton model for both words and
morphemes. Other studies, especially those involvingM&#: data, will use grapheme-
only models Diehl et al.[2009, Choueiter et al[2004, Billa et al. [2007), or where
available, phonetic transcriptions provided with the csrfKirchhoff et al.[2006). More

information on these and other methods of vowel insertionmfound in Chapted.

5.1.2 HMM training

We use HTK {foung et al.[2007), the HMM Toolkit, to build the acoustic models.
A hidden Markov model (HMM) is a stochastic, sequential middat emits probabilities
of feature vectors according to a distribution learned fltabeled data. Each state of an
HMM represents a possible label in the outcome. In a speextgngtion system, the
labels are the set of monophones, or combinations of mommgsheossible in the language
(e.q., triphones or quinphones, etc). The emissions oftdtesare the probabilities that
the given acoustic feature vectors would have been gemebgtéhe model. We train the
parameters of the model by associating sequential framasafstic feature vectors with

correct labels, using an Expectation-Maximization alidponi to learn the distribution of
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acoustic features corresponding to each label. In this eagh state of the HMM learns a
particular probability density function of the values oétficoustic feature vectors, given its
label. For a sequence of acoustic feature vectors with wakrabels (the test utterance),
we determine the set of states that was most likely to havétemmihat sequence. By
applying the Viterbi algorithm, we can predict the sequerfdabels corresponding to that
most likely state sequencE{biner[1989).

The acoustic signal is converted into 13 Mel Frequency CalpSwefficients (MFCCs)
with delta and double-delta derivatives, resulting in 3&dees per 25ms window with a
time step of 10ms. These features are applied to the bagete&4dMM training proce-
dure described in the HTK manual and summarized here. Miestind a global average
for each of the 39 features by extracting their means acresdset of the acoustic data.
These averages are designated as the initial values foroédlch 71 3-state HMMSs, one
model per monophone. Baum-Welch re-estimation is useditottita models with mono-
phone transcripts. After the first round of re-estimatioona-state short pause HMM is
introduced, which allows for silence to be hypothesizedvieen each word. The models
are re-estimated with this short pause included. The trgotgms are realigned, allowing
alternative pronunciations to be chosen for each wordr aftert pause re-estimation. We
then create a cross-word triphone transcription, whichughes 26K unique triphones, and
re-estimate the models. Triphone HMMs with low probabilég well as the set of un-
seen possible triphones, are then tied to more stable mosielg the decision tree method,
where a series of phonological questions are consideredtérrdine which triphones are
most alike {foung et al[1994). The trees used for our Arabic data were supplied by the

5Through monophone training, we use a subset of the corpus oadf the smallest utterances that add
up to a total of 34 hours. By using only the shorter utteranicehe first part of training, we were able to
build more stable models with fewer run-time errors.
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Air Force Research Lals(yh et al.[2007). The tied triphone HMMs are re-estimated.
The number of Gaussian mixtures in each HMM is then increaseawrements of 2 and
re-estimated after each increase until 16 mixtures per HNMMelbeen estimated.

We generate one set of acoustic models with which to test tledanguage models. In
many previous studies, researchers have trained sepamistia models with transcripts
and pronunciation dictionaries comprised of morphemesinitial testing, this method
was not found to be fruitful, so instead, we simply changeptenunciation model and
language model at decode time. This reduces training tirdealows for a more direct
comparison among language models, as the acoustic modeingthe same throughout

all experiments.

5.1.3 Decoding

Decoding is performed with HDecode, a component of HTK. Thendi algorithm is
used to find the best path through the labels generated byNtiddhat each frame. This
is done by considering not only the state emission proliegs]ibut also the associations
in the pronunciation model between phonemes and terms,hanscbres in the language
model concerning sequences of those terms. The best patigththe lattice, accounting
for both acoustic and language model scores, is retaindttastognized utterance. In the
case of morpheme models, adjacent morphemes in the bestrpatbncatenated using the
dash annotations on the morphemes as guides to concatepatits, in order to compare
the recognized utterance to the word references.

We employ a two-step process for decoding: in the first stepceate decode lattices
using a trigram LM trained only on the transcription data. filld the best path of these lat-

tices to calculate an initial decoding accuracy. We usestiigll LM in order to stay within
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the memory bounds of the computing resources. Then, we dxpardecode lattices with
a trigram or higher-order LM built on all of the training datacluding the newswire text.
This second step is performed with tla¢tice-toolcomponent of SRILM $tolcke[2007).

The two kinds of language models will be referred to as LMwi@&ipt and LM-alltext.

5.1.4 Pronunciation Models for Decoding

When we decode with the word-only language model, we can wessedame pronun-
ciation model that was employed to train the HMMs. For the pheme LMs, a new
pronunciation model is built using the BAMA tool. The proséas shown in Figuré.2.
We first derive a vocabulary of morphemes from our trainedlage model, then present
the vocabulary to the morphological analyzer. Many of thephemes are unknown to
the analyzer, nevertheless a set of hypothesized prortiomsas generated for them using
the consonants in the morpheme, that is, a grapheme pratiwancis generated for un-
known morphemes. Although the resulting pronunciatioedess reliable for morphemes
than whole words, especially due to missing phonologicirmation from neighboring
phonemes, using the same procedure for deriving word angheaore pronunciations al-
lows us to share the acoustic model between experimentswApr@nunciation model is
built to accommodate the morphemes in each language model.

A related note is that an additional spelling change was niadest incorporate the
language models into the decoding process. Rather thanloisiogets to mark morpheme
boundaries as described in Sectibfy instead we simply mark morpheme boundaries with
a dash “-”. While the brackets are more informative as to wiéms exactly match the
stem patterns, the dashes are easier to work with in the ggcpdbcess. In any decoded

morpheme sequence, if two adjacent terms have matchingslaitey are concatenated
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Section 5.1.2 Use for Decoding
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Word+Morpheme Pronunciation Model
Use For Decoding
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Figure 5.2: A new pronunciation model is derived for eaclyleage model, always using
BAMA to produce voweled pronunciation variants.
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Model | 3-grams 4-grams 5-grams 6-grams
Word 74.95
Stem 58.02 58.02 55.03 54.71
Affix 58.07 58.85
Morfessor| 55.91 44.99 53.11 53.01
MADA 42.48 41.28

Table 5.1: Word Accuracy on the development set using waitg-and morpheme-only
models. The morpheme-only models are inferior to the wang-model: all morpheme
results are significantly different from the word resultg at .0001.

to form a word. If a stray morpheme is found, for instance, apheme with a dash
at the start but no dash on the preceding term, then the dasmisved and we assume
the morpheme is a stand-alone word. The problem of hypatingsstray morphemes, or

illegal morpheme sequences, is discussed further in $estdelow.

5.2 Decoding with the Morpheme-Only LMs

Table5.1gives the results for decoding the development utterantbgive morpheme-
only language models described in the previous chapterlafiiees were created using the
LM-transcript and expanded with LM-alltext. We see that therpheme models cause a

significant reduction in word accuracy as compared to usiegmord model for decoding.

The accuracy reduction is due in part to the lack of contexbh@morpheme models:
because a word can be broken into as many as three morphemdegassibly more for
the Morfessor model), a sequence of three morphemes isedigal in context to a single
word. The predictive ability of a morpheme such as ‘Al at beginning of a word, which
may be followed by many different stem morphemes, may noslsrang as the predictive

ability of a stem, after which it is likely that a suffix or thegfix of a following word
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will appear. The same may be said of function versus contentdsvin the word model;
however, because nearly every word is split into morphemaisd morpheme model, the
frequency of affixes will out-pace that of function words, kimg the predictions of the
morpheme model weaker. It is interesting to see that the neone models do not improve
as more context is added with higher-order n-grams. Thisystat the lattices may be of
poor enough quality given the initial trigram decoding &gy and acoustic model, or the
estimates of the higher-order n-grams are not high quality.

The reduction in word accuracy is also likely in part due t® thismatch in pronunci-
ations in the switch from words to morphemes. The acoustidetsoare trained on word
transcripts, then tested with morpheme pronunciation fhsodéhe duration statistics and
end-of-word models may be different in words and morphesassing a decrease in accu-
racy. Phonological processes sometimes occur over neutigjacent sounds; these effects
are not always modeled properly when the pronunciation medeased on morphemes.
Furthermore, the short length of the morphemes means thdess room for error, and

more opportunity for ambiguous pronunciations, than wherdecode with words.

5.3 Developing Morpheme+Word Language Models

To address the problem of context and reduce the phonolagisanatch, we create
models that are mixtures of word and morpheme n-grams. Eaphm may have both
whole words and morpheme sequences within it. The four nesnghderivation methods

require different procedures for incorporating words vt morphemes.
5.3.1 Morpheme+Word N-grams for Stem- and Affix-Based Models

In the two models where morphemes are derived via finite statghines (FSMs), we
add a whole-word arc to each lattice representing a decosdpasrd. See Figuré.3
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Al-/0.166 -AIEAD/O

AlAw-/0.25

AlAwl-/0.25

AIAI-/0.166 ° -EAb/O
c AIA-/0.166 e -EAb/O °
AIAIEAD/0.5

Figure 5.3: Each word in a two-word phrase has been decordpotestem-based mor-
phemes, and the whole-word arc added to each FSM. The whaig-avc receives half of
the probability mass, and the remaining paths share theimergarobability mass evenly.

for an example of two such decomposed words concatenateduroarize the earlier
discussion of using FSMs to decompose a word, we build e@tstem-finder FSM or an
affix-finder FSM, using stem patterns or affix definitions exgwely, and compose that
finder FSM with an acceptor representing the word. The ouécohthe composition is an
FSM representing all of the possible morphological decasitpms of the word. Adding
a new step, we produce the union of the morpheme FSM and a wiuol single-arc
FSM. Furthermore, we assign weights to the new FSM. The wardegeives half of the
possible weight of all paths through that word, and the menpé paths share the remaining
weight equally. This is done to prevent the morpheme secseraf which there may
be multiple types for each word, from dominating the languagpdel probabilities in
comparison to the less-frequent words. The weights aresllsan in Figure5.3. Other
weighting schemes, including the use of EM to determine teahts, are discussed in
Section5.4.1below. When these morpheme+word FSMs are concatenatedsett@nce-
level FSM, the n-gram counting algorithm creates estimatesequences that include both

words and morphemes.
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As before, we build language models by first applying the iefficn-gram counting
methodAllauzen et al[2009 to count morpheme+word n-grams over the sentence-wide
FSMs, then estimating the language model from those colmtsis case, we use Witten-
Bell discounting, as it allows for partial counts, whereaso@&during and Kneser-Ney

discounting do not.
5.3.2 Morpheme+Word N-grams for MADA-Based Models

We do not use finite state machines to derive the morphemabgites with the
MADA tool, so we must use a different procedure for incorpioigawords into the n-grams
along with morphemes. In this case, we replicate a methocritbesl inEl-Desoky et al.
[2009, where the most frequent words are left whole. For eachrarite in the training
text, we use MADA to find the most likely decomposition of eaabrd. Then, we create a
new sentence wherein the infrequent words are replacedhgthdecomposition, and the
frequent words remain intact. We define frequent words asetimthe top quarter of the
frequency list, slightly more thahl-Desoky et al[2009 use in their smaller vocabulary
system. N-gram counts are calculated over these mixed segsieand language mod-
els estimated in course. No weighting scheme is necessatlieee is only a single path

through each utterance.
5.3.3 Morpheme+Word N-grams for Morfessor-Based Models

The procedure for incorporating words into the Morfessasdal language model fol-
lows the lead of the MADA procedure, such that we leave thetifnequent words whole.
To do this, we rely on a feature of the Morfessor algorithmcatculating the cost of the
model and frequency of proposed morphs, we take into ac¢bantord frequencies. The

frequent words are rarely decomposed because their whmie-status is less costly than
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the morph sequences that comprise théme(itz and LaguE2009). Therefore, we let the
algorithm decide which of the words are decomposed. Thdtieghat 18K words remain
whole, 38% percent of the vocabulary. We can compare thisetd 8% that remain whole
when word frequencies are not taken into account. The ptread otherwise the same as
before, with each sentence transformed into its morphs awdsy N-grams are counted

across each sentence, and the language model is estin@tethfyse counts.

Initial experiments showed that these mixed models are wifitient on their own.
The decoding is greatly enhanced by interpolating the eséisfrom the word-only model
with the mixed models described above. The SRILM toolkit ptes the facility to mix
estimates from several language models. Therefore, inxjpperinents described below,

each language model is an unweighted mixture of two separatiels:

1. A model built of mixed word and morpheme n-grams

2. Word-only n-grams

Experiments in which the models were weighted differentlythe interpolation did not
produce better results. Also, interpolating the morphemig-language model as well
as the word-only model did not change the results, we thexdéave out this option for
simplicity.

To reiterate, these mixed models, which will be called memba+word models, al-
low us to encode greater context than the morpheme-only imatlew, and also provide

greater cohesion between the acoustic, pronunciationaagdiage models.
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Model Development Set Evaluation Set
LM-transcript LM-alltext| LM-transcript LM-alltext
Word 71.67 74.95 72.75 76.55
Stem+Word 68.14 72.21 69.11 72.34
Affix+Word 68.20 72.34 68.80 73.34
MADA+Word 70.09 73.54 71.59 74.87
Morfessor+Word 70.27 73.41 71.64 74.66

Table 5.2: Word accuracy results on the development andi@vah sets with the mor-
pheme+word models. The word model performs the best in alflitons - development
and test, transcript and alltext language models.

5.4 Decoding with Mixed Word and Morpheme LMs

In all of the experiments presented in Tabl@, the word model performs significantly
(p < .05) better than any of the morpheme+word models, using eitieek M-transcript or
LM-alltext models, for both the development and evaluasets. Why is the word-based
accuracy not surpassed or even met by the mixed models? Wydyirgy the decode lat-
tices, we found that many illegal morpheme sequences adécped by the mixed models.
Even though they are not directly represented in the langoagfel, sequences such as two
consecutive prefixes, or a stem followed by a prefix, can oeciire output due to backoff.
Choueiter et al[2004 found that constraining the morpheme predictions to oegjal se-
guences using FSMs is useful to counteract this problem.diel emot change HDecode to
add this constraint, but we did try to compose the decodedsttvith a constraining FSM,;
this method was not successful in our system. Instead, wectalll illegal bigrams that
occur in the initial lattices, and add them into the languaglel with zero probability.

The language model is re-normalized with the additionataits in order to return it to a
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Model Development Set Evaluation Set
LM-transcript LM-alltext| LM-transcript LM-alltext
Word 71.67 74.95 72.75 76.55
Stem+Word 70.64 74.16 69.74* 73.09*
Affix+Word 70.56 74.67 71.21* 75.11*
MADA+Word 71.40 74.56 72.53 75.88
Morfessor+Word 71.95 74.83 72.83 75.88

Table 5.3: Results on the development and evaluation setsaaidéhg with mixed mor-
pheme+word language models in which illegal morpheme sempseare included with
zero probability. * signifies significantly different frorheé word modelp < .01. Many of
the morpheme models now perform with accuracy equal to thd wmdel.

probability distribution. The additional zero-probatyilbigrams serve the purpose of dis-
couraging backoff to illegal sequences, shifting probgbrhass to sequences we know to
be more likely. The test utterances are decoded again vétérthanced transcript-only lan-
guage model. The results of decoding with the illegal sege@mhanced morpheme+word
models are shown in Tabte3.

The addition of the zero-probability illegal sequencesgjes the results. For both the
development and evaluation sets, we see that the morpheoné-+aodels now produce
results that are non-significantly different from the worddal, except in the case of the
stem+word and affix+word model on the evaluation set. Foddvwelopment set LM-alltext
experiments, the morpheme+word models are non-significdifterent from each other.
The MADA+word and Morfessor+word models produce resuléd Hre statistically equal
in all experiments. The stem+word and affix+tword modelsgrenfthe same on the de-
velopment set, but the affix+word model performs signifiabétter than the stem+word

model on the evaluation set.
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An additional iteration of finding illegal sequences in thdites and adding them into
the model did not produce different decoding results. We atde here that it was neces-
sary to use a beam width of 200 to achieve scores that wergtistty the same for word
and morpheme+word models. (The default beam width for detattices in our work is
150.) The interaction between the morpheme+word modelstenacoustic model is such
that more predictions are required from the initial decoderder for the language model to
choose a good path. Increasing the beam width further didmmbve results, and causes
the processing time and space to increase. It might seenfidiaht® expand the decode
lattices with 4-grams from the LM-alltext, however, thissuaot always feasible on our
system. In the instances where the 4-gram expansion diti fitme results were not differ-
ent from the LM-alltext 3-gram experiments. This indicattest the higher-order n-grams
are too sparsely represented in the corpus to provide mefalysobability estimates than
the 3-grams.

