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Abstract

In this paper, we show that linguistically mo-
tivated pronunciation rules can improve phone
and word recognition results for Modern Stan-
dard Arabic (MSA). Using these rules and
the MADA morphological analysis and dis-
ambiguation tool, multiple pronunciations per
word are automatically generated to build two
pronunciation dictionaries; one for training
and another for decoding. We demonstrate
that the use of these rules can significantly
improve both MSA phone recognition and
MSA word recognition accuracies over a base-
line system using pronunciation rules typi-
cally employed in previous work on MSA Au-
tomatic Speech Recognition (ASR). We ob-
tain a significant improvement in absolute ac-
curacy in phone recognition of 3.77%—7.29%
and a significant improvement of 4.1% in ab-
solute accuracy in ASR.

Introduction

dictionaries are typically written by hand. However,
for morphologically rich languages, such as MSA,
pronunciation dictionaries are difficult to create by
hand, because of the large number of word forms,
each of which has a large number of possible pro-
nunciations. Fortunately, the relationship between
orthography and pronunciation is relatively regu-
lar and well understood for MSA. Moreover, re-
cent automatic techniques for morphological anal-
ysis and disambiguation (MADA) can also be useful
in automating part of the dictionary creation process
(Habash and Rambow, 2005; Habash and Rambow,
2007) Nonetheless, most documented Arabic ASR
systems appear to handle only a subset of Arabic
phonetic phenomena; very few use morphological
disambiguation tools.

In Section 2, we briefly describe related work, in-
cluding the baseline system we use. In Section 3, we
outline the linguistic phenomena we believe are crit-
ical to improving MSA pronunciation dictionaries.

In Section 4, we describe the pronunciation rules we
have developed based upon these linguistic phenom-

The correspondence between orthography and prena. In Section 5, we describe how these rules are
nunciation in Modern Standard Arabic (MSA) fallsused, together with MADA, to build our pronuncia-

somewhere between that of languages such as Spggn dictionaries for training and decoding automat-
ish and Finnish, which have an almost one-to-ongg|ly. In Section 6, we present results of our eval-

mapping between letters and sounds, and languaggsions of our phone- and word-recognition systems
such as English and French, which exhibit a MOrex PR and XWR) on MSA comparing these systems

complex letter-to-sound mapping (El-Imam, 2004)i5 two baseline systems,ABEPR and BSEWR.
The more complex this mapping is, the more diffi-

;:_ult t(r;\esls?guage is for Automatic Speech Recogni- IMSA words have fourteen features: part-of-speech, person,
on .

number, gender, voice, aspect, determiner proclitic,.owtjve
An essential component of an ASR system is itgroclitic, particle proclitic, pronominal enclitic, nomal case,

pronunciation dictionary (lexicon), which maps thejunation, idafa (possessed), and mood. MSA features dre rea

. : : ized using both concatenative (affixes and stems) and téimpla
orthographic representation of words to their pho(root and patterns) morphology with a variety of morphobadi

netic or p_honemic pronunciation Variams-_ For lanang phonological adjustments that appear in word orthdyrap
guages with complex letter-to-sound mappings, sucind interact with orthographic variations.



We conclude in Section 7 and identify directions foismall number of words; (c) thresunation diacrit-

future research. ics (F' /an/, N /un/, K [in/) representing a combina-
tion of a short vowel and the nominal indefiniteness
2 Related Work marker /n/ in MSA; (d) one consonant lengthening

~diacritic (called Shadda’) which repeats/elongates
Most recent work on ASR for MSA uses a sin-the previous consonant (e.§gt~ab is pronounced
gle pronunciation dictionary constructed by mapskattab/); and (e) one diacritic for marking when
ping every undiacritized word in the training cor-there is no diacritic (called Suku).
pus to all of the diacritized Buckwalter analyses and apic diacritics can only appeasfter a let-
the diacritized versions of this word in the Arabic;,,

: _ Word-initial diacritics (in practice, only short
Treebank (Maamourl et al., 2003; Aflfy et al., 2005’\/0W€|S) are handled by addlng an extra Alifd

