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CHAPTER 1:
EXECUTIVE SUMMARY

Abstract- This is final report that presents the findings and achievements of project number EO
06/12 entitles “TOWARD ENHANCED ARABIC SPEECH RECOGNITION SYSTEMS” that
was funded by Kuwait University, Research Administration. The project has concluded its activities
by 31 of December 2017 after completing all the promised tasks as in it initial submitted and
approved proposal. The duration of the project was 3 years where it successfully produced one of
the largest Arabic language speech corpus in the world. The corpus has been carefully created and
revised for the use of this project and future research projects in the area of Arabic Speech
Recognition (ASR) and Natural Language Processing (NLP). We think that the completion of this
corpus can constitute a benchmark for the researchers in this field in the future. A number of high
quality journal and conference papers were produced as contribution of the project.

The investigators of this research project would like to thank the Research Administration at Kuwait
University for the funding and their continuous support of this research project. We would also like
to thank the referees for monitoring the progress of this project and sending us their valuable

comments in reviewing the initial proposal and the annual reports of this project.

1. General Introduction

Research Subject:

Arabic is the most widely spoken Semitic language today that recently has received significant
attention for automatic speech recognition (ASR). ASR is a component of the natural language
processing (NLP), which is used to automate the communication process between human and
machine, i.e., the man-machine interaction. In this regard, much research has been devoted to
introducing innovative technologies in dialogue systems for automation purposes (e.g., banking
services, cars, control machines, etc.). However, employing ASR technology in Arabic NLP
applications is still limited due to various challenges about within the Arabic language itself. For
instance, it is difficult to obtain corpora for dialects that are spoken rather than written, i.e., there
is no common writing standard, difficulty in obtaining a sizable diacritized text as Arabic allows

writing without diacritics, and an enormous number of word forms due to the morphology richness



of Arabic. In fact, one of the most difficult tasks in Arabic ASR is preparing a large diacritized
text for ASR systems, which is a time-consuming preprocessing stage. In order to promote research
on the Arabic ASR, we considered the corpora availability problem by producing a manually
diacritized large-vocabulary speaker-independent continuous speech corpus for Modern Standard

Arabic (MSA). The contents of the prepared corpus belong to general broadcast news.

In this project, we used the prepared corpus for an experimental evaluation of two off-the-shelf
open source speech recognition toolkits, namely the Carnegie Mellon University (CMU) Sphinx
[1] and the Hidden Markov Model Toolkit (HTK) [2]. In fact, it is important to find the
performance of the popular speech engines using an identical speech collection because it reveals
the unique characteristics of each engine for further understanding of their behavior in NLP and
ASR applications. With the growing interest in ASR technology, it becomes more important to
evaluate recent ASR systems in order to find the best-suited system for the tasks in question. For
instance, the study in [3] demonstrated a large-scale evaluation of open-source speech recognition
toolkits that include Sphinx, HTK, and Kaldi [4]. The study in [3] indicated that Kaldi is better
than Sphinx and HTK in terms of results and training recipes (for the German and English
languages, however, this project considers the Arabic language). That is, performing an ASR task
using different recognizers will increase researcher knowledge regarding which engine is the best

fit for particular target applications, as well as enhancing research in this field.
B. Main Objectives: This project has three main objectives as the following:

1. Facilitating the research in Arabic speech recognition by producing a survey of the literature
to be a starting point for the researchers in this field. The review includes the basic algorithms
that includes n-gram language models, acoustic models, pronunciation dictionaries, Viterbi,

Gaussian mixture models, etc.

2. Preparing a large Arabic speech corpus (about 64,000 words) to be a test bed for speech
recognition research as well as for other research domains. In fact, preparing a large speech
corpus facilitates many NLP research problems such as speech synthesis, Arabic phonemes
research (discovering the basic units of Arabic sound), speech features analysis, morphology
and its role to enhance Arabic speech recognition, searching in speech files (i.e. identifying
word spot), etc. Hence, preparing such corpus is a hope for many linguistic researches as well

as for graduate students who are in need for large Arabic speech corpora. In addition, the



textual part of the corpus can be used in many NLP tasks such as machine translation, part of

speech (PoS) tagging, sentiment analysis, question answering system, etc.

3. Having such corpus will accurately measure the performance of the two well-known speech
recognition systems, the CMU Sphinx [1] and the HTK [2] systems. However, despite we used
the prepared corpus for the CMU Sphinx and the HTK; it is possible as a future work to use it

for the Kaldi [4] toolkit, which is now very widely used.

In addition to the above main objectives, the corpus might be used for other research
activities. For instance, the corpus is beneficial for language models research such as
perplexity [5], entropy [6], WordNet (semantic and syntactic relationships) [7]. Other
research areas such as text classification and text clustering might use the textual part of the

prepared corpus.

C. Methodology: preparing a speech corpus is the essential part to fulfill the listed objectives.
Therefore, we follow the below steps to compile a large corpus for modern standard Arabic (MSA)

as well as the other steps to evaluate the performance:

o Step 1: Preprocessing stage by extracting the useful short speech files (i.e. 30 — 60 seconds
length) from the newscasts. Useful here means speech files that are suitable for speech
recognition in term of noise, background music, and live translation.

o Step 2: A very short silence (i.e. 0.1 second length) is added at the beginning and at the end
of each speech file. This silences help in the training process.

« Step 3: Having the collected speech files transcribed, (i.e. .wav files =».txt files).

o Step 4: Having the prepared textual files diacritized, (i.e. .txt files =» diacritized .txt files).

« Step 5: Using the diacritized textual files and the phonemes list, the speech dictionary created.
The created dictionary contains the phonetic transcriptions of each word.

o Step 6: Using the diacritized textual files, the n-gram language model is created. The language
model is used to constraint the range of possible utterances during recognition phase.

o Step 7: Installing and configuring SPHINX speech recognition system.

« Step 8: Installing and configuring HTK speech recognition system.

o Step 9: Measuring the performance using both the CMU Sphinx and the HTK systems.



D. Plan to Execute: What have done in this project includes the following:

1. [Successfully Completed] =» Step 1: Preprocessing and preparing the speech files that

contains 4,071 short speech files of exactly 28:59:42 hours: minutes: seconds. Nevertheless,
we initially prepared the speech files of (30 seconds to 60 seconds) length; however, we found
it is necessary to reduce the speech files to about 30 seconds maximum particularly for the
HTK systems. This process added more overhead as we lately discovered that HTK fails with

long speech files.

2. [Successfully Completed] = Step 2: Short silence were added at the beginning and at the end

of each speech file. We developed a Python based program that automatically adds the silence

for a set of speech files.

3. [Successfully Completed] =» Step 3: Having the speech files transcribed. The prepared

textual files include 207,258 words and 47,727 unique words. We emphasize that we initially

aimed to collect about 64,000 unique words.

4. [Successfully Completed] =» Step 4: Diacritization. We emphasize that the diacritization

process includes two phases: the automated process using Harakat program and then a manual

investigation of each word as a second phase.

5. [Successfully Completed] =» Step 5: Pronunciation dictionary. Based on the prepared part of

the corpus, we generated pronunciation dictionaries for different speech recognition tasks
using a Python based program. We used our “proposed” phonemes set (46 phonemes) for
creating the pronunciation dictionaries. The CMU sphinx can handle the Arabic script while
the HTK expects Roman characters. Hence, we prepared the program to generate dictionaries
for both cases. In our experiments, we used both the Arabic script for the CMU Sphinx system
and the Roman script for the HTK system. This is the first distinction (it could be also the first

difficulty) that raised at the beginning of the evaluation process.

6. [Successfully Completed] = Step 6: The language model. Based on the textual part of the

corpus, we generated the n-gram language models for different speech recognition tasks using
the software available in the CMU sphinx and the HTK tools. More information about

statistical language model can be found in [8].

7. [Successfully Completed] = Step 7: We installed CMU Sphinx system and performed the

training and the recognition process based on the prepared corpus. The CMU Sphinx toolkit



includes the latest available releases as follows: ‘Sphinxbase — SPrealpha’, ‘PocketSphinx -

Sprealpha’, and ‘SphinxTrain - Sprealpha’.