The lack of improvement with the addition of morphemes toldmguage model in-
dicates that the deficiencies in the pronunciation modgdmgedure were harmful to the
experimental results. Recall that we model the morphemedeas well as the word-only
lexicon with the Buckwalter Arabic Morphological AnalyzeBAMA). The morphemes
that do not exist as independent items in the BAMA lexiconrasemodeled with short
vowels, making them different and less consistent with tteuatic model than the whole
words modeled with short vowels. Furthermore, we do not ribeewvay in which pronun-
ciations may change when the morphemes are concatenatetiienwords, because the
morphemes pronunciations are not modeled in the contekieofvhole word, we miss the
phonological changes that can occur at morpheme boundéyebelieved that using this

consistent method of pronunciation modeling would alloviaugepeat the use of the same
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acoustic model with all language models, rather than reitrg the acoustic model with
morpheme-based transcripts for each language modelirgyiengnt. Initial experiments
indicated this to be the case, however, the final resultsatdithat the mismatch between
acoustic, pronunciation, and language models is probierfatrecognition.

Why did the two FSM-based models, the stem- and affix-derivedbhreme models,
perform worse than the Morfessor and MADA models? The mosioois difference be-
tween the two pairs is that the FSM models hypothesize nbeltipprpheme sequences
per word, and the Morfessor and MADA models only predict ormepheme sequence per
word. (The MADA model initially considers multiple hypotbes, but in each instance,
chooses one sequence to represent the word.) As we showedtiore.3.1above, the
probability mass for each word is spread among the hypothegsbe FSM-based models.
The word arc receives half of the probability mass for thatdyand the remaining mor-
pheme paths receive an equal share of the remaining prapabéss. The motivation for
this weighting scheme was to prevent the morphemes fromi@og|too much probability
mass in comparison to the words, given that for any word thexg be multiple morpheme
paths, but only a single whole-word arc. However, the paldicweight application that we
chose resulted in an undesirable distribution of probighitiass. Morpheme sequences in
words for which there are many paths have a smaller probathitkn morpheme sequences
in words with few paths (compare the weights on the morpheatlespof the two words
in Figure5.3 on page80). Words that have fewer decompositions can then dominate th
model. This kind of prior on the morpheme sequences is ndtmaivated linguistically,
which may make the FSM-based models less predictive. Meregwen that we do not
test for the viability of the morphemes against a lexicon,mnuest assume that probability

mass is being given to some wrongly hypothesized morphemeesees. In Chaptérwe
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Model LM-transcript
Stem+Word, Even Weight 68.14
Stem+Word, No Weight 69.14
Stem+Word, EM Weight 70.62

Table 5.4: Word accuracy scores on the development set far thist use different weight
applications on sentence-wide lattices before n-gram taogin The apriori application
of even weights across morpheme arcs was not useful; usimgerghting scheme or a
statistically-informed weighting scheme produces insegword accuracy.

described how our expectation is that the language modbbpitities will winnow out the
less viable morphemes in favor of those that repeat with melr@bility. Apparently, the
weighting scheme or multitude of n-grams is preventing tltasn happening effectively.

Additional experiments shown in the following section sapghis hypothesis.

5.4.1 Weight Application in Morpheme+Word Models

To build the stem+word language model in Tablg we partition the weight for each
word evenly between the word arc and the derived morphenhs péte apportion one half
of the probability of the word to the word arc, and split theneening weight among the
morpheme sequence paths. We do this for each decomposednubiel sentence, then
concatenate the FSMs before counting n-grams across thenserwide FSM. At least
two other ways exist to apportion weight across the word andoheme paths for each
word. First, we can assign no weight to any path, therebyidering the paths to be
equiprobable. The count of the n-gram sequences will be dependent on the number
of times the sequence occurs in the sentence, and not on haw paghs exist through
each word. Second, having estimated an LM on these equipie®bpaths, we can apply

the LM weights to the sentence-wide lattices, and countamgra second time to create
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an EM-enhanced language model, as described in SeétibnWe estimated two such
models on the transcript data, and decoded the developratntvith these new language
models. The results are shown in Tablé, along with the score of the evenly weighted
model used above. We see that the language model estimatedEMiapplied counts
gets the best score on the development set, using the tigrsicly LM. Unfortunately,
there was not time to pursue using this model instead of tea exeight model with the
LM-alltext, due to the time and resources required to colleese n-grams over the entire
corpus. However, these experiments show promise that theapdlcation of weights
to the morpheme hypotheses produces better language maddihas the sought-after
effect of removing or more severely discounting the spugipiypothesized morpheme

sequences.

5.5 Analysis of OOV prediction

The results in Tabl®.3 do not support the claim that morpheme models help reduce
the OOV error rate. Before attempting once more to use the meonp+word models
successfully, we will look more closely at how each of the gleanakes use of morphemes
and how each model handles out-of-vocabulary words. Thésisawill focus on the
mixed morpheme+word models, where illegal morpheme semsehave been removed,
as these produced the best results. These analyses contésghe evaluation set.

Table5.5 shows that the affix model uses the most morphemes overaB7%®of its
predictions are morphemes rather than words. This mighe baen expected given the
results shown in Chapter, where we saw that the affix model was most permissive in its
morpheme derivation. That is, the affix model has the mosphemes to choose from,

and also uses them to the greatest extent in decoding witkedmiorpheme+word model.
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Model | % Predictions % Morpheme % Morpheme Sequence %Morph Seq.
= Morpheme = Label = Word in Reference = OO0V Word
Stem 9.62 2.61 33.15 2.01
Affix 10.57 6.79 41.02 3.66
MADA 3.28 3.92 19.90 7.46
Morfessor 3.57 10.24 33.78 7.11

Table 5.5: How each word+morpheme model uses morphemesdicfions for the 9480-
word evaluation set. The affix model predicts morphemes witsh, and the morphemes
that the affix model predicts are most likely to coincide véttvord in the utterance.

The stem-based model uses morphemes for 9.81% of its poedicslightly fewer than the
affix model, while the MADA and Morfessor models use morpheioe only 3-4% of their
predictions. The number of morphemes predicted by any ofrtbéels is far fewer than
the number of words predicted. There are at least two wayy to explain the preference
for words. We might expect the acoustic model to give higkeres to the words than the
morphemes, especially considering that the acoustic nveatetrained on word transcripts;
however, this prediction is not borne out by an analysis efahoustic model scores on
the decode lattices. Another explanation may be that, Isecawwrd sequences exist in
both the morpheme+word language model and the word-onlyulage model used for
interpolation, the language model statistics regardiegitbrds are stronger and overpower
the morpheme statistics to some extent.

The second column of Tabl5 describes the percentage of morphemes that exactly
match their paired label. The matching is considered witttoeimorphemes’ dashes. It is
the case that some morphemes can also represent whole Woristance, a term with a
preceding dash prefers to be attached to a prefix, but may benantatical word without

that prefix. If the term exists in the pronunciation modelhaand without the dash, then it
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will have the same pronunciation for both, and it will be uphe LM to choose which one
is preferred given the context. The affix model has the mestipted morphemes matching
the aligned label, although the number of exact matchesisdb5.6%. The stem-based
model performs the worst in this regard, with 2.7% of morpbesmatching the aligned
label. Again, the higher percentage for the affix model igliikdue to the fact that the
derivation method allows for more morpheme types, theedtioere is a higher chance that
such a morpheme might be valid as a stand-alone word, ancharhitpance that it will
match the label. The low number of matches overall is notrging since we design the
model so thasequencesf morphemes are predicted to match OOV (and other) words.
Column 3 of Table5.5 shows the percentage of morpheme sequences predicted by eac
model that represent any valid word in the evaluation sete dffix model's predictions
most closely match the evaluation set vocabulary, follolwgdhe stem model, both at
about 41%. Morpheme sequences that do not match a word indheation set vocabulary
may be valid words, but they will not have produced a ‘hit’ feord accuracy. The fourth
column of Tables.5shows the percentage of predicted morpheme sequenceshegent
OOV words. These figures, all below 10%, are lower than we naa Ipredicted, as we
specifically make use of morphemes to try to recover the OOwg«oThe MADA and
Morfessor models have the most morpheme sequences ma@@gvords; this may be
one reason that they provide slightly better word accurhayn the stem- and affix-based
models in some experiments.

We can look at the same information from the point of view & @OV tokens. Of the
9480 words in the evaluation set references, 538 (5.68%par¢ words. How many of
the OOV tokens are aligned with a morpheme? The first columFabfe5.6 shows that

the affix and stem models replace about a quarter of the OOWsmorphemes. The next
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Model | % OOVs Replaced % Replacements % OOVs deleted
With Morpheme Match OOV

Stem 24.16 1.54 9.29
Affix 24.72 6.02 13.94
MADA 11.52 3.23 13.57
Morfessor 13.01 8.57 13.38

Table 5.6: Description of how the 538 OOV tokens in the evidmaset are handled by
each of the word+morpheme models. The stem and affix modasce OOVs with mor-
phemes the most, but only ﬁﬂof OO0V instances. Rarely do morphemes recover OOVs
successfully.

column describes the percentage of those morphemes thetyexetched the OOV with
which they are aligned. Very few OOVs are exactly matchedtmpgoheme, but, this value
does not take into account whether that OOV is exactly mateleen adjacent morphemes
are concatenated. The MADA and Morfessor models replagehatf as many OOVs with
morphemes, but according to the analysis above, thesecespénts are more likely to be
accurate than those of the stem- and affix-based models. t&treasd affix models use
deletion for OOVs about as often as the MADA and Morfessor esd

This analysis of morpheme prediction and OOV handling byhedi¢he language mod-
els reveals that the morphemes are indeed detrimental tiettaeling process, as shown in
Tables5.2 and5.3 above. We know that there is a mismatch between the acoustielm
built on word-only transcripts, and the pronunciation o tinorphemes. Still, we hope
to address the OOV problem by predicting morphemes ratlaer words in places where
OOV words occur in the signal. As the analysis shows, thisamd often happen. OOV
words are resolved with morpheme predictions only 27% otithe at most, and in these

cases, there is a low probability that the morpheme or segueihmorphemes will match
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the OOV word. We see that this is the case regardless of whicpmeme derivation tech-
nique we choose. Therefore, we must look elsewhere in themsyfer ways to better utilize

the morpheme sequences.

5.6 Enhancing Word-Based Decode Lattices with Morphemes

In an effort to make better use of the morpheme models andl @kei pronunciation
model mismatch, we perform a set of experiments that use tinphreme models to rescore

the word-only decode lattices. The steps are as follows:

1. Decode the test utterance with the word-only languageeinadd pronunciation

model. Save the decoded lattice for each utterance.

2. Encode each lattice as a finite state acceptor with thesicaunodel scores included

as weights on the acceptor.

3. For each word arc on the acceptor, find the stem-basedobaffied decomposition.
Concatenate the outcome FSMs in the same arrangement agjihalavord lattice.

This process is described further below.

4. Encode a morpheme+word language model as a finite stateimeaevith the lan-

guage model probabilities and backoffs included as FSM hisig

5. Compose the morpheme-enhanced decode lattice FSM fraB &ith the language

model FSM.

6. Find the best path of the composition, and concatenatmtrphemes into words.

Compare the outcome to the reference labels.
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Word decode lattice:

efghi/0.340
e hil0
de/0 ef/0.779 @ g/0 @ h/0
bcde/0.560 efgh/0.779 Q
h/0

b/0.560 | cde/0 @ efg/0.779 e

Figure 5.4: Each word on the decode lattice is decomposedtstomponent morphemes,
encoded as a small FSM. The morpheme FSMs are concatendtedsame way as their
word arcs were originally arranged. The acoustic modelesobthe word is applied to the
initial arcs of the morpheme FSM.

The word to morpheme decompositions performed in Stepe necessary for suc-
cessful composition of the word-based lattices with thegheme-+word language models.
For each arc on the decode lattice, we create an acceptesesying just that word, and
compose it with a stem-finder or affix-finder transducer (axdeed in Sectiod.1). The
resulting morpheme sequences, as well as the original whotd arc, are encoded as a
single finite state machine which is inserted into the sex@dangth FSM in place of the
original word. The acoustic score associated with the wotte original lattice is applied
to the arcs emanating from the first state of the morpheme BSdfmple example of this
is shown in Figures.4. We do not use the MADA or Morfessor models to enhance the

lattices because they do not fit well into the FSM architectesigned for the stem- and
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Model Development Set \Evaluation Set
LM-transcript LM-alltext| LM-transcript

Word 67.87 74.95* 72.75
Stem+Word 71.59*% 71.83 72.42
Affix+Word 71.62* 71.96 72.42

Table 5.7: Word accuracy result for rescoring the word-dadecode lattices with mor-
pheme+word language models. Rescoring gives significaettgbp < .01) results than
words for the transcripts-only model, but the words-ontyida expansion to alltext is sig-
nificantly better than rescoring with the alltext morphenvetd LM.

affix-based models, and also used to create the enhancededattices. While it is pos-
sible to create FSM models reflecting the output of the MADA &forfessor algorithms,
doing so made the process too slow for inclusion in this work.

In these experiments, we have removed the main reason flyiagpa morpheme-based
instead of a word-based language model: by starting witiwibrel-based decode lattices,
we cannot improve on the OOV rate. Only the words originatygmsed in the word-based
decode lattice will be hypothesized in the rescored lattmevever, a different best path
may be chosen based on the ways in which the words decompubé¢hea likelihood of
those morphemes in context.

The word accuracies for these experiments are significaheicase of the transcript-
only LMs on the development set, as shown in Tablé Composing the morpheme-
enhanced decode lattice with a morpheme+word languagelrhoilteon transcripts pro-
duces a significantly better score € .01) than the best path given by the word-only
LM-transcript (column 1). When we expand the decode lattwitis the word-only LM-

alltext (row 1, column 2), the score improves even furthet, it when we rescore with

94



a morpheme+word LM-alltext (rows 2 & 3, column 2). The use afrphemes in the all-
text case, even when interpolated with the word model, isasgiowerful as the context
given by the trigram words alone. The lack of effect with tHd-klltext models may be
due to the pruning performed on the morpheme+word EM&e might also come to a
similar conclusion ashoueiter et al[2004, that larger vocabulary language models cause
morpheme estimates to be less useful. Because the LM-atit@eriments were not suc-
cessful for the development set, and because the rescershgy to complete, we ran only
the LM-transcript experiment on the evaluation set (colBjnin the case of the evalua-
tion set, rescoring with morpheme+word models does notymedetter results than the
word-only model - no useful information is added to the deladitices.

If the results on the development set are indicative that diecoding method will be
useful for some data sets, it might mean that the probal@stimates made for the more
oft-repeated morpheme sequences are more reliable thgmrdbabilities estimated for
the word sequences, at least over a small corpus. The smglldge model limitation is
not necessarily a downfall: for many dialects of Arabic,yoalsmall amount of language
modeling text is available, so this method may prove to beenuseful in those domains

than in the MSA domain.

5.7 Discussion

Why do the morpheme-based models not significantly incrdssevord accuracy of
the system? The main cause is likely the interaction betweemorphemes and the pro-
nunciation model: the pronunciations derived for the merpas do not take into account

5We use the SRILM flag -prune with threshold £.00~° to prune these models as minimally as possible
to allow for FSM encoding.
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the phonological processes that occur at morpheme bowsd&@onsider the word_JUJ},
AITAIb in Buckwalter encoding, meaninthe student It is pronouncedot’:a:lib]. The
coronal L, (T) pronouncedt®/, is considered a “sun letter” which causes the /I/ in the
definite article to assimilate to its place of articulatiofhe first consonant in the word
becomes the geminaté:/. Furthermore, L is an emphatic consonant, and it causes the
subsequent sound represented by the alif (A), normallyquooed asa:/, to become a
back vowel, &:/. In the word-only pronunciation model, consonant assitiah is explic-
ity modeled so that_JUall (AITAIb) has the correct pronunciatignt':a:lib], as above.
The /I/ of the definite article does not appear in this promatian. In the morpheme-based
model, the word will be in two partsg)! (Al), with pronunciation/ol/ or /1/, and _J\L
(TAlb), with pronunciation/t'a:lib/. No assimilation is accounted for. Sun letter assimi-
lation does not occur across word boundaries, so any crossphones with the |-#:
combination from the word model will not help in this sitiati The same is true for the
backing effect that the L has on the alif ( 1). If the word happened to be split into
morphemes between the (T) and the! (A), there would be no indication to the acoustic
model that the alif should be the backed kind, as this phenomeéoes not occur across
word boundaries. It is possible that applying one of the nsoghisticated pronunciation
modeling methods discussed in Sectmi.1or Chapterd would improve the results of
these experiments. By accounting for these and other phgicaloprocesses that occur
across morpheme boundaries but not word boundaries, dieafnbrpheme models used
in this study might achieve higher word accuracy rates.