Messaoudi et al., 2006; Soltau etal., 2007). Inthesg sq called Hamzat-Wasl) at the beginning of the
papers, each diacritized word is converted 10 a Sifyorq  Sentence/utterance initial Hamzat-Wasl is
gle pronunciation with a one-to-one mapping Usingoounced like a glottal stop preceding the short
very few” unspecified rules. None of these system owel: however, the sentence medial Hamzat-Was|
use morphological disambiguation to determine thg q;jent except for the short vowel. For exam-
most ||kEIy pronunCiation of the word given_ its (?Oﬂ-ple’ Ainkataba kitAbN is /Ginkataba kitAbun/ but

text. Vergyri et al. (2008fo use morphological in- KitAbN Ainkataba is /kitAbun inkataba/. A ‘real

formation to pr(_adict word pronunciation. They SeHamza (glottal stop) is always pronounced as a glot-
lect the top choice from the MADA (Morphological stop. The Hamzat-Wasl| appears most commonly

Analysis and Disambiguation for Arabic) system for,g the Ajif of the definite articlé\l. It also appears

each word to train their acoustic models. For the te% specific words and word classes such as relative

lexicon they used the undiacritized orthography, aﬁronouns (e.g.Aly ‘who' and verbs in pattern VII
well as all diacritizations found for each word in tr{/‘\a;eAinlaZaS).

training data as possible pronunciation variants.

) . . Arabic short vowel diacritics are used together
use this system as our baseline for comparison.

with the glide consonant letters andy to denote
the long vowels /U/ (agw) and /I/ ¢y). This makes
these two letters ambiguous.

MSA is written in a morpho-phonemic orthographic Diacritics are largely restricted to religious texts
representation using th&rabic script, an alphabet and Arabic language school textbooks. In other
accented with optional diacritical markdMSA has texts, fewer than 1.5% of words contain a diacritic.
34 phonemes (28 consonants, 3 long vowels and3pme diacritics are lexical (where word meaning
short vowels). The Arabic script has 36 basic letvaries) and others are inflectional (where nominal
ters (ignoring |igatures) and 9 diacritics. Most Ara-case or verbal mood varies). Inflectional diacritics
bic letters have a one-to-one mapping to an MSAre typically word final. Since nominal case, verbal
phoneme; however, there are a small number @#hood and nunation have all disappeared in spoken
common exceptions (Habash et al., 2007; El-Imanglialectal Arabic, Arabic speakers do not always pro-

3 Arabic Orthography and Pronunciation

2004) which we summarize next. duce these inflections correctly or at all.
Much work has been done on automatic Arabic
3.1 Optional Diacritics diacritization (Vergyri and Kirchhoff, 2004; Anan-

Arabic Script Commonly uses nine Optional diacrit_thakriShnan et al., 2005; Zitouni et al., 2006; Habash

ics: (a) three short-vowel diacritics representing th@nd Rambow, 2007). In this paper, we use the
vowels /a/, /ul and /if: (b) one long-vowel diacritic MAPA (Morphological Analysis and Disambigua-

Daaaer Alif ) representina the lona vowel /A/ in a tion for Arabic) system to diacritize Arabic (Habash
(Dagg ) rep g g and Rambow, 2005; Habash and Rambow, 2007).

2We provide Arabic script orthographic transliteration inMADA, which uses the Buckwalter Arabic mor-
the Buckwalter transliteration scheme (Buckwalter, 2004y  phological Analyzer databases (Buckwalter, 2004),
Modern Standard Arabic phonological transcription, we ase provides the necessary information to determine
variant of the Buckwalter transliteration with the follovg ex- . .
ceptions: glottal stops are represented as /G/ and longls@ase g'im_zat'waf' _thrOUQh mr?rphologlgally taggl?]g the
IAJ, /Ul and /I/. All Arabic script diacritics are phonolagglly efinite article; In most other cases it outputs the spe-

spelled out. cial symbol ‘{” for Hamzat-Wasl.