8. [Successfully Completed] =» Step 8: We installed HTK system and performed the training

and decoding process based on the prepared corpus. More information regarding the HTK
version 3.4.1 (HVite decoder) can be found in [9].

9. [Successfully Completed] =» Step 9: We performed performance evaluation for the needed

experiments. We used word error rate (WER) for performance evaluation.

Despite that we prepared 4,071 speech files as a final output, however, we only used 2,014 speech
files for training and decoding due to time constraint to timely deliver our finding based on the
prepared corpus. Another constrain is that the HTK fails when using long speech files while we
did not observe this problem with CMU Sphinx. This is the reason why we discard some long
speech files during training and decoding. In our main experiment, we used 12.74 hours (1,611
speech files) for training and 3.19 hours (403 speech files) for testing. The following figures show
the accuracy achieved using CMU Sphinx and the HTK toolkit. Figure 1 shows the CMU Sphinx
related results while Figure 2 shows the HTK related results. For more information, the project
papers have the details. In general, CMU Sphinx engine outperforms the HTK engine.
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Figure 1. The performance of the Sphinx recognizer

=====—===—=—=—————=————— HTK Results Analysis === == ===
Date: Sun Jun 18 19:01:41 2017
Ref : words.mlf
Rec : recout.mlf
———————————————————————— Overall Results -—----------——----——"——--—-
SENT: %Correct=0.00 [H=0, 5=403, N=403]
WORD: %Corr=67.50, Acc=65.31 [H=15582, D=1044, S$=6459, I=506, N=23085]

Figure 2. The performance of the HTK recognizer



E. Budget

The budget of the project was utilized in the following activities:

e Professional manpower employment including: Research Postdoc, and Research Assistants

o  Temporary manpower for data entry: Recoding, Filtering, Segmentation, Text entry,
Typesetting, Labeling, Diacritization,

e  Conference attendance: according to the university rules.

e High quality audiovisual equipment

e A high-speed machine for speech recognition systems. Both the Sphinx and the HTK employ
time-consuming algorithms for training and decoding that require a high-speed machine.

o  Petty cash expenditures for miscellaneous purchases (Storage media, filing and backups)

2. Results Attained and Obstacles

A. Results: The results so far include preparing the speech corpus (29 hours) along with the corresponding
diacritized transcription. Based on the prepared corpus, we have contributed in a number of conference

and journal papers as the following:

Conference Papers:

1. [Accepted] Al-Anzi, Fawaz S., and Dia AbuZeina ,“Arabic Speech Recognition: A Survey of the
Literature”, The 10th International Conference on Informatics and Systems Cairo, Egypt, May 9-
11, 2016.

2. [Accepted] Al-Anzi, Fawaz S., and Dia AbuZeina, “Utilizing Long Distance Word Dependencies
for Automatic Speech Recognition”, The International Conference on Innovations in Information
Technology (IIT*16) , United Arab Emirates University,28 - 30 November 2016.

3. [Accepted] Al-Anzi, Fawaz S., and Dia AbuZeina, “An Empirical Study of Arabic Continuous
Speech Recognition Performance”, The International Conference on Computer Applications
& Technology, ICCAT’ 2017, from 28-29 January, in Cairo, Egypt.

4. [Accepted] Al-Anzi, Fawaz S., and Dia AbuZeina, “The Effect of diacritization on Arabic Speech
Recognition” The 2017 IEEE Jordan Conference on Applied Electrical Engineering and
Computing Technologies (AEECT). Oct 11 - 13, 2017.

10



5. [Accepted] Al-Anzi, Fawaz S., and Dia AbuZeina, “Phonetic Tied-Mixture PTM Acoustic Model
for Arabic Continuous Speech Recognition”, The 18th International Arab Conference on
Information Technology (ACIT'2017), Yassmine Hammamet, Tunisia.

6. [Accepted] Al-Anzi, Fawaz S., and Dia AbuZeina, “The Capacity of Mel Frequency Cepstral
Coefficients for Speech Recognition”, ICNMLKD 2017 : 19th International Conference on
Network, Machine Learning and Knowledge Discovery, Bangkok, Thailand, October 26 - 27,
2017.

7. [Accepted] Al-Anzi, Fawaz S., and Dia AbuZeina, “Exploring the Language Modeling Toolkits
for Arabic Text”, The International Conference on Electrical and Computing Technologies and
Applications, 2017 (ICECTA’2017), November, 21-23, 2017, AURAK, UAE.

8. [Accepted] Al-Anzi, Fawaz S., and Dia AbuZeina, “A Survey of Markov Chain Models In
Linguistics Applications”, Fifth International Conference on Data Mining & Knowledge
Management Process (CDKP 2016) , November 12-13, 2016, Dubai, UAE

9. [Submitted] Al-Anzi, Fawaz S., and Dia AbuZeina ,“ A Literature Survey of Arabic Speech
Recognition”, Second International Conference on Computing Sciences and Engineering (ICCSE
2018), March 11th to 13th 2018 - Kuwait University, Kuwait.

Journal Papers:

[Accepted] Al-Anzi, Fawaz S., and Dia AbuZeina, “Statistical Markovian Data Modeling for Natural

Language Processing”, International Journal of Data Mining & Knowledge Management Process

(NDKP) Vol.7, No.1, January 2017. (Extended Version of Conference Paper 8).
http://aircconline.com/ijdkp/V7N1/7117ijdkp03.pdf

[Accepted] Al-Anzi, Fawaz S., and Dia AbuZeina, “The Impact of Phonological Rules on Arabic

Speech Recognition”, International Journal of Speech Technology.
https://link.springer.com/article/10.1007/s10772-017-9440-2
[Accepted] Al-Anzi, Fawaz S., and Dia AbuZeina, “The Capacity of Mel Frequency Cepstral

Coefficients for Speech Recognition”, World Academy of Science, Engineering and Technology
International Journal of Computer, Electrical, Automation, Control and Information Engineering
Vol:11, No:10, 2017. (Extended Version of Conference Paper 6).

https://waset.org/journal/Computer

11



4. [Submitted] Al-Anzi, Fawaz S., and Dia AbuZeina, “Theoretical and practical models for Arabic
speech recognition”, Submitted to International Journal of Applied Mathematics and Computer
Science.

5. [Submitted] Al-Anzi, Fawaz S., and Dia AbuZeina, " Performance Evaluation of Sphinx and HTK
Speech Recognizers for Spoken Arabic Language”, Submitted to Engineering Applications of

Artificial Intelligence.

B. Obstacles: we faced some obstacles such as:

- Repetitions in the speech files. During transcription process, we found that many audio files
contains almost same contents for local news. The source of repetitions is the repeated news
in As-Sabah TV archive, the source of our speech files. The repetition is not good in our work
since the corpus has to have a wide range of different words. Intuitively, the quality of any

corpus is related to the words diversity.

- The speech files contain some slang words such as :{ <lle e 4 Al — 45 8 L g 5 45 58
Al alaly — o il g gy — (SaTY — il 2a8) - leall e Aty A aia I e ol
J& Jay Jla — psall Qe Uil - 5adai¥ — o g}

- Some speakers pronounce sentences quickly, which make things harder for the transcriber to

realize what is being spoken. In addition, such words are not suitable to be added to the

developed corpus, as they are not clear.

- Some cases that the speaker wrongly pronounces a word in the first time and then repeat
pronouncing it correctly in the second time. This case is not suitable to be added to the

developed corpus as it will leads to problems in the language model.

- Some speakers are not linguistically qualified as they wrongly pronounce some words. This

problem leads to ambiguity in words’ diacritization.

- Sometimes there is music along with speech. The problem is that if we cut the music part, this
leads to ambiguity in the context which is not good in the training the acoustic model and the

language model.

- The volume of the speech files is very low from the source that make things harder for the

transcriber.

12



- As we have to return back As-Sabah TV archive, we spent long time to copy the archive in our
hard disk. Then we prepared 5,579 speech files. Finally, we end up with 4,071 speech files
with 47,727 unique words.