How do the results for the current system compare to theteesuprevious literature
for morpheme modeling in Arabic ASR? TalBe8 shows a comparison of the levels of

WER improvement across 13 studies using morpheme-enhameditAanguage models.
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Best Improvement

Publication Language Morpheme/Model Type (% Relative)
Afify et al. [2009 Iraqi Affix 14.60
El-Desoky et al[2009 MSA MADA 12.64
Nguyen et al[2009 MSA Combination 11.70
Xiang et al.[2004 MSA Affix 9.84
Choueiter et al[200q MSA Affix, med vocab 7.57
Diehl et al.[2009 MSA MADA 7.46
Sarikaya et al[2007] Iraqi Affix 7.45
Nguyen et al[2009 MSA Sakhr 6.36
Nguyen et al[2009 MSA Affix 3.72
Vergyri et al.[2004 Egyptian FLM 3.34
Kirchhoff et al.[2009  Egyptian FLM 3.11
El-Desoky et al[2009 MSA MADA, voweled 3.00
Kirchhoff et al.[200]  Egyptian Combination 2.54
Kirchhoff et al.[2009  Egyptian Stream, Class 1.94
Stolcke[2004 Levantine Affix 1.41
Choueiter et al[200q MSA Affix, large vocab 0.74
Emami et al[2009 MSA Rich NN 0.00
Creutz et al[2007 Egyptian Morfessor —4.06

Table 5.8: Comparison across previous research of word acgumprovements using
morphemes, relative to comparable word models within tineesstudy. Different combi-

nations of system complexity, language form, and morpheeneation method produce a
large variety of results.
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As discussed in the previous chapter, we see that theredsgeat for using morpheme-
based models; many studies gain significant improvementsiid accuracy by enhancing
the models in this way. However, there are two studies thatvsio improvement, and
for some studies where morphemes were helpful, the effeanlis slight. Given these
poorer published results, and given the bias for publisbimy positive, significant results,
we might assume that other studies concurring with the t®shbwn in this chapter were
performed but remain unpublished. Another indication a gissumption is in/ergyri
et al.[2009: in building an Arabic ASR system, morphemes were discdaiethe models
grew large, because “as more data became available theverpemt from these models
diminished.” Some publications indicate that the amouriesfefit is highly dependent on
the corpus. In thélguyen et al[2009 study, five evaluation sets are used; for the best
model, the improvement in word accuracy across those figaraages from 2.2% to 0.9%
absolute.

There does not seem to be a clear correlation between theledatyof the system
or the size of the model and the utility of morphemes, juddinogn the list in Table5.8.
Highly sophisticated and relatively simple systems, as aglarge and small corpora, can
be found in studies at both the top and bottom of the list. Harrhore, there does not
seem to be a correlation between complexity of morphemeatern and success of the
resulting model. For instance, thdify et al. [2004 study uses the relatively simple affix
definition method, also constraining predicted stems udiegBAMA tool. It is highly
successful (14.60% relative improvement over word modsl#)in its domain of Iraqi
Arabic. Likewise the knowledge-rich MADA method appeargthon the list with 12.64%

improvement shown on MSA data. On the other hand, the Fatiomeguage Models

98



of Kirchhoff et al.[2004, which take into account a multitude of linguistic data aswd
phisticated backoff algorithms, provide a much smallet1%6) improvement for Egyptian
Arabic, as does the simple affix method when used with a langabulary on MSA data
(0.74% improvement).

We might conclude that each study in Tabl& proves the utility of morpheme models
and morpheme derivation methdas that systemit is difficult if not impossible to predict
whether a complex, simple, or lack of morpheme derivatiothoeg will be most useful for
a particular implementation of Arabic automatic speeclogadion.

The results shown in Sectios3 and5.4 add to the argument that there is little cor-
relation between the complexity of morpheme derivationhoétand benefit to word ac-
curacy. The Morfessor algorithm uses the least amount guistic knowledge of the
four derivation techniques explored in this study, reaugronly a vocabulary list and op-
tional frequency counts, whereas the MADA model requirestiost amount of linguistic
knowledge, including a corpus of parsed data over which lecipart-of-speech sequence
statistics. Despite this disparity, the morphemes and hene sequences resulting from
these two models were about equally useful in the ASR tasiduyming similar results in
all of the experiments shown. Unless the grammatical in&tiom about words and mor-
phemes provided by the MADA model is to be used in downstreeougssing, it seems
that the additional work required to implement the resoireavy MADA model does not
provide any benefit beyond the resource-light derivatiothime provided by Morfessor.

In addition to this new perspective, we have learned thatrgooitant parameter in de-
signing a morpheme derivation method is to properly accéamultiple morpheme hy-
potheses. The two methods in which a single hypothesis iefioaeéach word (MADA and

Morfessor) generally perform better than the two methodadiich multiple hypotheses are
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made (stem and affix). Properly ranking the multiple hypsésein particular by using the
EM method for refining the resulting language models, is iatud=urther improvements
to the stem-based and affix-based morpheme models mighhimed if EM were carried
through more iterations or introduced over the larger datgathough see Sectigh7.2
for caveats). It is unclear whether this method would overethe mis-match between the
language and acoustic models, but we expect that the scoraghie affix and stem-based
morpheme models would at least be equivalent to, if not b#ten, those of the MADA
and Morfessor models. In this instance, we will have comtihe linguistic insights used
to create the affix and stem models with statistical inforamagathered directly from the
data to produce an effective language model.

Given that the morpheme models produce approximately time s@ord accuracy re-
sults in this ASR system, are there properties of the motielisrhake them more or less
useful or attractive for other tasks? Some models provideghwaogical information be-
yond the morphemes themselves, which could be used to maleknowledge-rich LMs
or class-based models. These richer n-grams could be usgdantasks or downstream
processing such as machine translation (MT), MT performed®8R output, or natural

language generation. As to the information each model gouddide:

e The Morfessor algorithm is fast, resource-light, and laaggiindependent. However,
it is capable only of providing “morph” hypotheses, whichyr@ may not corre-
spond to meaningful grammatical linguistic units. No fertlanalysis of those units
can be made without applying knowledge-based processistatstical clustering

to induce meaningful categories.
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e The affix definition model is nearly as resource-light, reipg only a list of likely
affixes and optionally some heuristics for narrowing thedtiipsized word decom-
positions based on the length of the remaining stem or ireusf the stem in a
given lexicon. With this method, we are able to label eachwald unit as either a

stem or an affix. More specific information is not available.

e The stem-based method requires about the same amount wiklicgknowledge as
the affix method, only requiring a list of stem patterns ratihan a list of affixes.
Again, we can label each term as an affix or stem. Additionafgause the stem pat-
terns also define possible short vowel sequences, we haoppioetunity to predict
this missing information as well as the hypothesized mamghsequences (see Chap-
ter 10). Similarly, because each stem pattern is associated ptific grammatical
paradigms and word classes, we could include on the outpetsame grammatical
information about each of the hypothesized stems (see&igly. This possibility
is not explored within this thesis, but, it is possible thatlsword class information
could be used to develop class-based n-gram language mddelgever, because
each stem pattern is possibly associated with multiple gratical paradigms and
parts of speech, the ambiguity of the word classes may rehéer unsuitable for
the task. The stem-based method will most likely over-gatieeanalyses for each
word due to its liberal definition of possible stems and mpldtianalyses for each
stem pattern. Further work could be done to analyze the etdemhich the gram-
matical information assigned to each stem by the stem patteatches that given by
the Buckwalter Arabic Morphological Analyzer. The two exdegpof adding short
vowels or grammatical information to the stem pattern FSMhlight the flexibility

of the Finite State Machines. It is a straightforward tasédd or remove constraints
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whenever new linguistic knowledge or statistically-dedprobabilistic information
is acquired for a given a data set. The inclusion or exclusiotertain graphemes
from the affix or stem patterns requires only a simple chaogie lists defining
those alphabets. Addition or subtraction of stem patterssibdities is similarly
simple. Prior probabilities on the frequency of stem patieacquired from a data
set annotated with such information or linguistic knowledd the language, can be
included as weights on the FSMs. New FSMs can be quickly deeipno extra

training on annotated data is needed to implement the usewotanstraints.

e The MADA method of morpheme derivation provides specifioinfation about
each word’s decomposition, including semantic, syntaetid phonological (pro-
nunciation) data. This information may be useful in buifgiclass-based n-gram
models, factored language models, or acoustic models. Howthe hypotheses are
likely to be less reliable when the data being analyzed isMumdern Standard Ara-
bic. Changing the parameters of the MADA model to accommoaateange in the
language form of the data is non-trivial, especially giveaitta significant amount of

annotated data is needed to train the SVM classifier.

Faced with the task of building an Arabic ASR system, the Itesaf this study and
those shown in Tabl&.8 suggest that one should examine the use of morphemes in the
language models using a simple method, such as Morfessmt wghextremely resource-
light. If it seems for the given system and data set that mawr@s are advantageous,
then the use of a more complex derivation method might beamted. The choice of
morpheme derivation method might then be driven by the diafArabic in use, as well
as the tools and resources available for training the modets instance, for Factored
Language Models to be used to their full potential, a wealtgrammatical annotations
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should be available. If they are not, a less resource-heatirad, such as MADA, affix
definitions, or stem definitions will likely provide the sdepfter effect.

Despite the lack of positive results from incorporating pfemes into word models for
MSA, we have still to discover which of the morpheme dermatinethods will prove to be

useful cross-dialectally, if any. The next several chaptecus on this modeling challenge.
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CHAPTER 6: HOW REGIONAL DIALECTS DIFFER FROM MSA

This chapter deals with linguistic variation between Mad8&tandard Arabic (MSA)
and Levantine Conversational Arabic (LCA), and variatiomissn different colloquial di-
alects, usually defined by their geographic regions. Lewar€onversational Arabic is a
regional spoken dialect of the family of languages called?e, whereas Modern Standard
Arabic is a written, modernized form of Classical Arabic,dibg literate people in formal
settings such as news broadcasts and university lectunesd@lineation is a major simpli-
fication; stating for certain what is a colloquial form andawfs standard is very difficult.
A speaker may use linguistic features - sounds, words, octsires - from both informal
and formal language within a single utterance. In additmaddressing differences at the
phoneme, word, and sentence level, sociolinguistic vesadre discussed in this chapter to
help the reader understand the diglossic situation thatsexi the Arabic-speaking world.

In designing natural language processing (NLP) tools meabe useful in multiple
dialects, such as the language modeling framework destiibhis dissertation, it is cru-
cial to understand the differences between the chosenctBal@he design of NLP tools
benefits from knowledge of specific linguistic difference$vireen language forms, as well
as knowledge of the contexts in which those differencesarS8ome of the difficulties
in transferring NLP technology from one form of Arabic to #mer may be resolved by

understanding the linguistic and sociolinguistic issuesctibed below.
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6.1 Understanding Diglossia

Diglossia, as defined byergusor[1959, is

“a relatively stable language situation in which, in adfitto the primary
dialects of the language (which may include a standard eomedjstandards),
there is a very divergent, highly codified (often grammalycaore complex)
superposed variety, the vehicle of a large and respectey @odritten lit-
erature, either of an earlier period or in another speechnaamity, which is
learned largely by formal education and is used for mostterior formal
spoken purposes, but is not used by any sector of the comyrfoniordinary
conversation.”

In other words, in a diglossic community, the choice of |laagg form is inherently
both linguistic and social; speakers choose to use morediasmmore casual forms based
on the content they wish to convey, as well as on the basisoflarticular social context.

As stated above, grammar is a main difference between sthiatia colloquial lan-
guage forms. In fact, linguistic features in the domainshaimplogy, morphology, lexicon,
and syntax are all relevant to describing how LCA and MSA afierdint. Each will be

discussed in turn below.
6.2 Phonology

MSA and LCA differ phonologically in their vowel inventoriesd use of some con-
sonants. The set of phonemes for each language is descniatliest.1, 6.2, and6.3
below.

Tables6.1and6.2 show that LCA exhibits a greater variety of short and long Meye
adding /e/ and /o/ to MSA's /al, /il, and /u/. As a dialect tisamainly spoken but not

written, LCA has no standard alphabet. Those who wish to vimitde colloquial form
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often use the MSA script. However, since symbols for /e/ aidléng or short) do not

exist in the MSA alphabet, this information is lost in an MSAhmgraphic representation
of LCA. Linguistic resources (such as spoken language carpad their transcriptions)
will often include a Romanized transcription, which may orynmat represent the /e/ and
/ol vowels as separate from /a/, /i/, and /u/, depending enrdmscriber’s preferences or
instructions. When working with a transcribed corpus of LCA,Mtool designers must
take care to note the alphabet used in the transcription.

The consonants represented in Tahl&are all phonemic in both MSA and LCA. How-
ever, some lexical items exhibit phonological variatioroas the two forms. The phoneme
16/ is a good example of this variation. As described-inssein[19971], the MSA words
AU [6a:ni] “two” and &JU [6a:llf] “three” are pronounced [ta:ni] and [ta:lit] in Levantine
Conversational Arabic The MSA words Y [mabala:n] “for example” and. i [0a:blt]
“firm” are respectively pronounced [masalan] and [sa:biflévantine. However, thé//is
pronounced the same in both MSA and LCA in the womi.j [?amba:l] “similar”. The
following phonemes have a regular, one-to-one relatignsith their associated grapheme
in MSA, but the same grapheme or segment of the Levantineategnay have a different
pronunciation: 7/, /g/, 16/, 10/, and /d/.

Another example of articulatory diversity similar to thdt/@ is the phoneme /g/. This
phoneme has many articulatory representations in thequolibdialects. It may be pro-
nounced as /g/ in MSA (an unvoiced uvular stop), as an undgiegatal stop /k/, as the
glottal stop ?/, or as /g/, a voiced palatal stop. In more than one dialéctnplogical inno-
vations involve the /q/ variable. According Benrabal{1994, in a rural Algerian Arabic
dialect some speakers use /g/ in informal speech where oulelwrpect to hear /k/ in such

"Throughout this chapter and the dissertation, Arabic wardsspelled in the Arabic script, followed by
the IPA representation of the word’s pronunciation, fokal\by an English gloss in quotes.
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\Vowel

Description

O s -

closed, front, lip-spread, long
closed, front, lip-spread, short
closed, back, lip-rounded, lon
closed, back, lip-rounded, shart
open, long
open, short

(@]

Table 6.1: Vowel Inventory of Modern Standard Arabico(es[199)

Vowel

Description

i
[
u
u
a:
a
e

ee
00

close-mid, front, lip-spread, sho
close-mid, front, lip-spread, long
close-mid, back, lip-rounded, lon

close, front, lip-spread, long
close, front, lip-spread, short
close, back, lip-rounded, long
close, back, lip-rounded, short
open, long
open, short
rt

Table 6.2: Vowel Inventory of Levantine Conversational Acalpiussein1991)
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Place of articulation Manner of articulation
Plosive Fricative Affricate Liquid Nasal

Labial b w m
Labiodental f
Dental plain td sz
Dental emphatiga  td s(2)
Interdental plain 00
Interdental emphatic 0
Alveolar I3 ] r n
Palatal y
Velar k (9) Xy
Uvular q
Pharyngeal h¢
Glottal ? h f

Table 6.3: Consonant Inventory of Modern Standard Arabiclaawntine Conversational
Arabic, as presented ifioles[1995

interactions. Similarly, in Tunis, /g/ is historically prounced in the Bedouin dialects in
words where /g/ is found in urban dialects or MSA. Those Bedaliglects now exhibit
instances of /g/ where they were not found in the pasi{on[2007). Gibson[2007] pro-
poses two hypotheses to account for these changes: eitherrti dialects (both Algerian
and Tunisian) are influenced by the Modern Standard Arahicistwidely disseminated in
today’s world, or they are influenced by the urban dialectk which they have more con-
tact than ever before. Other phonological variables in #mesdialects point to the latter
hypothesis as more likely. The féevs /a/ variable in Algerian Arabic exhibits the urban-
ization trend: according to the study performedianrabal{1994, the preferred variant
is /a/, which is associated with Oran, an urban center of dgand with characteristics

like monetary wealth, higher education, a likeable perbgnand speech that is pleasant
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to the eaf. Gibson[2007 identifies three Tunisian variables besides /q/ vs /g/; isre
morphological variable, the second is a lexical varighilee third phonological. This last
variable is the alternation in rural areas betwe¢ejf and/i/ and betweerfos/ and /u/.
The rural dialects usgj/ and/ows/, also found in an older form of Arabic and MSA. The
urban dialects, especially in Tunis, are more inclined tow# and/u/ or other monoph-
thong versions. All three variables indicate the trend odirdialects changing to be more
like urban dialects, not MSA. Therefore, the spoken dialeted in urban areas are the
current prestige forms toward which rural dialects areljite change. The innovations in
rural dialects may change in either of two directions, tagahe conservative MSA forms,
or towards the forms used in urban spoken dialects. In sosescHSA and urban dialects
constitute the same direction of change. In cases whererbiaa wialectal form and the
MSA form differ, researchers are increasingly finding theg innovations trend towards

the urban spoken dialects.