3.2 Hamza Spelling appears after some nunated nouns, e.g., ki-

The consonant Hamza (glottal stop /G/) has multi-  @ADAF /kitAban/. In some poetic readings,
. . S, . this Alif can be produced as the long vowel
ple forms in Arabic script:s/, | >, ] <, 5 &, &

= A/ [KitAbA/. Finally, a common odd spelli
},1|. There are complex rules for Hamza spelling ! LYy, & Common og Speing

L ) _ is that of the proper namé&amrw /Eamr/

that prlmarl_ly depend on its vqcallc context. For ex- ‘Amrwhere the final w is silent.
ample,¢s } is used word medially and finally when
Hamza form | is used when the Hamza is followed
by the long vowel /A/. As noted in Section 3, diacritization alone does not

Hamza spelling is further complicated by the facpl’edict ac_tual pronunciation in MSA. In this section
that Arabic writers often replace hamzated letter&e describe a set of rules based on MSA phonol-
with the un-hamzated form & —1 A)oruse a °9Y which will extend a diacritized word to a set
two-letter spelling, e.g.¢s } — scs Y. Due to of possible pronunciations. It should be noted that
this variation, the un-hamzated forms (particularly£Ven MSA-trained speakers, such as broadcast news

: . . . _anchors, may not follow the “proper” pronunciation
for 1> and| <) are ignored in Arabic ASR evalua according to Arabic syntax and phonology. So we

tion. The MADA system regularizes most of theseattem t to accommodate these pronunciation vari-
spelling variations as part of its analysis. 1P - (ese p
ants in our pronunciation dictionary.

3.3 Morpho-phonemic Spelling The following rules are applied on each dia-

. L critized word® These rules are divided into four
Arabic script includes a small number of Mor-cieqqries: (1) a shared set of rules used in all
phemic/lexical phenomena, some very common: systems compared (BEPR, BASEWR, XPR
and XWR)# (I) a set of rules in BSEPR and
BASEWR which we modified for XPR and XWR;
(1) a first set of new rules devised for our systems
XPR and XWR; and (IV) a second set of new rules
that generate additional pronunciation variants.
'Below we indicate, for each rule, how many words
in the training corpus (335,324 words) had their
pronunciation affected by the rule.

o Alif-Magsura The Alif-Magsura t") is a silent .
derivational marker, which always follows a!- Shared Pronunciation Rules
short vowel /a/ at the end of a word. For ex- 1. Dagger Alif:  — /A/

ample,rawaY ‘to tell a story’ is pronounced (e.9.. h*A — hA*A) (This rule affected 1.8%
frawa/. . -
of all the words in our training data)

e Ta-Marbuta The Ta-Marbutay) is typically a
feminine ending. It appears word-finally, op-
tionally followed by a diacritic. In MSA it
is pronounced as /t/ when followed by a di-
acritic; otherwise it is silent. For example
maktabapN ‘a library’ is pronounced / mak-
tabatun/.

° Deflnlte_ _Art|cle The_ Arablc defmlte.artlcle IS 2. Madda: | — /G A/
a proclitic that assimilates to the first conso- (e.., Aln — AIGAN) (affected 1.9%)
nant in the noun it modifies if this consonant 9 '

is alveolar or dental (except fgi). These are 3 Nynation: AF — /an/, F— /a n/, IK/— finl,
the so-called Sun Letters; v, d, *, 1, z s, $, N — /un/

S D, T, Z 1, andn. For example, the word (e.g., kutubAF— kutuban) (affected 9.7%)
Al$ams ‘the sun’ is pronounced /a$$ams/ not

*/al$ams/. The definite article does not assimi- 4, Hamza: All Hamza forms?, }, &, <, > — /G/
late to the other consonants, the Moon Letters.  (e.g.,>kala— Gakala) (affected 21.3%)
For example, the word Algamar ‘the moon’ is

pronounced /algamar/ not */aggamar/. 30ur script that generates the pronunciation dictio-
naries from MADA output can be downloaded from

. . . . www.cs.col umbi a.edu/speech/software.cgi.
* Silent Letters A silent Alif appears in the mor- “We have attempted to replicate the baseline pronunciation

pheme+u.wA /.U/ ‘_’VhiCh indicates m"?SCU”n? rules for (Vergyri et al., 2008) based on published work and
plural conjugation in verbs. Another silent Alif personal communications with the authors.



5.

Ta-Marbuta: p — /t/
(e.g., madrasapa— madrasata) (affected
15.3%)

1. Modified Pronunciation Rules

1.