- Other reasons for selecting only 4,071 files is the difficulty of the transcription process. We
realized that the allocated time is not enough to transcribe all prepared speech files. Another
reason is the fixed number of speakers (30 speakers) in which increasing the size of the corpus

is not beneficial with such limited number of speakers.

- We had a device crash during transcription, and it took about one month to continue the work

after obtaining another machine.

- Our transcriber had eye exhaustion (i.e overwork) which require for some pauses (off) during

the transcription process.

- Our transcriber has no special skills for quick typing which might be one reason of the delay.

On the same time, it is not easy to replace the transcriber and retraining another person.

- The diacritization is very sensitive process that demands high level of concentration. The
transcriber has to repeat the speech files many times in order to catch all information in the
file. Hence, the diacritization is also a difficult task in this work. Hence, this process also

includes some pauses for relaxing.

3. Closeness to the Original Research Plan

Based on the initial plan, we fulfilled the promised work. However, some slightly issues and
differences from the proposed base plan and time line due to the manpower availability and time
and space constrained of the available hardware. However, these issues did not affect the overall
project output and promised research performance. We successfully prepared a corpus that
contains 47,727 unique diacritized text and audio words. To the best of our knowledge, this is
considered to be the largest known corpus of Arabic spoken language (multi speakers & mixed
gender diacritized text and audio) that is fully revised and authenticated to the high standards.
Regarding employing the CMU Sphinx and the HTK, the literature review shows that this is the
first attempt to experimentally compare the CMU Sphinx and HTK recognizers for continuous
Arabic speech. We performed the comparison that explores the differences between both speech
recognition engines. The main conclusion shows that the CMU Sphinx outperforms the HTK

recognizer. Sphinx is also better in some issues such as handling long speech files, since some of

13



the long speech files were discarded due to failure execution using the HTK (i.e., the training fails
using long speech files). Sphinx is also better in terms of execution time as it takes less training
and decoding time compared to the HTK. Finally, we have found that it is easier to perform an
ASR task with Sphinx than HTK. The only issue with Sphinx is that it fails when the phonemes
set has capital and small letters. For instance, if we use the character <B> to indicate a specific
phoneme and, at the same time, use the character <b> to indicate another phoneme, then we get an
error during training. On the other hand, this error did not appear in the HTK system. We also have
found that HTK is better documented than Sphinx. In conclusion, more research is required to

understand the reasons for the performance difference between both systems.

4. Chapters of the Report

This final report consists of 10 chapter and an appendix. The first chapter of this report is this
executive summary. The next chapters of this final report will present the details of the main

achievement and findings of the project including the following:
o Chapter 2: Literature Survey of Arabic Speech Recognition
o Chapter 3: Utilizing Long Distance Word Dependencies
o Chapter 4: Empirical Study of Arabic Continuous Speech
o Chapter 5: Effect of Diacritization on Arabic Speech Recognition
o Chapter 6: Phonetic Tied-Mixture PTM Acoustic Model
o Chapter 7: Modeling Capacity of Mel Frequency Cepstral Coefficients
o Chapter 8: Language Modeling Toolkits for Arabic Text
o Chapter 9: Markov Chain Models In Linguistics

o Chapter 10: Performance Evaluation of Sphinx and HTK Speech Recognizers for Spoken
Arabic

o Appendix Journal & Conference Papers

5. Closing Remarks

14



Upon completion this project, we have some recommendations that can help to produce more
research based on the prepared corpus. For example, we used the HTK version 3.4.1 (HVite
decoder). However, the HTK toolkit has another famous decoder, which is ‘HDecode’, but in this
work, we used HVite. Similarly, we used CMU PocketSphinx decoder; however, CMU Sphinx
has other decoders such as Sphinx 3 and Sphinx 4. In addition, a great research could be initiated
regarding the Arabic phonemes to find the optimal phonemes set of the Arabic language. Language
models are also good candidate for further research to investigate the possible of implementing
“any-word” language model (i.e not n-gram). As a final statement, since we had to use two types
of the scripts (Arabic and Roman) this mean that we need to find a way to unified the script for
any comparison between two or more speech recognizers. It is also worthy to compare the findings

of this project with other previously published works such as what available in [10][11][12][13].
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CHAPTER 2:

LITERATURE SURVEY OF ARABIC SPEECH RECOGNITION
1. INTRODUCTION

Having human speech interpreted by a computer is called Automatic Speech Recognition (ASR). It is
defined as the process of converting spoken language (sound waves) into a machine-readable text. With the
fast growth of powerful communication devices, it is making man-machine interfaces even more valuable
and pervasive. Developing commercial speech recognizers have been shown to be successful business
interactive solutions in various industry sectors such as healthcare, telecommunication, banking and
finance, retail and mall management, education, hospitality, governmental institutions, and travel,[1]. In the
last decade, there has been great enthusiasm by developers to have this attractive property that can be of
great advantage in the new technologies such as search engines, voice maps, communications, etc. Recently,
speech was used in security and protection fields for authentication purposes (also called voiceprints).
Findbiometrics list five unique applications of voiceprints; targeting the developers, hands free interface,
call center authentication, proof of life, and multi-factor logical access control [2]. Nuance lists some of
benefits of using voiceprints that include simpler authentication, wipe out fraud, and almost-instant return
on investment [3]. Even though the utilizing of voiceprint in banking industry is not new, this technology
has been transferred to Arab countries. For examples, Kuwait Finance House (KFH) uses a speech
recognition platform for users’ authentications. The service that was initially only available to VIP
customers is now in the process of being rolled out to KFH's entire customer base, [4]. Abu Dhabi
Commercial Bank (ADCB) has also turned to voiceprints, [5]. Fortunately, the communications
infrastructure that already exist help to spread the voiceprint biometric rather than installing a new machine

such as image scanner to read the fingerprint before sending the figure print for authentication.

In fact, globally utilizing speech recognition in natural language processing (NLP) and linguistic
applications has pushed to utilize this technology for the Arabic language that has more than 380 million
speakers [6]. Most importantly, the holy Quran that was revealed in Arabic has to be read in Arabic by the
entire Muslim world. This constraint might reinforce Arabic speech research, and therefore the technology
to server the holy Quran readers and learners. Reference [7] presented a speech recognition technique for

verification of Quranic recitation of sound files and media. Reference [8] provided a structural overview of
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speech recognition system for developing Quranic verse recitation recognition with Tajweed checking rules

function.

However, speech recognition is not an easy task and there is a long way for efficiently utilizing speech
recognition to fulfil people requirements. Despite the successive research attempts, the high accurate
transcription of human natural spoken words (speech-to-text) is still a difficult task problem. In fact, speech
processing is much complicated than other pattern recognition problems such as text or images
classification. For illustration, while locating a particular text or an image has achieved great success,
locating a particular speech segment of a particular word in a speech collection audio file is still an active

research problem.

Speech recognition is classified as a multidiscipline field that includes machine learning, phonetics,
linguistics, and signal processing. Accordingly, significant integration is required for satisfied performance.
Unfortunately, while the remarkable evolution in the research toward enhanced ASR; Arabic research is
still behind when compared to other languages such as English. In general, varying acoustic conditions,
pronunciation variations, dialects, accent, age and others factors are all degrade the performance. Reference
[9] presented various factors that affect the way in which words are pronounced such as assimilation, co-
articulation, reduction, deletion, and insertion. The Arabic language has even more challenges such as

morphological complexity and diacritization wherein short vowels are usually missed in formal writings.

In addition to the Arabic intrinsic challenges, there are some other logistic researching challenges such as
resources availability. The absence of unified large continuous speech corpora is an obstacle that might
restrain the research in this flourishing domain. It has been noticed that almost all-Arabic speech recognition
studies have been investigated using in-house small corpora. This is unlike English language that has many
common large corpora such as North America business (NAB) and Broadcast News switchboard, [10].
Working on common corpora saves time as well as gradually enhance the research since the outputs can be
compared and improved. It is known in speech recognition community that creating a large speech corpus
is time demand and extremely expensive task. Consequently, it is hard and might be inconvenient for
individuals to perform such task. Reference [11] indicated that preparing large training corpora for dialectal
Arabic acoustic modeling is too difficult compared to Modern Standard Arabic (MSA).