6.3 Morphology

Arabic morphology has different properties as concern tikedgtional, mainly con-
catenative processes, or the derivational, templaticgas®s. This dissertation assumes
that there are more significant differences between MSA atidquial dialects in relation
to the inflectional morphology than the derivational. Tabldisplays an example of in-

flectional variation. The verb “to study” in both MSA and Lenme is derived from the

8in Benrabal{1994, these are characterized as “richness, education, lilikgadnd prettiness of speech”

°These two variables are: the treatment of the final vowel feative verbs, that is, does the final vowel
of the stem remain or is it replaced by the perfective morphend the use of the word:-J! [inti] “you” as
the generic form of the pronoun, rather than as the femirona f
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person number gender Levantine MSA
1 1 m/f  darast darastu
1 2 m/f  darasna darasna:
1 3+ m/f  darasnha darasna:
2 1 m darast darasta
2 1 f darasti darasti
2 2 m/f  darastu darastuma:
2 3+ m darastu darastu:
2 3+ f darastu darasna
3 1 m daras darasa
3 1 f darasat or darsat darasat
3 2 m/f  darasu darasa:
3 3+ m darasu darasu:
3 3+ f darasu darasna

Table 6.4: Conjugation of the root /drs/ with Pattern 1 terglgiving the perfect tense
form for all person/number/gender combinations in bothdmine (Hussein[19971]) and
Modern Standard Arabid{aywood and Nahmafl969).

root letters . , >(d, r, s). In both language varieties, the pattern that caeivith the
root to create the basic past tense is simple: an open vowal®between the first and
second and between the second and third root slots. Subiiion between the dialects
exists in the inflectional endings used to define numbergpeend gender on these perfect
tense verbs. MSA has more unique forms, reflecting more fspattons of number and
gender. For each form, the suffixes do not always match betteetwo dialects, such as
the first person singular and second person singular mascettidings.

MSA also differs from most colloquial dialects in its use bbst vowel case endings
on nouns. Three case endings are possible: /a/ signalsatiweusouns, /i/ on genitive
nouns, and /u/ on nouns in the nominative case. When a nounsoatcthe end of a phrase
(pause position), the case ending remains unspoken. Incolbstuial dialects, these case
distinctions are not made.
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Parkinson[1994 exploits this difference in exploring Egyptian speakeability to
speak correct MSA spontaneously. Using case endings agla sapresentative variable,
the study shows that the subjects’ proficiencies in MSA radng@ quite poor to surpris-
ingly good. Those subjects with an elementary educationcase endings as a kind of
MSA ‘marker’: a single type of vowel ending is used sporaliiycdaroughout the dialogue,
often incorrectly, but deliberately. Other subjects witbrereducation or literary inter-
ests are more likely to use correct forms, and to use themstently. Parkinson1994
concludes that very few people can speak MSA spontaneoutslygveat accuracy for sus-
tained periods. More importantly, the variation in abilioves a point made byerguson
[1997] and others: diglossia in the Arab world is not a simple sitraof a “high” and a
“low” language that are clearly delineated and used in cemghtary situations. Rather,
there is a continuum of language, from the most informal eriost formal. A speaker
may choose features along this continuum from the phoncédgmnorphological, lexical,
and syntactic domains, to the best of his or her ability aroktst suit the purpose. Not ev-
ery speaker has access to the same range of the continuudge®every speaker wish to
use the entire range. Because the continuum varies alongrspodimensions, and because
the forms may change subtly or drastically within a convieasasentence, or even within a
single word, classifying a segment of speech as “standar&adioquial” is nearly always

an approximation or generalization.

6.4 Lexicon

Insofar as MSA and LCA are distinct dialects, the differenicetheir lexica arise in
large part from the differences in their contexts of use. @plial dialects like LCA are

spoken while chatting with family and friends or pursuing-da-day business. MSA in
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its most conservative form is mainly associated with braatioews and university lec-
tures. The topics that are discussed in MSA include scietecdnology, literature, and
medicine, but also daily topics like weather and shoppipgrts and politics. Naturally,
these domains overlap; the TV news must report on the weathdrlike anywhere else,
people chat casually about the weather as well/(er [2007, inter alia). Table6.5shows
a list of simple, everyday terms in MSA and LCA. While some tears shared, lexical
differences exist even for common words. As mentionedexaitiis not always possible
to clearly define an utterance as “standard” or “colloquiaExical choice is one way that
speakers can vary the formality of their speech. If a speadiag mainly colloquial forms
chooses a word normally associated with MSA, does it medrtlieaterm has been bor-
rowed into the local dialect and may become a part of thaedigbr is it an instance of
code-switching? Although answering questions like thieagond the scope of this dis-
sertation, it is important to realize that the relationsbgdween the standard and regional
spoken forms of Arabic is complex and fluid, both at the levehe lexicon and in relation

to the other variations discussed in this chapter.

While the lexicon of MSA is more or less consistent across gggagc boundaries, the
lexica of the varying regional dialects vary greatly. Exdaspof this variation are the fo-
cus of the discussion between four teachers of Arabic in 1®&0scribed and analyzed in
Blanc[1964. In their conversation, the young men agreed vocabuldfgrdnces made
communicating with Arabs outside their home region bothalift and intellectually stim-
ulating. In particular, they discussed terms for food iteah¢ength. They chatted about
a restaurant menu printed in two regional dialects as an pbeaof the extent of the dif-
ferences. The conversation was similar to one that migtg pdéce between British and
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English MSA Levantine
balcony LEPA AN jﬁb [balku:n],[[arfa] 8.5 [borondb]
yard  isle & (32> [hazira), [fnae?], [satha]  isL.[sa:ha]
inside Jo": [da:hil] 13> [3urwa]
room & < [furfa] L < [furfa]
kitchen CJM [matbox] CLA [matbox]
pencil 5 [galam] T [Salam]
chicken i>l>> [dagasnal C\? [3a3]

Table 6.5: Vocabulary differences and similarities for sssommon terms in Modern Stan-
dard Arabic and Levantine Conversational Arabic, as definetlissein[1991], McCarus
[1979, andAlosh [200(4, spelled with MSA orthography and in IPA symbols.

American English speakers, comparing how their dialedtsrdiWhile regional accents
are clearly in play, such that pronunciations of the samealsdiffer, of greater interest to
the non-linguists in this conversation are the differebela speakers give to the items in

their world.
6.5 Syntax

Among the syntactic features that may differ between stahalad colloquial forms of
Arabic, word order and agreement are cited in recent liieeatThe following discussion
on differences in syntactic forms between MSA and LCA is infed byHoles[199], a
detailed description of the structure of MSA and colloquelieties of Arabic.

The meaning of the sentence usually defines the choice ofevded in MSA and LCA.
In general, speakers describe events using the verb + sgbjemplement order, whereas
the subject + verb + complement order occurs more often wineprtedicate describes a
state or circumstance. One may expect to hear the formetractisn more often in MSA,

especially given its use in news broadcasts, where speakersften describing events.
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Speakers of colloquial forms are more likely to use the stibjeverb + complement order.
In either case, the speaker may choose to manipulate thegvea the definiteness of the
subject, the part of the sentence that is to receive the nmagghasis, and the information
that is intended to follow the current statement. It is maeful, therefore, to analyze word
order given its context rather than to compare types acesggubhge forms. Having built
a language model, it may become clear that one word orderiis ctonmon than another
in our data set. In an n-gram language model, the reasondartter does not matter, but
the syntax will be accounted for given large enoughA language model that takes into
account context-free grammar rules may need to incorptnet&nowledge.

In MSA, a verb need only agree with the subject’s gender, notlyer, in verb + subject
+ complement sentences. In such a sentence, the verb mayr@seeiline conjugation
even if the subject is feminine. However, if the subject i¢alized and in front of the
verb, then agreement must be true in number and gender. bha dralects in the Levant
tend to use a “stricter” form, always requiring the verb toesg regardless of order. MSA
distinguishes between human and non-human nouns: the umaarhnouns are always
paired with feminine singular adjectives, regardless efribun’s gender and number. In
the Levantine dialect, agreement between noun and adjgstiikely even in the case that
the subject is non-human. These kinds of differences betwaisdects should be taken into
account when extending a language model from one dialectdthar.

Blanc[1964 points out some syntactic differences that existed betvibe Iraqgi di-
alects spoken in Baghdad at that time. Among the three reggmmmunities living in
Baghdad, Muslim, Christian, and Jewish, each spoke a sliglffigrent form of Arabic.
The clearest syntactic difference was the occasional uaeopula in the Christian Arabic

dialect in the region. Neither the Muslim Arabic nor JewistaBic dialects used a copula.
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This is yet another instance of diglossia; in public vengpsakers mostly used the major-
ity Muslim variant, leaving the minority Jewish and Christidialects mostly reserved for
use at home.

Differences between dialects of certain syntactic stmestwccasionally serve to mark
a speaker’s usage as formal or casual, however, theseusgsi@re less often cited in the
sociolinguistic literature. Al Batal [2007, in a study of news anchors’ dialect choices
on Lebanese broadcast news programs, reaches some gemalakmons about dialect-
mixing in this setting. Whereas most news programs use a ‘eemydl register of MSA
with minimal amounts of straying into colloquial forms, tba-location reporters in the
study mix in a fair amount of LCA. Al Batal describes the dialgcthis way: “This high
concentration ofusha (formal) lexicon and structures demonstrates that thissteqgis
mainly comprised of dusha core that is passed through Levantine Colloquial phonologi-
cal and morphological filters.” The author also cites theoregy's’ use of some colloquial
negation terms as instances of Levantine syntactic stegiaterpolated in MSA speech.
Alternatively, the lapses into the informal register magicate a lack of linguistic sophis-
tication in the reporters’ grasp of MSA syntax. Overallsthase study is another example
of the very close and ever-changing interaction betweeffotimes of language: formal vs.

casual, conservative vs. innovative, literate vs. everyma

6.6 Relationship to Natural Language Processing

Although it may seem that LCA and MSA have more linguistic @eas in common
than differences, NLP tools should be designed with thedsfices in mind. For instance,
pronunciation dictionaries, morphological disambigusttexica, and parsers should take

into account the linguistic variations described aboveoAthe divide between the contexts
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of use of Modern Standard Arabic and colloquial Arabic ditdes a gradient one, and
multiple levels of the language hierarchy will influencegaage models or NLP tools built
on any single training text. The resulting errors in our nisdand the expectations of
individual models generalizing to other language formdl, lvé associated with the social

as well as linguistic forces that drive the variation.
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CHAPTER 7: PREVIOUS APPROACHES TO MODELING
REGIONAL ARABIC DIALECTS

As discussed in Chaptéx regional dialects of Arabic differ from each other in ways
that affect the way we design NLP tools for each dialect. Iditt@h, because many re-
gional dialects are spoken and rarely written, getting &&d annotated data is very dif-
ficult. Taken together, these two properties make the taskddfessing the OOV (out-
of-vocabulary) problem more difficult. In the studies dissed in this chapter, the OOV
problem in regional dialects of Arabic is addressed by iditilg morphological informa-
tion in the language model in place of, or in addition to, woridrmation. Alternatively,
some of the efforts focus on extending Modern Standard Ar@dSA) data, for which
there are many resources, to dialect applications.

As described in Chapte}, the goal ofAfify et al. [2009 is to decrease word error rate
for Iragi Arabic by morphologically decomposing the wortsgreby decreasing the OOV
rate. Segmentation is performed by defining Iraqi affixes applying blind segmenta-
tion, then using length of stems and other heuristics ta ls®gmentation possibilities and
inclusion in the segment dictionary. Segmentation deee#se OOV rate, as expected,
and also decreases the word error rate in a speech recogtatk. Interpolating word-
and morpheme-based language models is also useful, asvitsallbr greater contextual
information while maintaining a low OQV rate. It may not betbase that the stems and
affixes of Iraqi Arabic are very similar to those of MSA; hoveevdecomposition and mod-

eling over morphemes is useful for both language forms. érfollowing chapter we will
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compare the use of morphemes in MSA and Levantine Arabic,cantinue to compare
different methods for acquiring morphemes from words.

Using sub-word units in place of words is not found to be adulse Creutz et al.
[2007, in which the authors usklorfessorto compare morpheme models to word models
across several languages, including Egyptian Arabic. Féaraguages except Arabic, the
morpheme models improve word error rate due to their alititjnodel OOV words. The
authors show that for the Egyptian Arabic corpus, the rat®oc@bulary growth is not much
different from vocabulary growth in English, especiallycsnpared to the growth rate of
Finnish and Turkish words. In other words;eutz et al[2007] find that the explosion of
word forms due to concatenative morphology is not as extrientegyptian Arabic as it
can be in MSA or other languages. This is a different resalh tvas found inAfify et al.
[2004, where morphological decomposition did help for a differdialectal form, Iraqi
Arabic. It is therefore crucial to take into account as munbwdedge as possible for the
dialect with which one is working. The Morfessor algorithnilwe used to predict mor-
phemes for the Levantine Arabic data set, allowing us totesther the use of morphemes
generated in this way are more useful for Levantine than Egyprabic.

Kirchhoff et al.[2004 address the out-of-vocabulary problem by testing thregmmogy-
enhanced language models plus a baseline: a stream modeicéepmodel, a word model,
and factored language models. Morphological informateopdpulate these models is de-
rived from the annotated lexica provided by the LDC for the/iigan CallHome Arabic
corpus (Gadalla et al[1997), and from a MSA root finder{arwish[2007). Including
morphology-enhanced language models in the rescoring aid#elattices improves the
word error rate a small but significant amount. The decodiedstare initially created us-

ing word-based bigram language models; therefore, as iA8i experiments with MSA
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discussed in Chaptér, even if the morpheme models do not improve the OQV rate, the
information arrived at by studying sequences of morpheraase useful in choosing the
correct word sequence.

Factored language models are used with Levantine Convansatrabic data irstol-
cke[2009. While attempts to introduce short vowels to the Levantiatadvere unsuc-
cessful, introducing factored language models did deeréas word error rate slightly.
The factored language models were built with minimal motpgical knowledge of LCA.
For instance, the root information used in the models wawetkmwith a tool designed
for MSA data. Including the morphological information ingped results from 42.7% and
47.0% word error rate to 42.1% and 46.5% on two differentiemadn sets. The statistical
significance of these improvements is not stated. Perhapg morphological information
tailored for LCA would have improved results even further. Wit use a combination of
constraints chosen to work specifically with LCA and constiadesigned to work glob-
ally.

Sarikaya et al[2009, using Iraqgi Arabic as the data set, takes a different aggirdo
the OOV problem by framing the language modeling task in thg that acoustic modeling
is normally framed. Here, the language model is represaagedseries of numeric vectors,
where the parameters are estimated as Gaussian distngatiol low-frequency parameters
are tied to higher-frequency parameters via state-tyingMs are used to model the word
or morpheme sequences. A state may represent a word wittheragobservations, or a
morpheme with varying morpheme observations. The feawnireach HMM are derived
from a word or morpheme co-occurrence matrix that is redtucedlower dimensionality
using singular value decomposition. The labels emittedneyHMM are hypotheses for

the next word. If the states represent morphemes, thenxtesgpendent tri-morphemes
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can be modeled. Decision trees are used to determine thg pgirameters. In ASR ex-
periments on Iragi Arabic, where the experimental LM is usedescore a word-based
n-best list, the results do not improve greatly. Howeverewmterpolated with a 3-gram
word model, the tied-mixture language model does decréasedrd error rate. Crucially,

morphological information helped the speech recognitask for Iragi Arabic, as it did in

Afify et al. [2004.

Rambow et al[200 take a more general approach in addressing the issue ofcArab
dialects. Their goal is to produce NLP tools that relate Inévee Conversational Arabic
to MSA in a way that foreshadows building similar tools fohet dialects. They assume
that, for a given dialect, very little data is available, lsoime knowledge of the lexicon
or grammar is available. For instance, a lexical mappingveen dialects is described, a
resource that could help resolve language-internal anti@gu Since no parallel corpus
is available for the two dialects in question (LCA and MSA),eed dictionary and co-
occurrence statistics are used to find candidate word paingy find that searching the
larger corpus for examples or sections that best match thiewcbor genre of the smaller
corpus is a useful processing step. By answering the queshiow exactly are these two
language forms related?”, they hope to make MSA tools mocarate on dialectal data,
by enhancing them with this linguistic knowledge. In usihg stem-based morphological
decomposition method, we take a different approach, imatip multiple dialects to share
some basic structure (the stem patterns), rather thanifacas specific aspects of shared
lexica.