Alif-Maqsura: 'Y — /a/
(e.g., salomY — saloma) (affected 4.2%)
(Basdline: Y — /A))

. Shadda: Shadda is always removed

(e.g., ba$-ara — ba$ara) (affected 23.8%)
(Basdline: the consonant was doubled)

. Uand I: uwo— /U/, iyo — /I

(e.g., makotuwob — makotUb) (affected
25.07%) (Baseline: same rule but it inaccu-
rately interacted with the baseline Shadda rule)

I1l. New Pronunciation Rules

1.

Waw Al-jamaa: suffixes uwoA— /U/
(e.g., katabuwoA— katabU) (affected 0.4%)

. Definite Article: Al — /a I/ (if tagged as Al+

by MADA)
(e.g., wAlkitAba — walkitAba) (affected
30.0%)

. Hamzat-Wasl: { is always removed.

(affected 3.0%)

. “Al"in relative pronouns: Al — /all

(affected 1.3%)

. Sun letters: if the definite article (Al) is fol-

lowed by a sun letter, remove the
(e.g., Alsamsu— A$amsu) (affected 8.1%)

IV. New Pronunciation Rules Generating Addi-
tional Variants

As a post-processing step in all systems, we re-
move the Sukun diacritic and convert every letter X
to phoneme /X/. In XPR and XWR, we also remove
short vowels that precede or succeed a long vowel.

5 Building the Pronunciation Dictionaries

As noted above, pronunciation dictionaries map
words to one or more phonetically expressed pro-
nunciation variants. These dictionaries are used
for training and decoding in ASR systems. Typi-
cally, most data available to train large vocabulary
ASR systems is orthographically (not phonetically)
transcribed. There are two well-known alternatives
for training acoustic models in ASR: (1) bootstrap
training, when some phonetically annotated data is
available, and (2) flat-start, when such data is not
available (Young et al., 2006). In flat-start training,
for example, the pronunciation dictionary is used
to map the orthographic transcription of the train-
ing data to a sequence of phonetic labels to train
the initial monophone models. Next, the dictionary
is employed again to produce networks of possible
pronunciations which can be used in forced align-
ment to obtain the most likely phone sequence that
matches the acoustic data. Finally, the monophone
acoustic models are re-estimated. In our work, we
refer to this dictionary as th&aining pronuncia-

tion dictionary. The second usage of the pronun-
ciation dictionary is to generate the pronunciation
models while decoding. We refer to this dictionary
as thedecoding pronunciation dictionary.

For languages like English, no distinction be-
tween decoding and training pronunciation dictio-
naries is necessary. However, as noted in Section
3, short vowels and other diacritic markers are typi-
cally not orthographically represented in MSA texts.
Thus ASR systems typically do not output fully di-
acritized transcripts. Diacritization is generally not

e Ta-Marbuta: if a word ends with Ta-Marbuta Necessary to make the transcript readable by Arabic-
(p) followed by any diacritic, remove the Ta-literate readers. Therefore, entries in the decod-
Marbuta and its diacritic. Apply the rules aboveiNd Pronunciation dictionary consist of undiacritized

(I-111) on the modified word and add the outputWords that are mapped to a set of phonetically-

pronunciation.
(e.g., marbwTapF— marbwTa) (affected
15.3%)

represented diacritizations. However, every entry in
the training pronunciation dictionary is a fully dia-

critized word mapped to a set of possible context-
dependent pronunciations. Particularly in the train-

e Case ending:if a word ends with a short vowel ing step, contextual information for each word is
(a, u, i), remove the short vowel. Apply rulesavailable from the transcript, so, for our work, we
(I-111) on the modified word, and add the outputcan use the MADA morphological tagger to obtain

pronunciation
(e.g., yaktubu— yaktub (affected 60.9%)

the most likely diacritics. As a result, the speech
signal is mapped to a more accurate representation



Undiacritized Orth. Diacritized MADA Pronunciation Variants

of the training transcript, which we hypothesize will
lead to a better estimation of the acoustic models. A__madrasati ]
As noted in Section 1, pronunciation dictionaries madorasapi\g,,[ /madrasat/ ]
for ASR systems are usually written by hand. How- P ~ madrasa )
ever, Arabic’s morphological richness makes it dif- \[
ficult to create a pronunciation dictionary by hand | mdrse pronuncitons for MADA 2
since there are a very large number of word forms,| ., ——
each of which has a large number of possible pro- N /'{ mudorisaty ]
nunciations. The relatively regular relationship be- mudersant | 7o /mudarisay/ |
tween orthography and pronunciation and tools for de SN mudarisar )
morphological analysis and disambiguation such as . \[ promartatons for w0 2" |
MADA, however, make it possible to create such :

dictionaries automatically with some success.