Even though-isolated words speech recognition is an important task for some digits and commands
applications, the continuous or conversational speech recognition has had even more interest. For several
years, there have been two well-known ASR engines that are used for speech-to-text task; Carnegie Mellon
University (CMU) Sphinx and the Cambridge University Hidden Markov Model Toolkit (HTK). Both are
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statistical based engines that are based on Hidden Markov models (HMMs). Developing a speech
recognition engine is a complex task and requires highly expert staff; therefore, most researchers used the
free (black box) Sphinx and/or HTK engines. However, some other techniques have been used in the
literature such as artificial neural networks (ANNSs) and support vector machines (SVM). Sphinx engine
does support Arabic, but HTK does not support Arabic and conducting speech recognition research requires
a transliteration process on the training text that can be performed, as an example, using the transliteration
system available at [12]. Figure 1 shows the architecture of an ASR that include three knowledge databases:
the acoustic models contains the trained HMMs, the language mode represents the statistical words co-
occurrences, and the dictionary (also called pronunciation dictionary or vocabulary) has the pronunciation

of each words in terms of phonemes, the basic unit of sounds.
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Figure 1. Automatic Speech Recognition (ASR) Architecture
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The goal of this study is to present the recent advances in Arabic ASR with a particular highlight of the
essential components of a typical ASR. The topics include the corpora used for both isolated-words and
continuous speech. The corpora information include vocabulary size, nature of data, topics, speakers,
number of male and female, age, etc. features extraction methods, classification approaches, phonemes sets,
pronunciation dictionary, language models (LMs). The study also includes some new directions that could
be investigated for Arabic.

This study is organized as follows. The next section presents the Arabic speech corpora of both isolated-
words and continuous speech. Section 3 presents the phonemes set and pronunciation dictionary, followed
by language models in section 4. The performance evaluation is demonstrated in section 5, and the

conclusion and future works are presented in section 6.
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2. ARABIC SPEECH CORPORA

The preliminary work in speech recognition requires in the first place to specify the type of speech; either
isolated-words or continuous speech. Therefore, the speech corpora will be the first topic to be discussed
in this survey. In isolated-words speech (also called discrete words), a pause are existed between digits or
words while such constraint is not existed in continuous or conversational speech. Isolated-words speech
recognition is characterized by easy to implement when compared to the continuous speech recognition

that it suffers from co-articulation phenomenon, the critical factor for recognition results and performance.

2.1 Isolated-words speech recognition

In this subsection, we present the isolated-words corpora, the speech features, and the classifiers used. In
general, isolated-words size is represented using the number of recorded speech files while continuous
speech file is represented using the number of hours (all recorded speech files length). In the following,
MFCC is the shorthand for Mel-Frequency Cepstral Coefficients, the widely used features for speech
recognition; LPCC is the shorthand of Linear Predictive Cepstral Coefficients. The research contributions
presented in Table 1 are date ordered, the earliest first. Otherwise indicated, all the researches listed in

Table 1 are categorized as isolated-words speech recognition, MFCC features, and HMM-based

classifiers.
Table 1. Isolated-words corpus information
Ref. Year Corpus Information, Features, Classifier/s

[13] 2001 The training set is composed by 50 speakers each of them uttered three times the ten digits.
The test set comprises two groups, 30 speakers and 10 speakers. LPCC features were used.

[14] 2002 They used fuzzy NNs for recognition of isolated words. Cannot have access to the paper to
present corpus information.

[15] 2003 Speech corpus consists of the 10 isolated digits, with 20 repetitions for each digit, using
single male speaker. LPCC and MFCC features were used.

[16] 2004 The corpus contains of a total 1800 digits pronounced by 60 speakers (30 males and 30
females). For testing, they used 1000 digits pronounced by 50 others speakers (25 males and
25 females) .NNs classifier was used.

[17] 2006 The corpus consists of 92 speakers. (46 male and 46 female) pronounce each word two

times where 20/92 of the corpus used for learning. (HMM,SVM) classifiers were used.
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[18] 2007 Training set: 300 token (10 digits * 5 repetitions * 6 Moroccan speakers). Testing set: 30
token of different individuals.

[19] 2007 128 words for training and other 7 words for testing. Dynamic time warping (DTW) was

used as similarity measure for classification.

[20] 2008 The corpus consists of 600 utterances (10 speaker, 10 words, 6 repetitions) split into 300
utterances for training and 300 utterances for testing. NNs was used for recognition.

[21] 2008 The corpus contains about 1.5 hours of commands and less than 1 hour of digits.

[22] 2008 The corpus contains Egyptian 59 men, (33 speakers for and 26 for testing). Speakers asked to

utter 16 sentences of proverbs.

[23] 2008 The training set contains 340 tokens (17 speakers x 2 repetitions x 10 digits). For testing
1,700 tokens (17 speakers x 10 repetitions x 10 digits) were used. NNs was used for
classification.

[24] 2009 The corpus was created from all 10 Arabic digits. A number of 60 Moroccan speakers (35

males and 25 females) were asked to utter all digits 5 times.

[25] 2010 The corpus contains 3650 speech files recorded by 13 speakers. Training set contains 3000
speech files and 650 for testing.

2.2 Continuous speech recognition

The research contribution toward continuous Arabic speech recognition is less than what we have seen in
isolated-words that make sense as previously indicated regarding the difficulty of preparing a continuous
speech corpus. However, there is considerable work initiated by the Linguistic Data Consortium (LDC).
The LDC is an open consortium of universities, libraries, corporations and government research
laboratories, [26]. More information about LDC Arabic speech corpora can be found at LDC catalog [27]
that contains hundreds of (not free) holdings. One of important Arabic speech contribution is the work
fielded by IBM in the Gale project that used LDC corpora. Gale project has many phases that gradually
improve the performance. The Gale acoustic training set composed of approximately 1800 hours of
transcribed Arabic broadcasts provided by LDC. The published work the described the phases include:
The IBM 2006 Gale Arabic ASR System [28], The IBM 2009 GALE Arabic speech transcription system
[29], and the IBM 2011 GALE Arabic speech transcription system [30]. LDC produced CallHome (CH)
corpus of Egyptian Colloquial Arabic (ECA) [31]. This corpus is a collection of informal phone
conversations between close friends or family members. This corpus has many sets as shown in Table 2,
[32].
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Table 2. LDC ECA CallHome datasets

collection Number of Number of Number of hours
conversations words
train 80 146,298 14
dev 20 32,148 3.5
eval96 20 15,584 1.5
eval97 20 17,670 1.8
h5_ new 20 16,752 1.8
eval03 10 11,015 19

In speech recognition systems, it is highly recommended and even more accurate to use large speech
collections. Reference [33] explains the meanings of large vocabulary speaker-independent continuous
speech recognition as follows. Large vocabulary means that the corpus has vocabulary (unique words) of
about 20,000 to 60,000 words. Speaker-independent is the classifier’s ability to recognize the speech of
people whose speech has never been exposed before. The continuous mean that the speech is recorded
according to the human natural language.

One of the earliest attempts to develop a speech corpus was made by reference [34] who describes the
OrienTel speech dataset. They indicated that the OrienTel is the first time makes an effort to create speech
data on a large scale. The participants of OrienTel collected standard and colloquial varieties of Arabic in
Saudi Arabia, the UAE, Egypt, Palestine, Tunisia and Morocco. GlobalPhone project produced a read
speech corpus that was designed for the development and evaluation of large continuous speech
recognition systems, [35]. Reference [36] presented a Saudi accented Arabic telephone speech database.
It contains 96 hours that was collected on a telephone network during 2002 and 2003 using 1033 native
speakers (51% males, 49% females). Reference [32] used Call[Home corpus for morphology-based LMs
at different stages of Arabic ASR. New versions were used by authors as Reference [37] used a new LDC
test set called Dev07 that was distributed by LDC in March 2007 and consisting of 2.5 hours of speech
(18186 words). The Reference [37] research work consists of using neural network LMs for Arabic ASR.
Reference [38] developed an MSA broadcast news speech recognition system. The system was trained on
7.0 hours of a 7.5 hours and tested on the remaining half an hour. The corpus contains a total of 235 news

items, 41 news items cover sport news and the rest of the items cover mainly economic news. Among the
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speakers, 88 of the news items were by female speakers. Reference [21] presented a Holly Qura’an corpus
that contains about 18.5 hours. However, the actual challenge is developing a broadcast news corpus since
the holy Quran recordings are already available. However, Reference [21] indicated that it takes about
732 working hours to build their holy Quran corpus. Reference [11] used MSA acoustic models as
multilingual models to decode Egyptian dialect. They chose the Nemlar broadcast news speech corpus to
build the acoustic models. The corpus consists of 40 hours of MSA news broadcast. The total number of
speakers is 259 with a lexicon of 62,000 words. Reference [39] presented a MSA continuous speech corpus
composed of 200 sentences pronounced by 300 Algerian native speakers selected from eleven regions of
Algeria. Reference [40] developed an Arabic ASR system based on phonetically rich and balanced speech
corpus. That work was based on 8,043 utterances gathered from 8 (5 male and 3 female) speakers resulting

about 8 hours of speech. The round robin testing approach was applied.