The same kind of inter-dialectal linguistic knowledge dissed irkambow et al[2009
is also codified in the tool described kwabash et al[2009. The goal of this study is

to build a multi-dialectal morphological analyzer thatludes lexemes, real morphemes,
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roots, patterns, orthography, and phonology, to be usetddthr analysis and generation.
A resource with this kind of information can be very valuatdeNLP research when it is
properly populated and maintained; however, the tradéetfiveen great detail and ability
to generalize comes to the forefront here. It is unclear dretuch a tool would be useful
to new dialects, or how one might know which parts of the resewere applicable to new
data. The initial effort to build such a tool is also very dresspecially where few textual
resources are available to aid in the work. For these reastarsy researchers prefer data-
driven solutions, estimated models built on annotated, @dather than looking to highly
detailed, knowledge-infused tools such as that describedbash et a[2003.

A similar application of cross-language resource sharingescribed ir-Hana et al.
[2004, wherein a Czech morphological tagger is combined with anogted Russian cor-
pora to obtain a resource-light Russian morphological tagdes relationship of Czech to
Russian is similar to the relationship between some Aralaledis; as described ana
et al.[2004, the languages share many linguistic properties, inalgitiaving similar mor-
phological processes. The lexica, however, are differ@rte authors apply a tagging
method used with one language variety to the data of a sitaiteyuage variety, resulting
in a usable tool for a language that is otherwise bereft of iidPs. The language modeling
framework proposed in this dissertation is very much in {hietsof this kind of resource

sharing.
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CHAPTER 8: BUILDING AND TESTING THE LEVANTINE
LANGUAGE MODELS FOR ASR

In this chapter we test the assumption that the stem-findesducer framework is
more effective at finding useful morphemes for language tagléen colloquial Arabic
than the other morpheme modeling methods discussed in Ghapihis should be the
case because, whereas the affix-finder and MADA methods ugedy8&cific information
to derive morphemes from words, the stem-finder methodsrelrecross-dialectally valid
information to derive the possible morphemes. We build wardd morpheme-based lan-
guage models using the same or similar methods as for MSéfithe using a data set
comprised of Levantine Conversational Arabic (LCA) speechthBext-based and ASR
evaluations of the LCA language models are included in thagptdr.

In addition to being a different language variety, the LCAadset is different from the
MSA data in its size and linguistic makeup: it is much smab&d it is conversational tele-
phone data, as opposed to the MSA broadcast news data. Akksé icharacteristics make
the LCA data more difficult to process automatically than th®Avset; we therefore ex-
pect much lower accuracy for the LCA speech recognition tbathe MSA. Nevertheless,
we can learn whether morpheme modeling is more or less bailefichis domain than
for the MSA broadcast news, and whether the differences irph@me-based language
models are more or less pronounced for this data set.

For acoustic modeling in LCA, we use the Fisher Levantine datafrom the LDC

(Maamouri et al[2007gb]). A random 10% of the files are held out as development data,
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and another 10% is held out as test data. The acoustic tgatlata is approximately 32
hours and 286K words. The development set is about 1 houy &tcontains 9851 words.
The test set is also approximately 1 hour long, and contdid49 words.

Three other corpora are additionally used for building teglage models. They are
the Babylon, levcts07, and levqt sets, all acquired from LD@Khoul et al[2009, Ap-
pen Pty Ltd[2007, Maamouri et al[2005(). Each includes a mix of speakers from
Lebanon, Jordan, Israel, and Palestine. The levgt andsigévaata, like the Fisher data,
is spontaneous speech collected via casual telephonersatises. The Babylon data is
spontaneous but prompted speech: the participants weed &sklay the role of refugees,
and answered questions such as “How old are you,” and “Wheeuispain?” Together,
the four corpora used for language modeling constitute lllmtokens. We will find that
the differences between these corpora, even if they seewrneontribute to a decrease in
accuracy when the corpora are combined.

The corpora are modified from their original format in UTF4&eding to the same
encoding used in the MSA experiments, described in Tdble The word model is col-
lected in a straightforward manner from the transcriptse Torpheme models are col-
lected in a manner similar to or the same as was done for the bfspora. We use the
same alphabets for determining affix and root letters andesezpes for the stem-defined
and affix-defined finite state models. The MADA-based morpdgeare collected using the
same MSA-informed morphological and syntactic models asrileed in Sectiod.5. The
Morfessor-based morphemes are collected using the sametlailgy with the vocabulary
derived from the LCA transcripts.

We use SRILM Giolcke[2007) to estimate language models over the word and mor-

pheme n-gram counts. All language models are built with &uHBell discounting and
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Model | Unigrams Bigrams Trigrams 4-Grams 5-Grams 6-Grams
Word 76831 585329 111633 50789 18159 6246
Stem 67107 772577 1881558 3079600 3970679 4670470
Affix* 143869 780606 1742289 1865186 1166782 460720
Morfessor| 18724 289918 255129 306290 298566 270291
MADA 48740 351253 213887 201130 142761 90173

Table 8.1: Size of each of the language models built on four lcG#pora. The data and
therefore the language models are much smaller than for & d&ata. Morpheme models
generally encode the data more effectively than words. *dffig model was pruned in
order to encode it as an FSM.

include an open-class unknown word. They are subsequemtlyded as finite state ma-

chines in order to calculate the average negative log pilityadf the development and test

sets.

8.1 Text-based Language Model Analysis

Table8.1shows the size of each of the language models discussed chitgpter. While
the stem, Morfessor, and MADA models all have fewer unigrainas the word model,
again the affix model predicts many more morpheme types tr@ad types. The affix
model is also quite large and must be pruned to be accomntbdatan FSM. It is normal
to find that higher-order n-grams repeat less often thanr@ndger n-grams, thus many
6-grams are pruned due to low frequencies in all models. itreigg, across all n-gram
orders, the MADA and Morfessor models are near to each othgize, and the stem and
affix models have similar sizes. For n-grams larger thanramg, all morpheme models
have more n-grams than the word model.

We can calculate coverage and log probability scores fon edthe models. Please

refer to Sectiordt.7for the description of how each of these measures is caéuil&riefly,
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Model | Unigrams Bigrams Trigrams 4-Grams 5-Grams 6-Grams
Word 96.76 60.24 10.28 1.64 0.24 0.0
Stem 91.78 71.63 41.38 16.52 5.25 1.81
Affix 97.57 71.18 34.34 12.84 4.05 1.02
Morfessor| 98.23 83.46 53.88 28.99 12.98 5.26
MADA 85.15 64.68 39.06 19.99 9.01 3.28

Table 8.2: Percentage of n-gram tokens in the test set teanealuded in the language
model. The Morfessor model has the best coverage for alamgrders.

we wish to know how many of the n-grams in the test set are dedun the language
model (Table8.2), how many of the out-of-vocabulary unigrams can be formgddm-
bining the morphemes in the model (TalBl€), what percentage of the higher-order out-
of-vocabulary n-grams have backoff probabilities for tHewer-order alternatives in the
model (Table3.4), and the average negative log probability of the test sééfised by each
model (Table8.5). For simplicity, we have included only the all-paths ANL&aulations
here for the stem-, affix-, and MADA-based morpheme moddimt s, for these models,
we calculate the ANLP by summing the probabilities givenltpaths in the sentence-long
lattice by the language model FST.

The Morfessor model shows the best coverage of morphemles detvelopment set for
all n-gram orders. The stem- and affix-based models alsodwe coverage for the higher
n-gram orders, better than the word model. The MADA modelsdoet provide good
coverage of the development set, although for n-gram otdgher than 1, its coverage is
better than that of the word model.

Table8.3, describes what percentage of OOV words can be recovereaimatenating

morphemes in each model. In the LCA set, the morphemes debivede affix-defined
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Model Percent word OOVs covered by morphemes
Stem 84.29
Affix 95.29
Morfessor 62.83
MADA 64.40

Table 8.3: Percentage of OOV words that are made up of morph&mthe given model.
The affix model can potentially recover the most OOVSs.

Model | Bigram Trigram
Word 61.23 4.09
Stem 72.53 50.06
Affix 86.66 44.88
Morfessor| 87.22 51.00
MADA 44.15 5.22

Table 8.4: Percentage of OOV n-grams for which a backoffarrgfone order lower) and
backoff weight exist in the model.

transducers are best equipped to recover the OOV terms lyatmration. The stem-
derived morphemes are better designed for this than thedgsof and MADA morphemes.

As for availability of backoff weights for lower-order n@ms, Table3.4shows that the
affix- and Morfessor-derived morpheme models fare the leediigrams, and also do well
for trigrams. The stem-based model also includes backoifve for about half of the
trigrams. These three models will therefore be able to mag&estrongest, most accurate
predictions even when backoff is necessary.

The values for average negative log probability over alhpdbor each model are rela-
tively close (Table8.5). However, the word model has the lowest scores. Addingestnt

to the morpheme models does not decrease the ANLP scorast i éften increases this
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Model | Trigrams 4-Grams 5-Grams 6-Grams
Word 3.056 3.056 3.057 3.057
Stem 5.472 5.472 5.724 5.727
Affix 5.139 5.630 5.789 5.813
Morfessor| 4.480 4.471 4.471 4.471
MADA 4.076 4.073 4.073 4.073

Table 8.5: Average negative log probability of a developtrsst as determined by sum-
ming over all paths. The Morfessor and MADA models encodetdisedata more effec-
tively than the Stem and Affix models. The word model has thveki ANLP for all n-gram
orders.

measure. This may indicate that the probabilities of thédridevel n-grams are not well-
estimated, or simply that they are not often used becauseotherage is so low. Because
of these scores and the experience working with the MSA dagayill again find it neces-
sary to interpolate morpheme models with word models tosdehie most useful language
models for decoding.

No clear best model is indicated by these coverage and ANafescWhile the MADA
model does achieve the lowest ANLP of the morpheme modedspites low on the other
measurements. Interestingly, the ANLP scores exhibit #éineessplit among the four mod-
els as we saw in ASR results in Chapferthe MADA and Morfessor models get similar
scores that are better than the similar scores achievedebstéim and affix models. This

trend continues in the ASR task with Levantine data.

8.2 Levantine Data Training Regime

Training of the LCA acoustic models follows the same proce@sdiscussed in Chap-
ter 5; only the acoustic data, transcripts, and pronunciatiodetsoare different. For word-

based decoding, our best score on the development set B498uch lower than those of
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Abdou et al[2004, Stolcke[2004 for LCA data. These previous studies use much more
sophisticated training techniques that we are not ablegiccege on our system, so we set-
tle for lower scores that nevertheless allow us to compareutitity of different language
models.

For the Levantine data, we use grapheme models: the pratiomcibf each word is
defined as the sound represented by each of the charactées wotd. This means that
we expect each grapheme to represent a uniqgue phoneme pltalawing short vowel.
This approach is used in, for instan¢&guyen et al[2009, Sarikaya et al[2007. There
is a significant detriment in training with a grapheme modebpposed to a vocalized
model. For instance, when we change the MSA pronunciatictiodiary to graphemes (37
monophones) and retrain the acoustic model for the broadeass data, we achieve an
accuracy of only 37.42% on the MSA development set using asaty language model.
Several attempts to add vowels to the LCA data using BAMAdkwalter[20041) were
unsuccessful, so our experiments for LCA are all with a grapibased acoustic model. In
future work, the romanized form given as alternative trapseshould be used for acoustic
modeling, as they may produce better results.

Another detrimental aspect of the LCA data is that its sangplate is only 8kHz, as
compared to the 16kHz data used for MSA broadcast news. Fopagson purposes, we
rebuilt the MSA grapheme-based acoustic model using dasampied data, and saw the
accuracy of the MSA development set decrease even furthé1.83%. Decoding the
Levantine data using the MSA acoustic models did not prodisedul results.

As described in Chaptef, many studies focus on the use of combined data sets for
recognizing dialectal Arabic. That is, information from M$ata or models is used to en-

hance the dialect-based models. We also made an attempa tbaus1SA data to enhance
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the acoustic models built to decode dialectal data. Ratlaer tlegin acoustic model train-
ing with a “flat start”, calculating the average of each featover the Levantine acoustic
data, we seeded the models with monophone estimates basled BISA data. This pro-

cedure did not result in a working model. Combining data setkis manner or in other
clever ways for acoustic or language modeling is deservirigrther research, but outside
the scope of this thesis.

A number of non-speech events, such as laughter or cougdniagncluded in the tran-
scripts of the Fisher data, all marked with '%’. All of thesestances are modeled with
a single garbage label. Because we do not differentiate leettve= non-speech events in
training, we map them all to the same label (“%Djp”) in thepuitand the reference texts.

To summarize, while we attempted to make more robust acoosidels through the
use of vowelization and adaptation from MSA data, such adept was unsuccessful. A
more thorough investigation into how the data types cousd be combined may be fruitful
despite these initial results. For the remainder of thiglstwe use grapheme models of
the Levantine data only.

In the experiments that follow, all of the morpheme languangpelels are in fact mix-
tures of words and morphemes. As in the MSA data, we collegtams over sequences
of both words and morphemes, using the properties of FSM neone derivation for the
stem- and affix-based models, and by not decomposing frégueeds for the MADA and
Morfessor models. For the stem- and affix-based models rtimpility mass of each word
is distributed among the word and morpheme paths such thatdhd arc receives half the
weight, and the morpheme paths share the remaining weighabfvord (see Figurg.3,
page80). The mixed model is then interpolated with the word-onlydwlofor increased

reliability and predictive context.
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Model LM-transcript LM-alltext
Word 21.53 19.03
Stem 17.89 16.84
Affix 18.15 17.48
Morfessor 19.21 18.59

Table 8.6: Word Accuracy scores on the development set usamgcript-only language
models and combined-corpus language models. The word rsoheist effective.

8.3 Speech Recognition Results

We were surprised to find that for the Levantine data, comigimultiple data sources
for language modeling does not produce better results thiag the ASR transcripts alone,
Table8.6. The scores are those of the initial decode with that mod#iont removing ille-
gal morpheme sequences. In fact, the additional resounggsysunreliable data, bringing
the accuracy score down for all modélsGiven more time, a more extensive evaluation
might show that some subset of the four corpora producerlretalts than the ASR tran-
scripts alone, even if the concatenation of all four is notsaful corpus. For instance,
because the Babylon data set is play-acting rather than gatienal speech, its contents
may be inconsistent with the rest of the corpora in a way te&adts from the predictive-
ness of the model. Also, although all four corpora were ctdlé by the LDC and therefore
should have been transcribed under the same proceduresaspercts of the transcriptions
may be different. For instance, the non-speech events afeethaxplicitly in the Fisher
corpus (used for acoustic modeling), but are not markedeoddfierently annotated in the
other corpora. It might be useful to extract some subsettefarices from the three other
corpora to add to the transcript data. Or, a language modkd & built for each corpus

10The MADA model was slow to collect n-grams. Given the resafighe other four models, we decided
to not collect the MADA-based n-grams over the entire corpus
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Development Set Evaluation Set
Model | 3-gram 4-gram 3-gram 4-gram
Word 21.50 20.28| 16.32 17.25
Stem 18.68 18.19| 1555 15.64
Affix 18.69 17.63| 15.36 15.72

Morfessor| 19.35 19.26| 15.67 15.30
MADA 1959 19.80| 16.39 15.94

Table 8.7: Word Accuracy for LCA data, using only the acoustadeling transcript data
for language modeling. The word model is still most effeetivhe Morfessor and MADA
models are slightly better than the Stem and Affix models mesoases.

separately and the probabilities interpolated with a logdr model. This experimentation
is left for future research. In the remainder of the expentsen this chapter, only the
transcripts used for acoustic modeling are employed fayuage modeling.

Learning from our experience with the MSA data, we decodegukinguage models
built with interpolated word and morpheme n-gram sequendég decoding results are
shown in Table3.7. For each system, we used the development set to tune theviaidédm
pruning parameter to 150.0 or 200.0, the insertion penaltylanguage model weight,
and whether to repeat decoding with zero probabilitieslegal morpheme sequences (the
Morfessor+word model achieved better scores on the fingttiten of decoding). We also
expanded the decode lattices with 4-gram models using SRé#tfi¢é-tool command.

As shown in Table3.7, the word model achieves significantly better results thancd
the morpheme+word models, except in the case of the MADA#waodel on the evalua-
tion set, where the word-only accuracy rate is matched. &t the results in Chaptéx
the Morfessor- and MADA-based morpheme+word models perfoetter than the FSM-

built stem and affix morpheme+word models, although not géngagnificantly. That the
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word accuracy of the Morfessor model is among the higherescof the morpheme mod-
els is not wholly surprising, as it is language independant] therefore should generate
plausible morphemes in Levantine Arabic as well as it dodd3#A. The accuracy of the
MADA model is more surprising, because it is trained on M$®%dfic data. The differ-
ence between 16.39% accuracy with the MADA model and 15.5&%racy with the stem
model is significant ab < .05. The difference between the Morfessor- and MADA-based
models as opposed to the stem- and affix-based models ig figalin due to the simple
difference that the former two methods allow only one detvaper word, and the latter
two methods allow several derivations per word, with thebpiwlity mass of each word
split among the paths. The shared probability mass, withr preights set to distribute the
probability evenly between word and morpheme paths, cathedsSM-built models to be
less predictive. Different weighting methods intendeddaect this imbalance are shown
for the stem model in Sectidh5.