Figure 1: Mapping an undiacritized word to MADA out-
5.1 Training Pronunciation Dictionary puts to possible pronunciations.

In this section, we describe an automatic approach
to building a pronunciation dictionary for MSA that5.2 Decoding Pronunciation Dictionary

covers all words in the orthographic transcripts ofrhe gecoding pronunciation dictionary is used in
the training data. First, for each word in each utagg 1o hyild the pronunciation models while decod-
terance, we run MADA to disambiguate the worG,g gince, as noted above, it is standard to produce
based on its context in the transcript. MADA outputs, v ocalized transcripts when recognizing MSA, we
all possible fully-diacritized morphological analy- st map word pronunciations to unvocalized ortho-
ses, ranked by their likelihood, the MADA confi- 4o hhic output. Therefore, for each diacritized word
dence scoré.We thus obtain a fully-diacritized or- o, training pronunciation dictionary, we remove

thographic transcription for training. Second, W&yiacritic markers and replace Hamzat-Wasl ({), <,
map the highest-ranked diacritization of each word 4 - by the letter ‘A, and then map the modified
to a set of pronunciations, which we obtain from thgy g tg the set of pronunciations for that word. For

pronunciation rules described in Section 4. Sinc@xample in Figure 1 the undiacritized wanatirsp
MADA may not always rank the best analysis as it§, the 15¢ column is mapped to the pronunciations

top choice, we also run the pronunciation rules of}, (e 37 column. The baseline decoding pronun-

the secondbest choice returned by MADA, When ciaiion dictionary is constructed similarly from the
the difference between the top two choices is leS§ysejine training pronunciation dictionary.

than a threshold determined empirically (in our im-

plementation we chose 0.2). In Figure 1, the training  Eyaluation

pronunciation dictionary maps tf#< column (the

entry keys) to th&™ column. To determine whether our pronunciation rules are

We generate the baseline training pronunciatiodSe€ful in speech processing applications, we eval-
dictionary using only the baseline rules from Sectiot@t€d their impact on two tasks, automatic phone
4. This dictionary also makes use of MADA, but jtrécognition and ASR. For our experiments, we used
maps the MADA-diacritized word to only one pro-the broadcast news TDT4 corpus (Arabic Set 1), di-
nunciation. The baseline training dictionary map¥ided into 47.61 hours of speech (89 news shows)

the2"4 column (the entry keys) tonly one pronun- for training and 5.18 hours (11 shows); test and
ciation in the3"® column in Figure 1. training shows were selected at random. Both train-

ing and test data were segmented based on silence

— . and non-speech segments and down-sampled to
The MADA system (Habash and Rambow, 2005; Habas% 7 . .
and Rambow, 2007) reports 4.8% diacritic error rate (DER) o Khz.” This segment_apon produced 20,707 speech
all diacritics and 2.2% (DER) when ignoring the last (inflec-S€gments for our training data and 2,255 segments
tional) diacritic. for testing.
®In our training data, only about 1% of all words arenot_____
diacritized because of lack of coverage in the morpholdgica “One of our goals is phone recognition telephone conversa-
analysis component. tion for Arabic dialect identifaction, hence the down-séinmp



6.1 Acoustic Models dictionaries. Since our choice of acoustic model
40f BASEPR or XPR) and pronunciation dictionary

Our monophone acoustic models are built using _ .
state continuous HMMs without state-skipping with(@gain of BASEPR or XPR) can bias our results,

a mixture of 12 Gaussians per state. We extrad¥€ consider fourgold variants (GV) with differ-

standard MFCC (Mel Frequency Cepstral Coeffi€Nt combinations of acoustic model and pronunci-
to set expected lower and upper

cients) features from 25 ms frames, with a fram@tion dictionary,

shift of 10 ms. Each feature vector is 39D: 13 feaP0unds. These combinations are represented in Ta-