The speech dataset is used to train the acoustic models that are the statistical representations of the MFCC
speech features vectors. Hence, the acoustic models represent the statistical co-occurrences between
phonemes. HMM is one of the most common type to represent acoustic models as the example represented
Figure 2. In the figure, each number represents a phoneme and the all three phonemes represent what is
called triphone that represents a phoneme surrounded by specific left and right phonemes. There are even
more details as each phoneme is internally represented using three states (beginning, middle, end) using
mixture density Gaussian distributions. Hence, Figure 2 shows how HMMSs used to represent acoustic

models.

Figure 2. HMM-based Triphone

The procedures that can be applied to produce a continuous speech corpus are summarized as follows. A
number of audio files are recorded (under equal conditions) from radio and/or TV broadcast news. It is
highly recommended to cooperate with local or international stations of radio and TVs to get some
prerecorded speech collections (e.g. a part of the archive). This cooperation avoids the labor and cost
intensive manual generation to produce speech corpora. If the lengths of audio files are too long, these

audio files should be split into small audio files of 10-30 seconds. In fact, there is no problem to have
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more than 30 seconds, but the speech recognizer might fail during the training process to align the
recordings with their phonetic transcription. Hence, it will be productive and efficient if the recordings are
short. However, if the recordings are long say 10 minutes, initial alignment might be fail and therefore
causing a problem during training process. During recording to create a corpus, the following parameters
are set as indicated by Sphinx [41]: Sampling Rate = 16 kHz (or 8 kHz, depending on the training data),
No. of Bits = 16 bits, No. of Channels = Mono (= single channel), and File Format = “.wav”. Once have
the recordings completed, the spoken words in the audio files are transcribed and then diacritized. Based
on the diacritized text, the pronunciation dictionary is produced. After this step two models can be created,
the acoustic model and the language model. The three knowledge bases (acoustic models, pronunciation
dictionary, and language model) will be ready for setting up and testing a continuous speech recognition

system.

3. ARABIC PHONEMES SET

Speech recognition task is generally performed using one of three approaches based on the basic units of
classification. The units include words, syllables, and phonemes. Word-based recognition has a drawback
that it needs large number of data for training. A syllable that is a single unit of written or spoken word
has relatively smaller number of used units and runs faster than word-based recognition. However, the
recognizer which depends on the distinctive unit of sound (i.e., phoneme) is a wide spread approach since
it is easy to train, [22]. Either making a research using isolated words or continuous words speech,
phonemes set has to be defined before training stage, of course if the research is based on phoneme-based
method. Language linguistics define the phoneme set of a particular language after studying and careful
classification of speech sounds. In this section, we demonstrate the phonemes-based research that found
in the literature. Many studies indicated that Arabic language has 34 phonemes (28 consonants and 6
vowels) such as References [20], [25], and [38]. However, the number of Arabic phonemes is a debated
by researchers. For example, Reference [42] used a phoneme set that contains 46 phonemes for developing
a tool that is used to create a pronunciation dictionary. The tool generated by Reference [42] had later
used in some researches such as Reference [38] and Reference [43]. Reference [19] indicated that Arabic
has at least one hundred twelve phonemes as they considered that every letter has four diacritics, therefore,
four phonemes. Reference [23] used 37 MSA phoneme as given by Language Data Consortium (LDC).
Reference [11] indicated that MSA consists of 38 phonemes, 28 are original consonants, 4 are foreign and

rare consonants and 6 are vowels. An example of pronunciation dictionary’s entries as produced by
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Reference [42] is shown in Figure 3. It shows some words and the phonetic transcription (the phonemes)
of each word.

~%Y UHW AE:E IHM

1% Y UHW AE: JH IH H

s3%Y UHW AE: Z IY
3% Y UH W AE: SS IH L UH
<<% Y UH W AE: K IH B

&3Y UHW AE Q IX Al UH

485 Y UH W AE Q IX Al UH H UH

Figure 3. Some entries of a pronunciation dictionary

4. LANGUAGE MODELS

Language models is a statistical component of automatic speech recognition systems that is used to
estimates the most likely co-occurring sequence of words (possible words) in the language. In
combination with acoustic models, language models are used to recognize the spoken words given the
sequence of speech signal features vectors. Reference [15] indicated that the language model can be
incorporated to constrain the recognizer to recognize only valid word sequences. Reference [25]
demonstrated that one benefit of the language model is to reduce the search recognition probability by
forcing the recognition to follow certain rules to ensure a better accuracy in the recognition output.
Reference [23] indicated that the absence of diacritics in Arabic text decreases predictability in the
language model. In general, much larger amounts of text leads to develop more powerful and enhance the
goodness of the language models. In speech recognition, N-grams language model is used to indicate for
a contiguous sequence of n items that are also called unigram, bigrams, and trigrams of the language text.
In case of isolated words speech recognition, context free grammar is used. While language models are
mainly used in large continuous speech recognition systems, Context-Free Grammar is also used in speech
recognition to to predict subsequent words in small corpora or isolated words speech recognition. As
language models Context-Free Grammar is used to reduce the possible words to be considered as a next

word. While statistical language models generally describe complex language, Reference [44] indicated
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that grammars describe very simple type of the language for command and control, and they are usually
written by hand. Therefore, grammars usually do not have probabilities for word sequences, but some
elements might be weighed. The perplexity is the common way to evaluate N-gram language model, it is
an indication of the average number of words that can follow a given word. Reference [39] used a bigram
language model for continuous speech recognition of the Arabic language. Reference [38] used both bi-
grams and trigrams for the language model. Reference [40] used different language models (bigram and
context free grammar) for continuous Arabic speech recognition system. Reference [21] used the tool
available in SPHINX-1V to generate the N-grams language model. Reference [32] used n-gram models
up to an order of n = 6 for improving the perplexity of the language models. Reference [37] indicated that
using of neural network language models for Arabic broadcast news and broadcast conversations
outperforms the 4-Grams based language model. Reference [25] used an Arabic grammar file that contains
some words and commands to be represented in their isolated words speech system. Reference [45]
investigated the use of morphology-based language model at different stages in a speech recognition
system for conversational Arabic. Reference [18] used the tool available in CMUSphinx to specify the
grammars of spoken Arabic digits recognition system. Figure 4 shows an example of the entries in a
language model generated using CMU statistical language tool [44] of the corpus produced by Reference

[38]. The number besides the n-grams in Figure 4 is related to the probabilities of occurring for each case.
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\1-grams:

-4.5936 ,la,y1 -0.0530
-4.5936 _ 10yl -0.0529
-4.2924 g1iyy1 -0.2492

\2-grams:

-0.9394 ojiel 25155 0.0104
-0.9394 ax)ai sl 0.0377
-0.93%4 :Liawf 155 0.0017

\3-grams:

~1.4602 Ises gizl olo
-1.4602 zis% Lawl 2
-1.4602 Lgrjiss a3yl alls

Figure 4. Some entries of a language model

5. PERFORMANCE EVALUATION

The isolated-words speech recognition is generally measured using recognition accuracy rate that is the
percentage of correctly recognized patterns such as words or digits. However, in continuous speech, word
error rate (WER) is the common metric to measure performance of ASRs. WER is computed using the
following formula: WER=(S+D+I)/N, Where: S is the number of substitutions words errors, D is the
number of the deletions words errors, | is the number of the insertions words errors, N is the number of
words in the testing set. The word accuracy can be measured using WER formula: Word Accuracy = 1 —
WER.