Expanding the decode lattices with 4-gram FSMs is helpftdur cases: for the word,
stem+word, and affix+word models on the evaluation set, anthe MADA+word model
on the development set. In all of these cases the improveimemntly slight, and non-
significant. In all other cases, expanding to 4-grams is hdrrar at best does not help.
This indicates that the probabilities associated with tggaims are unreliable.

The Morfessor and MADA morpheme models are very differerthiir implementa-
tion, yet very similar in their result. The Morfessor modsdjuires no linguistic knowledge,
while the MADA algorithm makes use of grammatical infornoatiand a corpus of anno-
tated data to create a model for morpheme decompositionermless, the only signifi-

cant difference between the two when incorporated intodbmain appears for the trigram
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Development Set Evaluation Set
Model | Best Decode Rescoring, 3-gram8est Decode Rescoring, 3-grams

Word 19.82 - 16.32 -
Stem 18.44 20.04 15.55 16.69
Affix 20.92 19.77 15.36 16.84

Table 8.8: Rescoring the word-based decode lattices witlpneone-based language mod-
els. Rescoring is effective to make the morpheme models\akmres equal to the word
model, but not better.

models on the evaluation set. Otherwise, the models pergrnvalently. This result is in-
dicative that unless grammatical information is going tabed in downstream processing,
the extra work that goes into finding grammatically preciseghemes may not be worth-
while; morphemes derived using a simple, language-indégr@rfunction may suffice.

The morpheme models are not adding useful information taldeoding process in
Levantine Arabic, and as we saw in the MSA experiments, thgphemes in fact detract

from the word accuracy rate of the word-only decoding expernts.

8.4 Rescoring Word Lattices with Morpheme Models

Table8.8shows the results of converting the word-only decode kdtioto morpheme+word
lattices and composing with the morpheme+word languageetsodThis technique re-
moves the mismatch between the word-based acoustic maaklghe morpheme-based
language models, but also eliminates the chance of impgauirthe OOV rate. The proce-
dure is the same as that used in Sectidi We see that rescoring with the morpheme mod-
els achieves a word accuracy just above, but not significaibve, that of the word-only

model. The results of rescoring with the morpheme modeldetter than the results of
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regular morpheme decoding, but rescoring does not givenafis@gnt increase over decod-
ing with the word-only model. This is true for both the steasbd and affix-based models
on the evaluation set. Again, the morpheme models, even wined with the word-only

models, do not include enough useful information about émgliage to improve on the

predictions made by the words alone.

8.5 Implementing the EM algorithm with LCA data

It appears from the development set scores in Tabi¢hat the two morpheme deriva-
tion methods involving a single morpheme path through eastdwthe Morfessor and
MADA methods, again outrank the stem and affix methods, bbtthich propose multi-
ple hypotheses per path. As discussed in Seé&idnthe weakness of the two FSM-based
models may be due to the spread of probability mass amongyth@heses, with half the
probability mass for each word allotted to the whole-worel and the rest split among the
morpheme paths. The fact that the probability mass is sh#natlit is shared in a way
that does not harmonize with linguistic intuition, and teatne of the probability mass is
attributed to spurious morpheme sequences all contributeese models’ lack of predic-
tive ability as compared to the Morfessor and MADA models.iSection5.4.1, we will
attempt to counteract this problem by implementing an Etgigmn-Maximization (EM)
algorithm with the sentence-wide FSMs.

We begin by calculating the sentence-wide FSM for eacharit in the corpus. Each
word is decomposed according to the stem-finder transdugtir,no weights attached
to the paths, and the words concatenated to make the serii&hteThe n-gram counts
are collected and an initial language model is estimateds it@ration will be labeled

EMO. We calculate ANLP over the development text and perfABR using this language
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Model ANLP Word Accuracy
Even Weight (as above) 3.13 18.68
No Weight, EMO 3.07 19.40
Weighted, EM1 2.87 19.83

Table 8.9: ANLP and Word Accuracy on LCA data using stem-aetisnorphemes with
different weighting schemes. As with MSA data, no weightond=M-based weighting is
more effective than the evenly-applied weights.

model interpolated with the word-only language model. Né&x¢ EMO language model
is encoded as an FSM, and this is composed with each of thergentvide FSMs in the
corpus. New n-gram counts are estimated along the weiglatétts pand a new language
model, EM1, is estimated from those counts. We calculate Rldhd perform ASR again
with the EM1 language model. The results of all stem-basetph®mne models on the
development set are shown in TaBIé.

Both ANLP and word accuracy improve as we change from the exaighted priors
to non-weighted paths. Therefore, even without removirgpibtential bias towards mor-
phemes, the number of morpheme paths is not overpoweringuimder of word arcs to
a bad effect (Tabl&.9, row 2). Using EM to refine the weights produces an even more
predictive model in terms of both ANLP and word accuracy (@&h9, row 3). Neverthe-
less, the best score shown in TaBl@ does not equal the score achieved by the word-only

model on the same data set.

8.6 Discussion

The low scores achieved on the Levantine data set preverdamsbming to any strong
conclusions about the utility of the morphemes in this cetnia the utility of the different

morpheme derivation methods. But, it seems that the resxiibiethe same trends we
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saw in the ASR data in terms of the interaction of words andpfmemes. The problem of
mismatch between acoustic and language models experigniteIMSA experiments was
replicated here, resulting in no improvement with the addiof morphemes. In the case of
rescoring, where the acoustic and pronunciation modelasaé only in conjunction with
the word models, the morphemes models achieve slightlynbotsignificantly, higher
scores than the word model alone. There does not appear tdlifferance in using the
stem-based or affix-based models for this task. It is unchdeether the Morfessor- or
MADA-derived morphemes would have been equally or moreuldef rescoring; we are
not able to feasibly implement these decompositions withenFSM classes that perform
the lattice rescoring.

Despite the surprising result that the MADA-based modekexs the word accuracy
rate of the stem-based model, it remains the case that stiernsaare considered more
cross-dialectally consistent than affix definitions or ¢exiso that the derived morphemes
may be found to be more useful in language modeling for sosiestaWe were able to
improve the stem-based morpheme model, first by removingtioe on the FSM paths
through the corpus sentences, and again by applying laeguadel weights to the arcs of
the decomposition, refining the n-gram counts and subsegiestimates. This indicates
that the stem-based modeling itself is not necessarilyudt; father the method of choosing
from among multiple decompositions is faulty. FSMs are fiexin a way that allows us
to easily correct this problem with statistically-derivedlormation, such as through the
EM method of applying LM weights to the original sentence FSSMhe discussion in
Section5.7 also highlights the flexibility of the FSMs on which the st&ased model is
built to accommodate new information or constraints. Thsud be particularly useful for

dialectal data about which we have some linguistic knowdeidg affixes, stem patterns, or
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frequency of stem patterns. Chapi€will explore the potential of this flexibility again in

attempting to predict short vowels for the MSA stem morphe&me
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CHAPTER 9: PREVIOUS RESEARCH ON SHORT VOWELS

Previous chapters have addressed two of three issues ppsedrking with Arabic
natural language processing: the out-of-vocabulary proldnd the problem of differing
regional dialects. In the next two chapters, we discusdthéhird challenge: missing short
vowels in Arabic text.

Modern Standard Arabic has six vowels that differ phoneftyicdong and short /a/,
long and short /i/, and long and short /u/. While the long \@rsiappear as characters
in text, the short vowels are rarely written. Occasionallgcritics are used to mark short
vowels; these are seen in religious texts and children’&®as well as in some cases when
they are needed for syntactic disambiguation. The shorel®perform mainly grammat-
ical functions. They mark part-of-speech, tense, aspeadtcase laywood and Nahmad
[1969). Two other phonological events are normally unmarkedadrthography: gemi-
nation of root consonants, and the addition of the nasafier a short vowel at the end of
the word to mark indefiniteness, called nunation. These twogsses are usually, but not
always, included in the task of automatically diacritiziog ‘vowelizing’ a text.

For training pronunciation models, acoustic models, anduage models, the follow-
ing questions arise: Is it better to use transcripts thatiader-specified as to vowel quality,
or to add in symbols representing short vowels in the trgimiata? If the latter is better,
what process should be used to generate the short vowel $g/Mmbbe studies described
below take various approaches to answering the questionether and how to insert
diacritics into the training data. The approaches include:
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e using no diacritics in training,

e using only hand-labeled diacritics,

e automatically generating diacritics,

e Or some combination of the above.

In some cases, many diacritic possibilities are generatetidownstream processing makes
use of the set of hypotheses, for instance in training ansaimomodel. Other studies choose
a single path from among the multiple hypotheses to geneoateled language modeling
data. In other cases, the goal of the processing is to finddireat sequence of diacritics
for a given sentence, with the subsequent use of the voweldeft unspecified.
Grapheme models, which include no indication of short voguedlity, gemination or
nunation, are used for acoustic modeling when no handitimexd data is available and
automatic diacritization is not considered. This methodsed inChoueiter et al[2004,
Afify et al. [2004, andBilla et al.[2007. The Arabic graphemes are used as the phonetic
inventory. Each grapheme models four possibilities: thpragented phoneme alone, or
followed by any of the three short vowels /i/, /a/, or /u/. Tist two studies achieve word
error rates of around 30%, while thella et al.[2007 study achieves error rates less than
20%. This last result compares quite favorably to the studescribed below that include
short vowels in the pronunciation models, most of which alslsieve WERs around 20%.
Direct comparisons between studies are unreliable, ay/\d@ifferent ASR systems and
data sets are under consideration. Nevertheless, frorbrileiscomparison we might learn
that the underspecification of vowel quality has a negatifeceon word error rate, even
when the vowel markings are not included in the output. OKeds of data or system
implementations might make up for the shortcomings underescircumstances.
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Manually adding diacritics to Arabic text is a slow, tedipaad expensive taski(rch-
hoff and Vergyri[200). For that reason, few corpora large enough for use in ahtur
language processing tasks exist with such annotationsCalidome Egyptian Colloquial
Arabic (ECA) data setGadalla et al[1997) is one such corpus, as it provides more granu-
lar information than most other Arabic corpora. In additiorthe traditional Arabic-script
transcript, a romanized form is given, which includes skowel information. The data
was created by trained transcribersrchhoff et al.[2009 use this diacritized corpus to
train their acoustic models; no comparison is given to avaealized training regime, but
we can assume that the vowel specification aided in the aconsteling. No study in the
literature to date has used the romanization availablesifrtbher Levantine Conversational
Arabic corpus {laamouri et al[20071) to produce voweled transcripts or pronunciations
models for Levantine Arabic.

Use of the Buckwalter Arabic Morphological Analyzer (BAMA) produce pronun-
ciation variations (as shown in Figukel) is a common method for improving acoustic
modeling. InXiang et al.[2004, the generation of voweled pronunciations with BAMA
was performed before various “decompounding” methods wepéemented. The authors
show that working with automatically diacritized data irtbthe language model and the
acoustic model is beneficial. In particular, pronunciatioodels are built with the aid of
the BAMA tool as well as Arabic Treebank data, and subseqocemstraints are enforced
to prevent spurious pronunciations of affixes. The consisaare found to be useful in
lowering word error rate by 2.0% absolute.

The BAMA tool is again used to enhance acoustic and languagkehmg data invies-
saoudi et al[2004. Here, the MSA acoustic model is trained on diacritizedagdathere

voweled pronunciations are provided either by manual atioot or with the aid of the
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BAMA tool. For the transcripts that were diacritized usingMA, a best path through
the possible vowels is chosen by recognizing the trainirtg dath the trained acoustic
model. The authors then measure the effect of using vowkbzeon-vowelized data in
the language model. If only transcript data is used for thguage model, then the short
vowel transcriptions are helpful: the word error rate isrdased when the language model
includes short vowels. This result is somewhat surprisgiggn that the diacritics add to
the number of unique word forms in the language modeling, ala#king the n-gram esti-
mates less reliable, and increasing the out-of-vocabuédey Word error rates continue to
decrease as more data is added to the language model, ngchoin-voweled additional
data. InMessaoudi et a[2004, the study is extended to find that if manually diacritized
transcripts are added to the large non-vocalized languagieling data, the word error rate
decreases even further. There is no improvement, howéeaertamatically diacritized data
is then added to the language modeling data. In additiondmgdhort vowel hypotheses
to language modeling dat&jessaoudi et al[2004 also explore the use of voweled data
for acoustic modeling. The acoustic modeling experimamthis study agree with those
in Kirchhoff and Vergyri[2005 (described further below); adding the automatically gen-
erated short vowel hypotheses to the pronunciation modneficial to the ASR system.

The BAMA technique for populating the pronunciation modehich is also used in
the experiments described in Chaptgrdoes not directly address the questions asked by
the remainder of studies discussed below - how cacdnectdiacritization of a given text
be chosen and can such diacritizations be used to improwestcanodeling, especially
when added to hand-vowelized data?

Kirchhoff et al.[2007 uses a very simple method for automatic vowelization of the

Egyptian Arabic text: maximum-likelihood estimation, giva small training corpus of

141



hand-vowelized data. Each word in a non-vowelized test sstassigned the vowelized
form found most frequently in the training set (assumingtipld vowelized forms, true
for only a subset of the examples). For the evaluation sstptioduced a word accuracy of
80.1%, which was raised to 83.5% by adding a simple editdest algorithm to find the
best vowelization for unseen forms. The character-leveligcies increased from 58.6%
to 76.9% with the addition of the edit-distance method. Tais of diacritization accuracy
is likely high enough to build useful transcripts for acetishodeling. Enhancing the
accuracy of these vowelizations using trained acousticaisad also an option, and was
explored in the studies described next.

Vergyri and Kirchhof[2004 andKirchhoff and Vergyr[2004 focus on ways in which
data might be shared between dialects, specifically MSA ayptian Arabic, and espe-
cially as concerns short vowel prediction. The two stud@sgare several ways of adding
vowels to MSA text, in order to then use that vowelized tex¢tbdance the smaller corpus
of dialectal data. The procedure is to first examine the wayghich acoustic, morpholog-
ical, and contextual data contribute to the process of aaticrdiacritization on the MSA
text. For the comparison of vowelization methods, a set 6fSA words in context are
automatically diacritized using four different techniguand the results are compared to
a hand-annotation of the same data. In each method, a sérikacadtized possibilities
are produced using the Buckwalter Arabic Morphological Amat. When a random path
is chosen through the vowelized lattices, a charactet-lver rate of 12.7% is achieved
(Kirchhoff and Vergyri[2005). If acoustic information from trained Egyptian-only ass
tic models is aligned with the MSA morphological possilt and the best path chosen
from the combined morphological and acoustic informatitwe, error rate drops to 3.4%.

Contextual data gathered from trigram statistics over thgphmdogical tags do not further
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reduce the diacritization error. For the shared-data taskden MSA and Egyptian Ara-
bic, the morphological and acoustic information methodsisdito diacritize a larger MSA
corpus, and those transcripts are combined with hand-atetbEgyptian data to improve
recognition over the Egyptian evaluation sets. The additibautomatically-vowelized
MSA data helps to improve word accuracy only modestly, bdih wiatistical significance.
Importantly, it did not matter which of the automatic didization methods was used to
create the voweled MSA data. Three important conclusioatsdan be drawn from these
studies are that A) using morphological information to iafiae vowel choice is necessary,
B) using acoustic information to guide the vowel choice isfuls@nd C) when applying
automatically-derived vowels to a transcript for acoustmdel training, it is okay for the
automatically transcribed vowels to contain errors, sglasat least a small set of correctly
transcribed data is available to seed the models.