tures (12 cepstral features plus energy), 13 deltadl® 1 s GV1-4, where the source of acoustic mod-
and 13 double-deltas. The features are normalizdps is BASEPR or XPR and source of pronuncia-
using cepstral mean normalization. For our ASRION rules are BSEPR, XPR or XPR and BSEPR
experiments, tied context-dependent cross-word tPmbined. These GV are described in more detail
phone HMMs are created with the same settings ££/0W: as we describe our results. o
monophones. The acoustic models are speaker- and>Nce B\SEPR system uses a pronunciation dic-
gender-independent, trained using ML (maximuniionary with a one-to-one mapping of orthography
likelihood) with flat-star We build our framework 0 phones, the GV1 phone sequence for any test

using the HMM Toolkit (HTK) (Young et al., 2006). utterance’s orthographical transcript according to
BASEPR can be obtained directly from the ortho-

6.2 Phone Recognition Evaluation graphic transcript. Note that if, in fact, GV1 does

We hypothesize that improved pronunciation rulekePresent the true gold standard (i.e., the correct
will have a profound impact on phone recognitionOhor_'e sequence for the test uttera_nces)_then if XPR
accuracy. To compare our phone recognition (XP btains a lower phone error rate using this gold stz_in—
system with the baseline (BEPR), we train two ard than’ BsePR _does, we can conclude t_hat in

phone recognizers using HTK. TheaBEPR rec- fact XPR’s acoustic models are better estimated.

ognizer uses the training-pronunciation dictionany NiS IS in fact the case. In Table 1, first line, we
generated using the baseline rules; the XPR syS€€ that XPR under both conditions (open-loop and

tem uses a pronunciation dictionary generated usirigram LM) significantly (p-value< 2.2¢ —16) out-
these rules plus our modified and new rules (cf. Se€erforms the correspondingABEPR phone recog-

; oIS - : 10
tion 5). The two systems are identical except foPiZer Using GVI.
their pronunciation dictionaries. If GV1 doesnot accurately represent the phone

We evaluate the two systems under two condis€duences of the test data, then there must be some
tions: (1) phone recognition with a bigram phoné)hones in the GV1 sequences that should be deleted,
language model (LM)and (2) phone recognition InSerted, or substituted. On the hypothesis that our
with an open-loop phone recognizer, such that angaining-prom_mciation dictionar_y might impro_ve the
phoneme can follow any other phoneme with a uniBASEPR assignments, we enrich the baseline pro-
form distribution. Results of this evaluation are prenunciation dictionary with XPR's dictionary. Now,
sented in Table 1. we force-align the orthographic transcript using

Ideally, we would like to compare the perfor—this extended pronunciation dictionary, still using

mance of these systems against a common MSRASEPR’s acoustic models, with the acoustic sig-
phonetically-transcribed gold standard. Unfortun@l- We denote the output phone sequences as GV2.

nately, to our knowledge, such a data set does nlj@ Pronunciation generated using tha$ePR dic-

exist. So we approximate such a gold standarfdenary was already correct (in GV1) according to

on a blind test set through forced alignment, usthe acoustic signal, this forced alignment process

ing the trained acoustic models and pronunciatioflill has the option of choosing it. We hypothesize
that the result, GV2, is a more accurate represen-

8since our focus is a comparison of different approaches t@tion of the true phone sequences in the test data,
pronunciation modeling on Arabic recognition tasks, weehavsince it should be able to model the acoustic sig-

not experimented with different features, parameters déffet-
ent machine learning approaches (such as discriminagime- tr nal more accurately. On GV2, as on GV1, we see

ing and/or the combination of both). that XPR, under both conditions, significantly (p-
®The bigram phoneme LM of each phone recognizer is___

trained on the phonemes obtained from forced aligning the °Throughout this discussion we use paired t-tests to measure

training transcript to the speech data using that recogsize significant difference, where the sample values are the ohon

training pronunciation dictionary and acoustic models. recognizer accuracies on the utterances.