Reference [21] said that the WER of MSA is in the range: 15-20%. However, WER depends on some
other parameters such as the size of training corpus, the number of words in the dictionary, and the
perplexity of the language model. We emphasize that measuring performance is required to show if the
achieved WER is statistically significant. It has been noticed that the majority of Arabic speech recognition
authors do not use the appropriate statistical significant test to prove their performance. Therefore, a
baseline system should be developed and tested, and then the output of the proposed method is compared
with the baseline results to find the statistically significance enhancement. If the result does not have

statistically significant enhancement, then the enhancement is considered accidental and the proposed
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method is not as strong method to enhance the classification performance. Reference [46] has a description

how to perform a statistical significant test.

In this section, we present some of performance evaluations of continuous speech since it has more interest
and challenge than isolated-words speech recognition. Reference [32] performed performance evaluation
for morphology based LMs. The WER improved by 1.8% and 1.5% for two different test sets. Reference
[37] achieved WER improvements by 0.8% and 3.8% for 2 different configurations of neural probabilistic
models. Reference [38] achieved a WER of 13.66% of broadcast news corpus. Reference [21] achieved a
WER of 46.182% using the holy Quran corpus. Reference [11] reported a recognition accuracy of 99.34%
for Egyptian Colloquial Arabic. Reference [39] presented an accuracy rate of 91.65 % for MSA continuous
speech corpus. Reference [40] demonstrated a WER of 11.27% and 10.07% with and without diacritical
marks respectively for MSA continuous speech corpus. Table 3 shows some of WER for some systems
on different English speech corpora, [33].

Table 3. WERSs for a number of ASRs (English corpora)

Pronunciation Corpus Vocabulary WER %
TI Digits 11 zero-nine, oh 0.5
Wall Street Journal read speech 5,000 3
Wall Street Journal read speech 20,000 3
Broadcast News 64000+ 10
Conversational Telephone Speech (CST) 64000+ 20

6. CONCLUSION
The review of Arabic speech recognition shows that the research is still in the raw stage specially the
continuous speech type. Most of the research attempts belong to isolated-words speech recognition.
However, there are some research activities towards continuous speech recognition. The major obstacle
is the corpora availability. Hence, reinforcing Arabic speech recognition needs affording the

professionality producing of large Arabic continuous speech collections (corpora).

The following are some research topics that can be investigated for Arabic. Even there are some studies
regarding pronunciation variations such as Reference [43], more studies are needed to tackle this

phenomenon. The researches could also investigate using long distance words relationships in the
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(2]

(3]

(4]

(5]
(6]
[7]

(8]

(9]

language models. The traditional N-grams language models assume that a word is only influenced by a
few proceeding words, typically one or two. However, it is much better to account for longer-distance
constraints. Data mining association rules algorithms such as Apriori could help to find some words
association rules. Then, N-best ASR hypotheses can be used in combination with words association rules
for rescoring the ASR outputs for better accuracy. The semantic relationships can also be used to enhance
ASR performance. The semantic and syntactic relationships can be obtained using knowledge bases such
as WordNet [47]. The syntactic relationships can be obtained in combination of part of speech tagging
and data mining algorithms. The deep neural network hidden Markov model (DNN-HMM) hybrid
architecture is another direction that can be employed for Arabic [48]. Further research is needed to clarify
the realistic Arabic phoneme set. Reference [49] had some preliminary work in this direction. However,
an approach is needed for automatic extracting the Arabic phonemes using data-driven approaches and
clustering methods. There has been current research to train a recognizer using synthesized data, because
if it is possible then we could get as much data as we want in a preferred domain or with a new and large

vocabulary,[38].
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CHAPTER 3:
UTILIZING LONG DISTANCE WORD DEPENDENCIES

1. Introduction
Statistical language models, also called n-gram models, are very popular and successfully used in different
computational linguistic fields. For example, statistical language models are integral part of the state-of-the-
art automatic speech recognizers (ASR) systems such as Sphinx [1] and HTK [2]. Trigram is the basis of the
classical language models that assumes the next words is predicted based on the two immediately preceding
words. Hence, n-gram model assumes that a word is only influenced by the (n-1) proceeding words, typically
one or two words. It is indicated in [3] that due to memory and computation requirements, the value of (n) is
restricted to two or three for bigram or trigram language models, respectively. In speech recognition
community, language models also called grammars. Despite language models are known as probabilistic
models, however, it could be non-probabilistic (i.e. "any word" grammar).
Language modeling research has long history of improvements as indicated by [4]. He indicated that there are
many improvements over trigram simple model including caching, clustering, higher-order n-grams, skipping
models, and sentence-mixture models. However, not all of the previous methods proved to be useful. For
example, reference [4] showed that even using a very large corpus for n-gram model, very small improvements
occurred, where n is larger than 5.
Even the statistical language models are quite success and have proven to be reasonable, however, longer
contexts deserved for better language modeling representation. Such longer contexts (i.e. long words’
relationships) go by the name of long-distance dependencies (LDDs) that obtained by looking at a wider
window beyond n-gram. Discussing LDDs is not new, for example, it is indicated in [5] that the n-gram is
weak in terms of capturing LDDs. Therefore, it could be better and more appropriate if the textual corpus used
to extract long-distance words relationships. This research discusses a new knowledge-based method to mine
the words co-occurrences among a data collection of textual sentences.
In fact, employing LDDs is extremely important since it is the key to the performance of many natural
language processing (NLP) applications such as ASR systems, parsing, tagging, translation, etc. In this regard,
the important aspect is how to find such words-relationships and how to exploit them in NLP systems. In this
study, we propose using the predictive Apriori data-mining algorithm to extract the LDDs. We also propose

an algorithm for scoring the N-best list of an ASR system. Intuitively, the proposed method is not a
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replacement of the celebrated conventional language models, but it is a complementary knowledge base for
farther enhancement.

The predictive Apriori algorithm used in this work is available in Weka machine learning tool [6]. In fact,
finding LDDs is computational expensive and is feasible for small textual corpora that have relatively short
sentences. This is the reason why we chose to demonstrate this work for ASR corpora that usually have short
recordings that corresponds to short sentences. The reason of such short recordings is that the speech
recognizer should be able during training to align the recordings with their phonetic transcription; if the
recordings are long then initial alignment might be fail and therefore causing a problem during training
process.

In the next section, we present the language models limitations. Section 3 presents the literature review,
followed by the experiments setup and results in section 4 and the ASR N-best rescoring using LDDs in
section 5. We conclude in section 6.

2. Language Models Limitations

The standard language model has some limitations and constrains as demonstrated by a number of researchers.
Itis indicated in [7] that words relevant to predicting the next word might lay in any position beyond the scope
of a word trigram. The n-gram models are constrained in their inability to take advantage of dependencies
longer than n in a sentence [3]. The work in [9] demonstrated two drawbacks when considering neighbor
words with fixed window size: 1) the actual relation between words within the sentence is ignored, thus the
long-distance context cannot be captured for training. 2) Word embeddings learned from flat context are not
isomorphic among languages due to the order difference between diverse languages. The classic text
representation methods seldom consider the role of the words order in the texts for the semantic representation,
and it is supposed that the words are independent of each other [10]. In the same meaning, reference [5]
demonstrated that the trigram model is unable to characterize word dependence beyond the span of three
successive words.