Finite state transducers are successfully employed faridmation in Nelken and
Shiebe[2009. The authors compose a series of FSTs designed to accasitdd vowel
placement, gemination, case endings, as well as clitichantza alternation to generate
diacritized word forms. The FSTs are trained on the diasiti Arabic Treebank, then
simply reversed to generate possibilities for undiagdizdata. The most likely diacritiza-
tion is chosen using a trigram language model, also builherdtacritized Treebank data.
Unknown words are accounted for using a 4-gram letter modlee generated diacritic
sequences are compared to the correct sequences in theikeelnd the results reach
as low as 6.35% diacritic error rate, when case endings armcdaded. This is a clever
way of bootstrapping from a small amount of diacritized datiad learning the rules of

diacritization directly from the data.
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In summary, the following types of data can be used in bugdinoustic and language
models: completely non-vowelized data, hand-vowelizeth dasually from the Egyp-
tian Colloquial Arabic corpus), automatically vowelizedaaor some combination of the
above. Training acoustic models on hand-vowelized datheshest route; adding other
types of data to these models is sometimes helpful. Langoagkels are usually built on
non-diacritized data, as that is what is most widely avé#labut adding diacritics to the
language modeling data can be useful in recognition. Thd otzemon way to generate
pronunciation possibilities for acoustic modeling is te tise Buckwalter Arabic Morpho-
logical Analyzer. Adding constraints or performing adalital modeling over its output can
be beneficial. Alternatively, bootstrapping vowelizatrakes from a small, hand-vowelized
corpus can produce a useful model for automatic vowelinatio

In the following chapter, the finite state transducer akioni described in Chapter
is expanded to generate short vowel and gemination hypsghascording to the same
grammatical rules used to predict morphemes. The candwlateinciations, which could

be used to train an acoustic model, are compared to thosatdaytphe BAMA tool.
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CHAPTER 10: PREDICTION OF SHORT VOWELS WITH
STEM-BASED FSMS

In Chapter2, we discussed the functioning of stem patterns in Arabiqainology. The
use of short vowels was briefly mentioned in that discussimahaso in the literature re-
view in Chapter9. To review, some grammatical details such as case, tendeaspect
are defined by the use of particular vowel sounds within andrat the stem. A change in
vowel quality from /a/ to /u/ between the second and third tetters, for instance, indi-
cates a grammatical change. There are three short vowessth@ phonological processes
of gemination and nunation (the adding of an /n/ sound at titka# the word) that are
crucial for proper grammatical knowledge of a word, and taleidhe word acoustically.
However, these phonological events are not normally reptesl in the orthography of
Arabic. Because they are not represented in text, but arertargdor proper modeling,
one challenge of Arabic natural processing tasks is to prelé presence and quality of
these phenomena.

In this chapter, we describe how the stem-based morphematien technique with
finite state machines described in Chaptellows for the prediction of short vowels and
gemination. The implementation is feasible so long as kadge is available of how
stem patterns and short vowels interact. This informataavailable for Modern Standard

Arabic.
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Stem Patterr) With Short Vowels
Paradigm II, Imperfect

RRR RaR:iRa
RRR RaR:iRi
RRR RaR:iRu
RRR RaR:IR
Paradigm X, Imperfect
stRRR staRRiRa
stRRR staRRIRI
stRRR staRRiRu
stRRR staRRIR

Paradigm X, Active Participle
mstRRR | mustaRRiRun
Paradigm VI, perfect
ARtRR \ AiRtaRaRa

Table 10.1: Several examples of how short vowel sequenaebegaired with specific
stem patterns. The colon *:’ represents a geminate consonhe short vowels are /a/, /il,
and /u/. The /n/ represents nunation.

10.1 Implementation of Short Vowel Predictions

For each of the thirty stem patterns listed in Tabl& we enumerate the possible short
vowel sequences, and where in the pattern the short vowels.o€able10.1shows four
examples of how short vowel sequences are paired with thevoweled stem patterns.
These grammatical rules have been studied by Arabic litgytos many centuries, and are
codified in textbooks such dsaywood and NahmaflLl96. For the thirty unique non-
voweled patterns used to derive morphemes for the languagieling experiments, we
have identified 104 variations with vowels. These pattemsaat include the short vowel
variations that appear on the affix portions of the wordsy ¢imé vowels that are possible

within the stem.
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Figure 10.1: An example stem-finder transducer with vowettided on the output tape.

To predict short vowels in tandem with morpheme derivations use both the non-
voweled and voweled version of each pattern to create new-Bteler transducers. On the
input tape of the stem-finder transducer (described in @24tl), we have the stem pattern
characters only, which compose with the characters in a wondthe output tape, both the
characters in the stem pattern and the short vowels thatareitped with that pattern
appear. The example stem-finder transducer shown in Figli{page38), now enhanced
with vowels is shown in Figur@0.1above. In this example, the ‘A’ (alif) that begins the
stem is followed by the short vowel /i/, the ‘t’ before the firsot letter is followed by
/al, and the second and third root letters are followed bystimt vowel /a/. The first
root letter is not followed by a short vowel. For this partarustem pattern (Paradigm
X, perfect tense), this is the only short vowel sequence @sibie. However, other stem

patterns allow multiple short vowel sequences, in pardicin the imperfect. In these cases,
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multiple transducers are defined. On each transducer, piog tape is the same - the non-
voweled pattern, one letter per arc. On the output tape,itheacters include the different
vowel patterns possible with the given input pattern.

Successful prediction of short vowels is dependent on véndtie word will compose
with any of the (non-voweled) patterns. If the word does ratipose successfully with
any stem-finder transducers, then the word remains wholeffibrer processing, and does
not receive any vowel predictions. In the cases where thelwWoes compose with the
stem-finder, only the stem portion of the word will includeme predictions. Affix vowel
predictions are possible, but only in a general sense: we thasoption of allowing the
affix characters to be followed by any of the three short vewelno short vowel. This was

not implemented for processing reasons described below.

10.2 Counting N-grams over Voweled Morpheme Sequences

The number of possible morpheme derivations per word iseegreatly with the
vowel-enhanced transducers. In the following descrigtiove do not add the whole-word
arc to morpheme decompositions; each word is either repiesas an FSM of morpheme
sequences or a whole word, not both. For a particular 10 wentesce taken from the
MSA corpus, there are 180 non-voweled paths, and 2148 voweled paths. This explo-
sion of paths is not only difficult to process and store, buk@san-gram counting (using
the efficient method described in Sectibr2 and AppendixA) infeasible. For just the two
words “AvnAQ syrh”, there are 10 non-voweled paths and 86-vimmeled 1- through 4-
grams. Using the voweled transducers for these same twoswibrele are 2484 paths and
5945 1- through 4-grams. The slowdown in n-gram collectioretis considerable; on a

single processor, it took 14 minutes to collect the vowelggams of these two words, and
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negligible time to collect the non-voweled n-grams. Forfirst file in the corpus, we find
that the sentences have an average of 7.3 words and &}%oweled paths, 1.91:810'?
voweled paths in total. If we assume that for n-gram coltectve can process approxi-
mately 425 paths per minute on a single processor as inditgt¢he two-word example
above, then it would take 8,585 years to collect 4-grams aveingle corpus file. For
our training corpus consisting of 1080 files, it would taka @illion years! The increase
would be even more profound if we included short vowel prealis on the affixes. It will

be imperative to use pruning technigues to make this apprieasible for research.
10.3 Pruning the Short Vowel Hypotheses

To reduce the size of the output, we must find a way to constrerpossible short
vowel sequences. We might design the constraints usingitig knowledge about the
most common sequences, or using statistical methods teedsuch knowledge from
vowel-annotated corpora. Probabilistic information abhawel sequences can be encoded
in FSM format and composed with the FSM-derived hypothesegoply weights to the
paths through the sentence.

Alternatively or additionally, we can apply the same EM nuethdiscussed in Sec-
tion 4.4 to the voweled morpheme FSMs. For instance, starting witbveelrenhanced
sentence FSM, we can calculate its composition with a neveled LM to apply weights
to the paths through the sentence. Pruning would then béymsser the sentence FSM,
reducing the number of paths and n-gram estimates. Usinptieroweled LM for weight
application means that all vowel sequences correspondiagpecific stem pattern would
be given the same probability. Assuming the paths were prtméhe extent that n-gram

collection and LM estimation over the voweled morpheme sagas was possible, the
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next step would be to perform another iteration of LM weiggti In this next iteration,
the vowel-informed LM would be used for weight applicatideading to more pruning,
frequency-informed n-gram counts, and refined LM estinmatio

As previously discussed, one of the stem-based morphenmatien method is that it
is cross-dialectally useful, because the stem patternekté/ely stable across regional di-
alects. The same cannot necessarily be said of short vottetipaacross dialects. It would
therefore be necessary to collect as much information asitjesabout the interaction of
stem patterns and short vowel sequences within a partididéect before applying this
method to a given dialectal data set. Such knowledge coutfMea by a language expert,
in which case the stem-finder transducers would be definddthisg information. Alter-
natively, the relationships could be learned from a datasebtated with short vowel in-
formation, over which a statistical language model inatgdrowels would be built. Given
annotated data in a regional dialect and MSA, we could coelainguage model statistics
over voweled data from both the colloquial and standard $aimmmake predictions for the

non-voweled dialect data. Formally:
P(vy...vp|w) = Af(vr...05|w) + (1 = N)g(vy ... v,]w) (10.1)

whereuv, ... v, represents a hypothesized sequence of short vowels forcawof(x) is
the probability given to that sequence by the dialect-gdilanguage model, andz) is
the probability given to that sequence by the MSA-trainedjisage model. Such a method
would be similar to the technique describedinchhoff and Vergyri[2005 for combining
predictions of different language types. In this way, praciations with attested vowel

sequences would receive higher probability than those wideen vowel hypotheses.
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10.4 Building a Vowel-Enhanced Pronunciation Model

Even without the benefit of language model composition, weuse the short vowel
predictions to aid in acoustic model development. Rather tise the BAMA tool to derive
short vowel pronunciations for each word in the trainingng@ipts, we can use the finite
state method to produce hypotheses for each word. In thés tas number of hypotheses
is still quite large, but because we are only consideringwosd at a time, the storage
and processing is feasible. Therefore, we created a pratiorcmodel for the MSA tran-
scripts using this method. In comparing to the BAMA-deriy@dnunciation model we
used in the experiments in Chapfethe new model is much larger, with nearly 4 times the
number of pronunciations. The BAMA-derived model has 5.6 pnciations per word
on average, whereas the FSM-derived model has 19.41 priations per word on aver-
age. The BAMA tool includes a number of lexeme-specific rtiheg allow only attested
pronunciations to appear in the lexicon. Because we do na sagh a restriction, and
because the stem-finder transducers may produce spuripothieges even before vowel
prediction is incorporated, the number of pronunciatiosisigi the stem-based derivation
is much larger than that of the BAMA-derived model. Also, tlesulting graphemes are
slightly different than those in the BAMA output, which arsadl in the acoustic models
in Chapter5. For this reason, and because of the size of the new proriiomcraodel and
lack of affix vowel predictions, building acoustic modelstwthe new pronunciations is
not within the scope of this work. Such models remain a pabyfruitful area for future
research, especially if previously described methodsdaae the number of hypotheses

are implemented.
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10.5 Discussion

The method of using stem-finder transducers to predict sfoaréls, given a restricted
set of short vowel patterns, shows potential. Currentlynpnziation models are often built
with information from the MADA or BAMA tools, which provide mitiple pronunciation
possibilities for each word in their lexicon. The stem-lzthsgorpheme derivations also
provide such pronunciations, however, there is currengiyadlem of over-generation of
hypotheses that should be addressed using statisticadguiditic knowledge of common
short vowel sequences. The predictions of all three modelbased on the morphological
processes of MSA, and must be adapted to different phoraabgiocesses when presented
with data from other Arabic dialects. Adding such knowledgéhe MADA and BAMA
tools will require new lexica, rule definitions, and in theseaf MADA, substantial anno-
tated training data. On the other hand, if even a small amafisgecific information about
a dialect’s short vowels is known, it will be relatively easychange the stem pattern and
vowel definitions for the FSM predictions, simply by listitige new stem pattern and short
vowel associations. Transducers built on the new defirstman be quickly compiled and
employed with dialect data.

In summary, it is a straightforward task to add short vowadgtions to the stem-
based finite state machines we use for morphological decsitiggn However, it is crucial
to use either knowledge- or statistically-based methodstoow the vowel sequence pos-
sibilities before applying the procedure to real data,eziflor voweled LM estimation or

pronunciation modeling.
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CHAPTER 11: CONCLUSION

We have attempted in this work to determine the comparasedulness of four mor-
pheme derivation techniques for Arabic by building languagpdels for speech recogni-
tion with the resulting morphemes. Among four models anddvadects, we found that the
utility of building morpheme-based language models wagdidhon our system. This con-
clusion does not negate previous literature showing that\eocuracy increases through
the use of morpheme language models. However, the benefibigfhemes is only real-
ized for some data sets and ASR systems of a given complekitgre is no guarantee
that a morpheme-based model will result in higher accuraag & word model. The word
accuracy depends equally on the reliability of the acousstitt pronunciation models and
their relationship to the language model terms, and postilel characteristics of the data,
including its size and out-of-vocabulary rate. Other chtastics of morpheme language
modeling were discovered in the course of the ASR experisa&ame unexpected differ-

ences between the morpheme models were found.

11.1 Morpheme Modeling for ASR, Arabic Dialects and Short Vowel
Predictions

The text evaluations of the language models in Chaptdrowed an improvement in
coverage and encoding of the test sets in moving to morphzsed models, as the theory
predicts. While this improvement merited the exploratiorthise LMs in an ASR sys-

tem, the predictions about improved word accuracy were natédout. This may have
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been due to a number of factors: a mis-match between the pe@tion dictionary used
in training and the one used in testing, lack of context ingresdictions of the morpheme-
based models, and ambiguity stemming from the acoustic 'squtedictions of the shorter
morphemes as opposed to the longer words. We changed tlymié@o process to attempt
to counteract these influences, by removing illegal seqegefitom the morpheme language
model, and by rescoring the word-based decode lattices mittpheme LMs. Despite
these changes, adding morpheme information to the woreddasguage models resulted
in our ability to achieve the same results as the word modeteabut no better, as shown
in Tables5.3 and5.7 on pages84 and 94, respectively. Creating more sophisticated pro-
nunciation models that account for phonological processesorpheme boundaries is a
worthwhile area for further research with these morphemeeiso

We do find some differences between the morpheme-baseddgeguodels. These
are shown in differences in coverage and perplexity as destin Chapte#. For the
ASR task, the two FSM-based morpheme models (stem and affis) & about the same
level of accuracy, as do the Morfessor and MADA models. Asulised in Sectiob.4,
we believe the main difference between the two pairs of n®wethe spread of proba-
bility mass across multiple hypotheses in the FSM modelskering the probability of
possibly correct morpheme sequences. With the MorfessbVa&DA models, no such
spread of probability mass occurs, resulting in strongerenpredictive models. An inter-
estinglack of difference is seen between the Morfessor and MADA mod&$sdiscussed
in Section5.7, the morphemes derived from these two models are equalfylusethe
speech recognition task, despite the differing amountsgtilstic knowledge required to

implement the two morphological decomposition algorithms
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It may be the case that with more data and a better-trainedsticanodel, the less
linguistically-informed morpheme models will show morgaravement on Levantine Con-
versational Arabic data than those informed by MSA gramribe cross-dialectal nature
of the stem-based method should avoid errors made by a mudeed by a different
language form. However, in the model built for this work, earf the morpheme mod-
els lent useful information to the task, and in fact worsetiedword accuracy rate from
using a word-only model on LCA data. Given the importance eftdsk of processing
dialectal data, this problem merits further exploratioarhaps it is the case that the out-
of-vocabulary rate in colloquial dialects is less seveantthat of the standard form, in a
way that makes morpheme modeling ill-advised. This was anelasion ofCreutz et al.
[2007, and is supported here, although given the overall low sgurate of the system,
this may not be a reliable conclusion. The use of the steraebasd other morpheme
derivation methods across a variety of dialectal data weh&tl more light on whether the
use of morphemes for non-MSA forms of Arabic is in generaldfieral, and if so, whether
it is important to use models that are designed for broad asessa multiple dialects or if
techniques and models designed for one language form wédteguate for others.

The results and discussion in Chapfir highlight the potential of the stem-based
derivation system to work as well as the MADA or BAMA tools fderiving voweled
pronunciation hypotheses. The accuracy of these stentipasdictions will be improved
with a procedure for narrowing the search space of vowelesarpipossibilities in MSA,
either through statistical or linguistic knowledge. Thegutial for the proposed method
to be ported to other dialects depends on the availabiliigformation about the relation-
ships between stem patterns and short vowels in those tiakeg described in Sectidn?7,

the incorporation of such knowledge into the FSM-implerednstem-based derivations
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would likely be much more straightforward than making themeahanges in the BAMA
or MADA tools. The EM method of refining language models wil@abe useful in this
task.

One aspect of morpheme modeling that became clear in thig stthat one morpheme
hypothesis per word is preferable to multiple hypotheseferAatively, when multiple
morpheme hypotheses per word are available, they must kedatcording to statistical
knowledge. To this end, the use of the EM method discusseddtidh4.4 is useful. The
effect of the method is positively shown for a small data sefable4.100on paget7, as
well as in initial ASR results for both MSA (pad#/) and LCA (pagel35. Using EM
on larger datasets is also recommended in instances whalteparocessing is possible.
On larger data sets, it may take longer for the process toergavto ideal weights. The
resulting refined language models may produce higher wardracy scores on the ASR
task. The ability to use EM to refine the stem-derived morphé&anguage model makes it
attractive even though its results were not as good as otbdeisin this study.