Gold Variants Open-loop (Accuracy) | Bigram Phone LM (Accuracy)
GV | Acoustic Model of | Pron. Dict. of || BASEPR| XPR BASEPR | XPR
1 BASEPR BASEPR 37.40 39.21 41.56 45.17
2 BASEPR BASEPR+XPR 38.64 42.41 43.44 50.73
3 XPR XPR 37.06 42.38 42.21 51.41
4 XPR BASEPR+XPR 37.47 42.74 42.59 51.51

Table 1: Comparing the effect of ABEPR and XPR pronunciation rules, alone and in combinatioimgué Gold
Variants under two conditions (Open-loop and LM)

value < 2.2e — 16) outperforms the correspondingphones, 1404 deletions, 14013 substitutions, and
BASEPR phone recognizers (see Table 1, secort¥040 insertions). We can hypothesize from these
line). experiments that the baseline pronunciation dictio-
We also compared the performance of the whary alone is not su_fficient to represent the acoustic
systems using upper bound variants. For GV3 W@lgnal _accurately, since large numbers of .ph_onemes
used the forced alignment of the orthographic trar® edited when adding the XPR pronunciations. In

scription using only XPR'’s pronuncation dictionarygontrasi' e;?ggg thhe BEPR? Fro|nunmaﬂon d'c't
with XPR’s acoustic models. In GV4 we combine lonary to S Shows a relatively smail percent-

the pronunciation dictionary of XPR withABEPR age of edits, which suggests that the XPR pronun-

dictionary and use XPR’s acoustic models UnSUI;;iation dictionary extends and covers more accu-
prisingly, we find that the XPR recognizer Signiﬁ_rately the pronunciations already contained in the

cantly (p-value<2.2e — 16) outperforms BSEPR BASEPR dictionary.
when using these two variants under both conditiong 3 Speech Recoanition Evaluation
(see Table 1, third and fourth lines). = 9P 9

(yye have also conducted an ASR experiment to eval-

The results presented in Table 1 compare the r ate the usefulness of our pronunciation rules for
bustness of the acoustic models as well as the pr%—. P

. . l - _
nunciation components of the two systems. We als uic?a%%lr?artlljcl)(i toweer?é?aﬁ)tlgytr;[gebggsml:getrgirr?in
want to evaluate the accuracy of our pronunciatioﬂnd decodin rom?nciation dictionaries.  Usin 9
predictions in representing the actual acoustic sig: 9 p : 9

nal. One way to do this is to see how often the force ese dictionaries, we build the baseline AS.R SYs-
alignment process choose phone sequences us (BASEWR). Using our extended pronunciation

s, we generate our dictionaries and train our

the BASEPR pronunciation dictionary as oppose
to XPR’s. We forced aligned the test transcript _ASR system (XWR). Both systems have the same

using the XPR acoustic models and only the XPFrQT;Odel settings, as described in Section 6.1. _They
pronunciation dictionary — with the acoustic sig-a SO share the same Ian_gua_lge model (LM)’ a trigram
nal. We then compare the output sequences to tI]Tg/I t_ramed on the undiacritized transcripts of the

output of the forced alignment process where thgalnlng data and a subset of Arabic gigawords (ap-

combined pronunciations from BSEPR+XPR and proximately .281 million words, in total), using the
the XPR acoustic models were used. We find tha%R”‘M toolkit (Stolcke, 2002). .

the difference between the two is only 1.03% (with _'Latr):e 2 presents the comparison OAﬁW}; h
246,376 phones, 557 deletions, 1696 substitution ,'t the XWR s_ystem. In Section 5.1, we hote t_at
and 277 insertions). Thus, adding the€EPR rules the top two ch0|ce§ fr_om MA.DA may be mclud(_ad n
to XPR does not appear to contribute a great deal {§€ XWR pronunciation dictionary when the differ-
the representation chosen by forced alignment. fhce in MAD.A confidence scores for these two Is
a similar experiment, we use theaBEPR acous- less than a given threshold. So we analyze the im-

tic models instead of the XPR models and compal act of_ir_lcluding this se_cond_ M_ADA_option in both
the results of using BSEPR-pronunciation dictio- € training and decoding dictionaries on ASR re-
nary with the combination of XPR+EEPR's dic- sults. In all cases, whether the second MADA choice

tionaries for forced alignment. Interestingly, in this it should be noted that we have not attempted to build a

experiment wedo find a significantly Iarge_zr differ- state-of-the-art Arabic speech recognizer; our goal iglgup
ence between the two outputs 17.04% (with 233,78&aluate our approach to pronunciation modeling for Arabic