The study in [8] used clustering as an alternative way of dealing with the data sparseness problem to explore
the effectiveness of cluster-based higher-order n-gram models. Similarly, the presented study in [11] shows
that the language models do not describe the constraint relationships between words and words or sentences
and sentences. They also indicated that LDDs could be used in other domains such as text classification, text
clustering, text summarization, and so on. For farther exploring the the deficiency of standard language
models, the work in [12] demonstrated that the n-gram model works in terms of discrete units that have no
inherent relationship to one another. The work in [13] presented that the local structure (n-gram) constraint is
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a key limitation in many tasks, since natural language contains a great deal of nonlocal structure (LDDs). The
vector space model (VSM) that is widely used for text representation in information retrieval (IR) models
assumes that words occur independently (i.e. bags-of-words), which is not exactly appropriate to natural
language. It is demonstrated in [15] that many of the context dependencies in natural language occur beyond
a three-word window.

Even the Arabic language is widely spoken by hundreds of millions (approximately 400 millions); still, there
is little research to improve the the linguistic applications through LDDs or lexical databases. Most research
studies found in the literature show that Arabic research focusses on the conventional standard language
models that restrict n-gram to the neighboring words with fixed window size. That is, the research in the
Arabic language mainly discusses local dependencies (i.e. short-distance model). For the above-mentioned

deficiencies of standard language model, we have initiated this research.

3. Literature Review
Capturing long distance dependences was discussed in many studies as follows. An empirical study was
presented in [6] on two techniques that used to generate LDDs; linguistically motivated word skipping and
predictive clustering. They presented that the two techniques significantly outperform word trigram. The work
in [3] used dynamic cache language models and context-free grammars to captures topic-related dependencies
of words within and across sentences. Reference [10] proposed head-driven phrase structure grammar (HPSG)
for LDDs. HPSG includes three aspects: surface oriented, constraint-oriented and strict lexicalism. A method
for capturing the long distance dependency presented in [5] as word activation forces-based language model.
A graph-based long-distance dependency method for LDDs language models presented in [11]. Reference
[16] discussed the notion of using probabilistic context free grammars for modeling LDDs. The work in [13]
showed how to account for the long distance structure with Gibbs sampling, a simple Monte Carlo method
used to perform approximate inference in factored probabilistic models. Reference [14] presents topical n-
grams, a topic model that discovers topics as well as topical phrases. Reference [15] proposed a language
modeling approach to capture the preferred relationships between words over a short or long distance through
the concept of mutual-information (MI)-Trigger pairs. A method based on extended the fixed surrounding
words presented in [9], the approach based on learning distributed representations from dependency structure
of a sentence that can capture long distance relations. A method for capturing the long distance common

syntactical rules for the Holy Quran was presented in [24].
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4. Experiment Setup and Results

1) Data Set

In this section, we describe the corpus that used to generate the LDDs. The corpus contains 6145 short
sentences that belong to sport and economy categories. The total number of unique words in the vocabulary
is 11,576. This textual collection is a part of a speech corpus that contains 7.57 hours speech recordings for
training and testing. Naturally, the audio files were not used in this study, as generating LDDs only requires
the transcription (i.e. the textual forms) of the 6,145 audio files. The maximum sentence’s length of the corpus
is 30 words. The corpus was originally designed for Arabic continuous speech recognition systems as
described in [17].

It is worthy to indicate that we initially started working using Reuters-21578 data set, but it was noticed that
extracting LDDs for long sentences with huge vocabulary is infeasible. That is, we run the predictive Apriori
algorithm to find LDDs, but we had no results even with so long time waiting, therefore, we stopped execution
and moved towards a smaller corpus. Therefore, for efficient extracting LDDs, a high performance computing
(HPC) environment is required especially for long sentences. Section VI explains how to exploit LDDs to

enhance ASR systems

2) Predictive Apriori

To extract the LDDs, we implemented the predictive Apriori data-mining algorithm. In general, data mining
algorithms are used in many areas such as health, marketing, communications, etc. For example, three
algorithms (Apriori, Predictive Apriori and Tertius) presented in [19] for analyzing the information available
on sick and healthy individuals and taking confidence as an indicator, females were seen to have less chance
of coronary heart disease then males. For more information on association rules, reference [20] has a survey
on such rules. The predictive Apriori algorithm is a Weka class implementing the predictive Apriori algorithm
to mine association rules. It searches with an increasing support threshold for the best 'n’ rules concerning a
support-based corrected confidence value. The implementation of this algorithm in Weka follows the
reference [21], as the rule is added if the expected predictive accuracy of this rule is among the 'n' best and it

is not subsumed by a rule with at least the same expected predictive accuracy.
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3) Implementation

The corpus described in the previous section was used to obtain the best association rules. The Weka machine-
learning tool used to implement predictive Apriori algorithm. The experiments were implemented using a
relatively high-speed machine with the following specifications: Intel(R) i7, CPU 3.4GHz, and 16.0 GB of
RAM. However, for large data, HPC is required. In our execution environment, it took about 130 processing
hours to produce the best 300 rules as shown in Fig. 1. Nevertheless, it took few hours to generate the rules
using Apriori algorithm, as the n best rules are not sorted. The results included two types of LDDs relations.
The consecutive and the nonconsecutive words relations. The following subsections demonstrated examples
of such relationships. Fig. 1 shows the algorithm output starting from the highest accuracies. We chose to

extract the best 300 rules. In the figure, X is the shorthand of word, so x5 means the word at the position 5.

=== Associator model (full training set) ===
PredictiveApriori

Best rules found:
1. x5=4k 36=—>x4= < 36 acc (0.97338)
2. xl= Su17=>x2=0 17 acc:(0.94723)
3.x10=33 17 =>x9=_35 17 acc:(0.94723)

209 xl= ;2 == x2= JOY x3= (_.,-11 2 ace(0.74998)
300. x1= el 2 ==>x0=s 0¥ xd4= 3 2 acc:(0.74998)

Fig. 1. 300 Best rules Using Predictive Apriori

Fig. 1 shows a part of the best 300 rules, even the rules shown in Fig. 1 are related to consecutive rules;
however, there are some other rules that are related to nonconsecutive words as shown in the following
subsections. Despite we focus on nonconsecutive words relationships; nevertheless, the consecutive words
relationships are also important for NLP applications.
4)  Consecutive Words Relations

The standard language model represents words relationships of consecutive words. The predictive Apriori
algorithm provides similar relationships sorted based on common rules found in the corpus. The only
difference is that the standard language models generate plain words sequences with the corresponding
probabilities, while the predictive Apriori algorithm generate the association rules based on words co-
occurrences with the corresponding accuracies. Table | presented some examples of such rules. The table also

shows the accuracies associated with each rule.
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TABLEI. EXAMPLE OF CONSECUTIVE WORDS RELATIONS

Rule type

Example

2 consecutive

x5=2ll 36==> x4=4 36 acc:(0.97338)
The rule indicates that the occurrence of word (“4!1” ="percent”) at the fifth position in the

sentence occurred with the word (“4” = preposition means “in, at, on) 36 times in the

consecutive

words

words entire corpus. The rule also shows that the accuracy of this rule is 0.97. This rule is the
highest rule among the obtained rules.
x2=g &, x4=hiill 6 ==> x3=_l~ul 6 acc:(0.87495)
3 The rules indicates that the word (“g&,” ="rise”) and the word (‘b = “oil”) associate

with the word (“_"= “prices™). This rule appears 6 times in the entire corpus with

accuracy equal to 0.87.

4
consecutive

words

X1z 3l X4= 8 6 ==> x2=0e X3=dsalélll 6 acc:(0.87495)

This rule shows the relation between four words.

5) Nonconsecutive Words Relations

The nonconsecutive words includes associative rules between two, three, and four words. Table 11 presented

some examples of such relations. The table also shows the accuracies associated with each rule.