What this study provides that is not otherwise available m literature is a head-
to-head comparison of four morpheme derivation technigéresn knowledge-light to
knowledge-rich, on a single ASR system. The results showr#ther than the amount
of linguistic knowledge being the key parameter to succéskeomorpheme model, the
amount of confidence in the morpheme hypotheses is the keyenGhat all models
were produced and tested on the same data and system, thiisstesuld be seen as
generalizable. Where only the effect of morpheme modeling\8R is taken into ac-
count, a resource-light morpheme derivation system cas eéective as a more complex,
resource-heavy system. However, if other properties &entanto account, and the mor-

phological or short vowel information generated by the SterMIADA systems is to be
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used for more than simply generating morpheme hypothdsasthe research might favor
the knowledge-rich method. In this case, the conclusiotedtabove regarding multiple

morpheme hypotheses and use of EM remains important.

11.2 Suggestions for Future Work in Arabic ASR

Further research might describe which of the four methoddymes the most accurate
morphemes according to linguistic principles; for this,wauld expect the MADA method
to lead the pack, as it was designed using the most amourdimirgatical information. The
stem-based and affix-based methods might also fare welegsatle based on grammatical
insights, however, it is probable that both methods overegate the possible morpheme
decompositions.

Given the discussion above and in SectiGngand 8.6, one suggestion for creating
useful Arabic language models for speech recognition iobews. The acoustic model
should be built with word-based transcripts, using a vaealipronunciation model if pos-
sible. To improve the base scores, one might look to impgvire acoustic model by
adjusting the short vowel predictions, triphone clusigrior adding more data. Given a
working word-based language model, it is possible, thowggeddent on the data set and
the system implementation, that adding morpheme sequémd¢ke language model will
resultin a slight increase in accuracy. If this route is todsen, the Morfessor algorithm is
a good choice for a firstimplementation, because it is dttefigrward and fast, and requires
no resources other than a vocabulary and optional frequamayts. It is then simple to use
the one-to-one word-to-morphs mapping to transform thpu®mto word and morph se-

guences before counting n-grams to build the language niaslélescribed in Sectighb).
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This is a low-cost, language-independent way of deterrgimhether morpheme model-
ing will be helpful. If so, more time might be spent adjustithg pronunciation model to
account for phonemic changes that occur with morpheme nmageliven the difficulties
encountered in incorporating morphemes into the systerorithesl in Chapter$ and8.

If grammatical information is to be incorporated in otherywanto the speech recognition
system or output, then the work necessary to use more congukxsuch as MADA or the
stem-based morpheme derivation method might be meritednlthe other hand, a less-
informed model will suffice, the affix-definition method caa bmployed without great
effort, and may produce better results than the Morfessawed morphs. It is advisable,
as inNguyen et al[2009 andChoueiter et al[2004, to use heuristics to limit the possible
morpheme decompositions when using the affix method, inraodkmit the number of
spurious morpheme hypotheses. It is also highly advisabth,any of these methods, to
combine the morpheme hypotheses with the word hypothesesme way. This can be
done through interpolation of word-only and morpheme-anbdels, and through limiting
decompositions to only the less-frequent words. Frequendswvill be better modeled in

the acoustic and language models if they remain whole.

11.3 Other Applications of Morpheme-Based Language Models

Because one of the main problems encountered in applying tnph@me language
models to the speech recognition application is a mis-maiti the acoustic models, it
may still be the case that these models will be useful foriegfbns not discussed in this
dissertation, such as machine translation. In the casamdlation, the grammatical rather
than the acoustic aspects of the morphemes will be of coneechwill raise new chal-

lenges. For instance, Modern Standard Arabic has a speuffig for marking the dual
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number on nouns and verbs. If we are translating into Arabimfa language that does not
make that distinction, such as English, it will be difficdtgredict when to use this suffix.
The morpheme-derivation techniques that employ more gramal information, such as
the BAMA and MADA tools, may provide needed information towdtstream process-
ing regarding morphological and syntactic aspects of theds:.oThe Morfessor and affix
derivations may be of less use here, as they cannot provaissary annotation. An aspect
discussed briefly in Sectidn7is the ability of the stem-derivation method to provide such
syntactic information, by linking each stem pattern withassociated word class, and pro-
viding this information on the output tape. This idea is $#mio that discussed igeesley
[1999 andKiraz [200(. The utility of adding grammatical information to the stéimder
transducers is left for future work.

The issue of predictive context dealt with in this thesid aply to other tasks; it is
necessary to use a higher-order n-gram model when workitigmorphemes in order to
have the same predictive context that one would have whekimgpwith words. However,
lack of training data may prevent the higher-order n-grasmsfacquiring reliable statistics.

Interpolation with word-only models is one solution to threblem.

In conclusion, while the experiments described in Chapiesad 8 did not produce
the expected outcomes, we nonetheless gain knowledge frem.t Hesitation in im-
plementing a morpheme-based language model on a new Ar&Rcsystem is merited,
and simpler methods for doing so may work as well as more reseantensive meth-
ods. If morphological information is intended for use beyanorpheme derivation, then

cross-dialectal use or ability to predict short vowels dtidae accounted for in choosing
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a derivation method; the stem-based derivation methodei®tity one of the four meth-
ods described in this study for which both are feasible. Tioblpm of creating tools that
work cross-dialectally remains a serious, important emgle, and the use of stem pat-
terns to bridge the gap between dialects has not been ruteas@upossible fruitful path.
Furthermore, the challenge of predicting short vowels irdsto Standard Arabic as well
as colloquial Arabic remains an open question, and one ligastem-finder transducers

discussed in this work may help address.
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APPENDIX A: COUNTING N-GRAMS

To build an n-gram language model, we must begin by countiegotccurrences of
each n-gram of length or less. Counting over a typical corpus is very simple; we §mp
enumerate the occurrences of each n-gram as seen in theHemtever, if the corpus
is arranged as a series of finite state machines, one FSM pinse, then the counting
process is more complex. In each FSM, there are potentiallyrpaths. At the outset we
assume all paths to be equiprobable as we have no evidenceitly o assign priors. The
count of an n-gram in an FSM is defined, astitauzen et al[2004, as the weighted sum
of the number of occurrences of the n-gram in all paths of ®&kIH-ormally,

c(x) = [w].[A] (w) (A1)

wedl

whereX is the alphabet of our language,is a string in that language, ands the n-gram
(a string) that we are counting. The notatian, represents the number of times the string
x appears in the string.. A is the FSM in whichz occurs, and A (w) is the weight
attributed tow by A. Therefore, the count of the stringin FSM A is estimated as the
number of timese occurs in each stringy appearing in4, times the weight of the path
acceptinge in A. The remainder of this section will explain in detail theidation of this
equation and its implementation for counting n-grams.

To solve EquatiorA.1, it seems necessary to enumerate all of the possible stirgs
cepted byA. Even with an FSM of only moderate size, this task is compratly ex-
pensive, and if there are cycles in the graph, a full enunweras impossible. However,
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Allauzen et al[200] and Allauzen et al[2009 describe an alternative counting method
that is far less expensive. Briefly, we construct a simplestlaner modeled on the n-gram
being counted, then compose this transducer with the FSMs$epting the sentence. After
epsilon removal and projection onto the output alphabetarmgdeft with an FSMR. The
estimated count of the n-gram is equal to the sum of the weigfll of the paths of:.

To further explain the counting method, we first reprodueegtoof given inAllauzen
et al.[2003 with an expanded explanation. Then, we describe in détaitbunting algo-
rithm, which we use to calculate the estimated count of eagham in the FSM without

enumerating all paths.

A.1 Proof of the Efficient N-gram Counting Method

It is first necessary to understand the properties of a fopoaier series. We start by
describing the concept of a semiring, which is laid out iradet Allauzen et al[2003. A
semiring is a collection of mathematical operations and afseumbers over which those
operations are defined. The operations@rand ®, which play the role of addition and
multiplication. The operations may be defined in various svdgpending on the nature
of the set of numbers. The set of numbers is always closed theléwo operations, and
there always exists an identity element for each operation.

For example, the real semiring can be defined as the colfectio

K ={R,+,%,0,1}

Here we define the) operation as addition, and thlxeoperation as multiplication. Zero
is the identity element for addition, one is the identityneént for multiplication, and the
set of real numbers is closed under addition and multipboat

Another example is the boolean semiring:

162



K= ({0,1},Vv,-,0,1)

We “add” two elements of the s¢0,1} with the OR operator\(); we multiply with the
AND operator (). Zero and one are the identity elements of those two operstiThe set
{0,1} is closed under those operations.

A simple formal power series is
S: ¥ —>K (A.2)

meaning thatS is a power series in which each string in the alphabepicks out a co-
efficient that exists within the semiring. S is therefore a function. IK is our boolean

semiring as defined above, then we can redeias
Sy —{0,1} (A.3)

If w is a string in our alphabety ¢ ¥*, then the notatior{.S,w) can be read as: “the
coefficient picked out by the string as defined by'.”
As defined inKuich and Salomaf1984, if S is a formal power series af* into K,

the values of5 are denoted bysS, w), ands itself is written as a formal sum:

S=> (Sww (A.4)

we*

To make this more clear, we will now define an example alphabahd one of the

functions that can describe havwvandK interact.

Y ={a,c} (A.5)
[ 0 if |w|iseven
(S w) = { 1 if |w]is odd (A.6)

We choose this definition because it uses only coefficieatsetkist in boolean semiring
K. Later, in the proof of the efficient counting algorithm, wil define a different function
for S that picks out coefficients in the probability semiring.
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Using the definition ofS in EquationA.6, the sum defined in Equatiof.4 can be

instantiated as follows:

S = (s,e)e + (S,a)a+ (S,aa)aa + (S, aaa)aaa + ... + (S, a*)a* (A7)
and, according to the definition in Equatiérd : (A.8)

S = 0e+ la+0a® + 1a® + ... (A.9)

Again, (S, w) picks out a coefficient forv, whereasS is a list (technically, sum) of
coefficients andv types.

Now we can turn to the proof iallauzen et al[2003, and fill out some of the missing
steps. In this proof[.(X) is a regular language:

Let S be the formal power series((ich and Salomafl98€4) S over the
probability semiring defined by = Q* x = x Q*, wherex e L(X).
Lemma: For allweX*, (S, w) = |w|,. (Allauzen et al[2003)

Proof of this lemma will allow us to use the efficient methoddounting n-grams.

Proof as inAllauzen et al[200], expanded:

o Let () be the formal power serig3 : w — Ry 1}, wherew picks out the coefficient

that is the probability of that string in*.

e ()* is the sum over allv of the products of the probabilities of all segmentations of
w:

=) o (A.10)

0<n<oo

wheren is the number of possible segmentswofFor instance:

(Q-Quw)= > (Qw)- (2 ws) (A.11)

w1 W =w
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More concretely, itv = ab, then we calculaté&?- 2, w) by summing over all possible

two-part segmentations af, expanding the last equation as follows:
(Q-Q,w) = () - (2,ab) + (Q,a) - (2,0) + (2.ab) - (Q¢) (A.12)

Since we are summing over all probabilities, we should exffersum to be equal

to one. This property is important later in the proof.
We can now define (S,w) for a particular string
(S,w) = (2" x z x Q" w) (A.13)

The associative property holds for the formal power seriesy (1 and SalomafL984).

This means that we can group the multiplied terms in all gyssvays. Therefore:

(S,w) = (2" x ) x O, w) (A.14)

Splitting the stringw as in EquatiorA.11:

(Sow)= D (" xz,w) x (2, ws) (A.15)

w1 we=w

where the first term may be split a second time:

(Sw)= > (Y (,ws) x (z,w4)) X (2, ws) (A.16)

WIW2=W W3W4=wW1
Here,z is a rational power series that, when the strings equal toz, picks out the
coefficient 1. In all other cases, the coefficient is zero.c&iwe know thatx, ws) # 0
only whenw, = z, we can remove the inner sum:

(Sow) =D (2, ws) x (z,ws) x (2, w) (A.17)

w1 Wy =w
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/\
wq Wa
/\

Figure A.1: One way to split up the stringe>-*

If we redefine the variables according to the assignmentarshio FigureA.1, we can
rewrite the equation as:

(Ssw)= Y (,u)x (z,2) x (2,0) (A.18)

wiwe=w

We see here thdtS, w) only has a non-zero value whenis in w. Also (Q*,«) and
(Q*,v) should sum to one, as they are sums of all probabilitiesarfdv. Therefore, when
x appears inv, (S,w) = 1. This is the meaning of,,.,—,, in Allauzen et al[2003. It also
means that we look far at every index inv. Therefore,(S,w) = |w|,, because we add
one every time we seein w, regardless of what the other elementswoére. This is the
proof of Lemma 1 above.]

We wish to be able to coumi|, without enumerating all possible segmentationsof
To do this, we create a transducer T such fdt(x,y) = [T](w, z). Such a transducer
has self-loops at the start and end states for each symbloéialphabet, and transitions

between the start and end states that echo the symholexactly. We can then state:
[T](w,z) = (S, w) = |w], (A.19)

We are looking for instances of the stringin a weighted finite state automatoh

which we will define to be in the probability semiring. The obwf » must take into
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o hello ° bye e hello @

Figure A.2: The WFSA representing our corpus, all transgibave weight 1.

' bye:bye ‘ bye:bye ‘

Figure A.3: FSA representing the n-gramwve wish to count occurrences of i

account the weights on the pathsAfTherefore, as defined illauzen et al[2009:

o(x) = Y |wl.[A](w) (A.20)

wed*

Again, we will use[T](w, x) to representw|,. The equivalent of multiplication for
automata is composition, so we find the count af A by composing4 with the transducer
T defined above, removing epsilon transitions, and projgdiie result onto the output
alphabet. We use to sum the weights of the resulting paths to calculate thetoithe

stringzx in A.
A.2 Implementing the Efficient Counting Algorithm

The weighted FSA in Figurd.2 is a representation of our example corpus, In
it, each transition has a weight of 1. The weights are in tlabability semiring. The
strings accepted by that WFSA are listed in Tablé. The total weight attributed to a path

accepting any of these strings is 1.
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hello bye hello | bye bye hello
hello</s> hello | bye bye bye
hello bye bye | bye </s> hello
hello </s> bye | bye</s> bye

Table A.1: All paths ofA, all have weightl.

</s>:#/1
</s>:#/1

Figure A.4: The weighted transducer T, as defineélinuzen et al[2003, that allows us
to count the occurrences ofof in A.

hello:#/1 bye:bye/l
o>
bye:bye/1l bye:#/1
OO~y

Figure A.5: The composition ofl andT'.

Figure A.6: The WFSA in Figuré.5 having performed epsilon removal and projection
onto the output symbols.
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4/-0.693

Figure A.7: Composition oft andT" in the log semiring after projection onto output labels
and epsilon removal. We use log addition to sum in the log segiithe exponent of the
result equals 4.

The example n-gram that we will count is “bye bye”. It is represented as a simple
FSA in FigureA.3.

The transducefl” that we build in order to derive the count ofin A is shown in
FigureA.4.

In Step 1, we compose WFSA with transducefl’. The result is shown in Figur.5.

In Step 2, we remove the epsilons from the previous WFSA, aoj@girthe result onto
the output symbols, as shown in Figukes.

To calculate the count of in A, Step 3, we sum the weights of the paths in this last
WEFSA, which is equal to four. We can verify in Tabfel that the n-gram “bye bye” is
found in the WFSAA a total of four times.

Note that in the probability semiringp is addition and® is multiplication. This
contrasts with the operations in the log and tropical selggimore commonly used in
weighted automata, where is logadd andmin respectively, and is addition. The final
automaton in the log semiring is shown in Figéye'.

Therefore, having built a sentence-long morpheme EEMe first determine the list

of n-grams to be counted within that sentence, then creaémsducef’ describing each of
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the n-grams (in fact this can be done with a single transgu@és compose this transducer
T with FSM A. We further compose the result with an FSM representing eagtam
individually. These separate compositions result in F§Msom which we can calculate
the count of each n-gram in that sentence (such as the FSMyimd#.7). These counts
are stored and combined with counts from all other senteinabe training corpora. This
process can be done efficiently using the MapReduce algonittantHadoop clusteri{ean
and Ghemawd2004]). Many training files can be read at once over a series of coeng,
each with several processors. The output of each Map fundti@a set of n-grams and
their counts. The counts are combined using the Reduce @mdhis is possible because
morpheme decomposition and n-gram counting over any podidhe corpus does not
depend in any way on the morphemes or n-gram counts derigaddny other portion.
C++ code to perform this n-gram counting algorithm over any Kl be published

on the author’s website.
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