is included or not, XWR significantly (p-values [ X3¢ _ oo T M T
ohtained when we mclude th top firat and oo CTOoD] [ 55 0e oo o1 St [ 11701 o
MADA option in the decoding pronunciation dictio- [ XWR (2 TD, 2 DD) 56.28 | 69.12| 274 | 11008 | 4694
nary butonly the top MADA choice in the training [ XWR g LI ng aos | B | 2o | e | A
pronunciation dictionary. The difference between ' ' '
this version of XWR and an XWR version which Table 2: Comparing the performance oA&WR to
includes the top second MADA choice in the train-XWR, where the top 1 or 2 MADA options are included
ing dictionary is significant (p-value &017). in the training dictionary (TD) and decoding dictionary
To evaluate the impact of the set of rules that gerfPD): XWR -1l uses only the first three sets of pro-
erate additional pronunciation variants (described jjunciation rules in Section Accuracy = (100 - WER),

; . . orr ectis Accuracy without counting insertions (%). To-
Section 4 - IV) on word recognition, we built a numberofword)sl is 36.538. g 0)

system, denoted as XWR_I-lll, that uses only the

first three sets of rules (I-1Il) and compared its per- [ Dictionary | #entries | PPW ]
formance to that of both BSEWR and the corre- EQEEﬁEEB iiég 13

sponding XWR system. As shown in Table 2, we XPRTD (MADA t0p 1) 80200 | 178

observe that XWR_I-IlI significantly outperforms XPRTD (MADAfop 1and 2) | 128,663 | 2.85

BASEWR in 2.27 (p-value < 2.2e-16). Also, the XWR DD Emgﬁgg D > 1(1)'58’232 2%
corresponding XWR that uses all the rules (includ-

ing 1V set) significantly outperforms XWR_I-IIl in Table 3: Dictionary sizes generated fom the training data
1.24 (p-value < 2.2e-16). only (PPW: pronunciations per word, TD: Training pro-

The undiacritized vocabulary size used in our exdunciation dictionary, DD: Decoding pronunciation dic-
periment was 34,511. We observe that 6.38% dfonary)-
the words in the test data were out of vocabulary

(OOV), which may partly explain our low absolute 5ccyracy by a series of experiments comparing our
recognition accuracy. The dictionary size StatisticpR and XWR systems to the corresponding base-
(for entries generated from the training data onlyjne systems BSEPR and B'SEWR. We obtain an

used in these experiments are shown in Table 3. Weynrovement in absolute accuracy in phone recogni-

have done some error analysis to understand the '8N of 3.77%—7.29% and a significant improvement
son behind high absolute error rate for both systemgs 4 194, in absolute accuracy in ASR.

We observe that many of the test utterances are very|, future work. we will address several issues

noisy. We wanted to see whether XWR still outyyhich appear to hurt our recognition accuracy, such
performs B\SEWR if we remove these utterances.g handling the words that MADA fails to analyze.
Removing all utterances for whichABEWR ob- v also will develop a similar approach to handling
tains an accuracy of less than 25%, we are left withjgectical Arabic speech using the MAGEAD mor-
1720/2255 utterances. On _these remaining Uttefnoiogical analyzer (Habash and Rambow, 2006).
ances, the BSEWR accuracy is 64.4% and XWR'S p |arger goal is to employ the MSA and dialectical
accuracy is 67.23% — a significant difference deppone recognizers to aid in spoken Arabic dialect
spite the bias in favor of BSEWR. identification using phonotactic modeling (see (Bi-

7 Conclusion and Future Work adsy etal., 2009)).

In this paper we have shown that the use of mo'écknowledgments

linguistically motivated pronunciation rules can im-We are very thankful to Dimitra Vergyri for providing us
prove phone recognition and word recognition rewith the details of the baseline pronunciation dictionary
sults for MSA. We have described some of the phoand for her useful suggestions. This material is based
netic, phonological, and morphological features ofPOn work supported by the Defense Advanced Research
MSA that are rarely modeled in ASR systems and2I€cts Agency (DARPA) under Contract No. HROO11-
have developed a set of pronunciation rules that eﬁ6—C—0023 (approved for public release, distribution un-

mited). Any opinions, findings and conclusions or rec-
capsulate these features. We have demonstrated h¥mendations expressed in this material are those of

the use of these rules can significantly improve botthe authors and do not necessarily reflect the views of
MSA phone recognition and MSA word recognitionDARPA.
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