TABLE Il. EXAMPLE OF NONCONSECUTIVE WORDS RELATIONS

Rule type

Example

2 nonconsecutive

X1=8ll 4==> x4=0)ssle 4 acc:(0.8333)

This rule shows the occurrence of a word at position # 1 and a word at the position

nonconsecutive

words

words # 4 among the corpus sentences. These nonconsecutive words relation appears 4
times with accuracy of 0.833.
X1= Aa )5 3 ==> x3=liw x4= Jaell 3 acc:(0.79997)
3 This rule shows a rule between a word at the position #1 and a word at the position
nonconsecutive #3 and a word at the position #4.
words
x2=ciaill x3=J ¥ x6=plall 5==>x5=125  acc:(0.8571)
4 This rule shows a rule between a word at the position #2, a word at the position #3,

a word at the position #5, and a word at the position #6.
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Even the examples provided show the relations up to four words, however, more than 4 words relations can

be extracted if such co-occurrences found in the corpus.
5. N-best List Rescoring

Speech recognition is the process of converting speech into machine-readable text. Three components are
mainly used to perform recognition task; the acoustic models, the pronunciation dictionary, and the language
model. An ASR generally has the option to produce the N-best list that contains the best recognition
hypotheses. It is indicated in [21] that the Viterbi speech-decoding algorithm is an approximation algorithm.
It actually computes an approximation of the most probable word sequence, instead of computing the most
probable word sequence. The reason is that the pronunciation variants probabilities’ mass is split up among
different pronunciations. Therefore, the Viterbi algorithm ignores the correct word that has many-
pronunciations and favor an incorrect word with only one pronunciation path. Hence, performance could be
enhanced using N-best hypotheses rescoring. Hence, we propose to exploit the extracted LDDs for N-best list
rescoring as shown in Fig. 2. The figure shows that the ASR decoder (supposing) recognize a speech file as
Sentence 1. However, it might be better if the N-best list is rescored using LDDs as a double check step to
obtain better results (it is supposed Sentence 4). The rescoring could be based on counting the number of
association rules in each hypothesis. We have not empirically investigated the performance using rescoring
step as the number of the obtained rules relatively low. However, it is a future research direction to implement
this method for large corpus with very rich rules.

Decader It generated -;-..'nln:n-..::.'
| while sentence 4 15

the correct one

Oirigimal M- Rescored M- 77
best list hest 15t J
Senlence 1 Sentence 4
Senlence X LE'?DE' Sentence |
Senlence 3 I""“_ Senmtence 2
Sentence 4 Rescoring Sentence 3

| X

Fig. 2. Rescoring N-best list

Rescoring N-best list is not new. For example, Reference [22] demonstrated the usefulness N-best rescoring
using syntactic trigrams. Reference [23] compared the efficacy of a variety of language models for rescoring

word graphs and N-best lists generated by a large vocabulary continuous speech recognizer. Hence, the main
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contribution of this work is to develop an intelligent method that can raise the hypothesis number four (as an

example in the top part of Fig. 3) to be the first choice as shown in the lower part of Fig. 3.

e g Gl ale JSA Cpmalll ) 9890 3 ) 68 A8 0 ilagae caly M
Aved 3 Galll plo J3A Gptee (8 5 ) i g0 3 ) 8 A8 0 clagie il M
Aad g Ol ale JUA Gy gl (B ) g e 358 A8 8 Silagae ikl B
A 5 Gl ale J3A Gueall (B ) gige 3 ) 84S 0 e caly M
Aol 5 ol alo 34 Gueall VT 5 550 3558 A8 10 e il S
After rescoring
Ased 5 pdll ple J2UA Speall (8 5 5 g8 50 3 5 8 AS 58 Slagie iy
ek 5 il ple A Cpmtll g se 2 88 A8 50 e il
Aad 3 (il ale JSA G (B g 5e 3 ) 98 A8 50 Slae caaly M
Ased 5 Cpdll ple JBUA S el (B 5 g8 50 35 8 A8 38 Slagie iy
Aads 5 (il ale JSA Gl YT ) g g 358 A8 Silagae il

Fig. 3. N-best list befor and after rescoring

6. Conclusion

This study presents a new method to obtain the LDDs for ASR N-best rescoring. The method based on

predictive Apriori algorithm that generate best association rules. The study shows that generating LDDs is

computational expensive and require high-speed machines. It is a future research to utilize LDDs in the

implementation of speech recognition systems and other NLP applications.

[1]
[2]
3]

[4]
[5]

[6]
[7]

[8]

[9]

References

Available :http://www.speech.cs.cmu.edu/sphinx/doc/sphinx-FAQ.html

Available :http://htk.eng.cam.ac.uk/

Iyer, Rukmini M., and Mari Ostendorf. "Modeling long distance dependence in language: Topic mixtures versus dynamic cache
models." Speech and Audio Processing, IEEE Transactions on 7.1 (1999): 30-39.

Goodman, Joshua T. "A bit of progress in language modeling." Computer Speech & Language 15.4 (2001): 403-434.

Qin, Min, et al. "Word Activation Forces-Based Language Modeling and Smoothing." Intelligent Human-Machine Systems
and Cybernetics (IHMSC), 2013 5th International Conference on. Vol. 1. IEEE, 2013.

Available :http://www.cs.waikato.ac.nz/ml/weka/

Gao, Jianfeng, and Hisami Suzuki. "Long distance dependency in language modeling: an empirical study." Natural Language
Processing—IJCNLP 2004. Springer Berlin Heidelberg, 2004. 396-405.

Gao, Jianfeng, Joshua Goodman, and Jiangbo Miao. "The use of clustering techniques for language modeling—application to
Asian languages."Computational Linguistics and Chinese Language Processing 6.1 (2001): 27-60.

Zhao, Yinggong, et al. "Learning word embeddings from dependency relations." Asian Language Processing (IALP), 2014
International Conference on. IEEE, 2014.

38



[10] Xu, ZhiHai, et al. "Research on language model of long-distance dependency." 2010 International Conference on Advances in
Energy Engineering. 2010.

[11] Zhou, Faguo, and Xingang Yu. "Graph-Based Language Model of Long-Distance Dependency." Asian Language Processing
(IALP), 2011 International Conference on. IEEE, 2011.

[12]Mikolov, Tomas, Wen-tau Yih, and Geoffrey Zweig. "Linguistic Regularities in Continuous Space Word
Representations.” HLT-NAACL. 2013.

[13]Finkel, Jenny Rose, Trond Grenager, and Christopher Manning. "Incorporating non-local information into information
extraction systems by gibbs sampling.” Proceedings of the 43rd Annual Meeting on Association for Computational Linguistics.
Association for Computational Linguistics, 2005.

[14]Wang, Xuerui, Andrew McCallum, and Xing Wei. "Topical n-grams: Phrase and topic discovery, with an application to
information retrieval." Data Mining, 2007. ICDM 2007. Seventh IEEE International Conference on. IEEE, 2007.

[15] GuoDong, Zhou, and Lua KimTeng. "Interpolation of n-gram and mutual-information based trigger pair language models for
Mandarin speech recognition." Computer Speech & Language 13.2 (1999): 125-141.

[16] Manning, Christopher D., and Hinrich Schitze. Foundations of statistical natural language processing. VVol. 999. Cambridge:
MIT press, 1999.

[17] Alghamdi, Mansour, Moustafa Elshafei, and Husni Al-Muhtaseb. "Arabic broadcast news transcription system.” International
Journal of Speech Technology 10.4 (2007): 183-195.

[18] Nahar, Jesmin, et al. "Association rule mining to detect factors which contribute to heart disease in males and females." Expert
Systems with Applications 40.4 (2013): 1086-1093.

[19]Malik, Meenakshi, and R. P. Agarwal. "A Survey On Association Rule Mining." International Journal of Research in
Engineering and Applied Sciences 5.6 (2015): 48-56.

[20] Tobias Scheffer, T. (2005). "Finding association rules that trade support optimally against confidence.” Intell. Data Anal. 9(4):
381-3

[21] Jurafsky D, Martin J (2009) Speech and language processing, 2nd edn. Pearson, NJ

[22] Salgado-Garza, Luis R., and Richard M. Stern. "N-Best list rescoring using syntactic trigrams.” Mexican International
Conference on Artificial Intelligence. Springer Berlin Heidelberg, 2004.

[23]Wang, Wen, Yang Liu, and Mary P. Harper. "Rescoring effectiveness of language models using different levels of knowledge
and their integration."Acoustics, Speech, and Signal Processing (ICASSP), 2002 IEEE International Conference on. Vol. 1.
IEEE, 2002.

[24] Abuzeina, Dia, and Mahmoud Hasan Alsaheb. "Capturing the Common Syntactical Rules for the Holy Quran: A Data Mining
Approach." Advances in Information Technology for the Holy Quran and Its Sciences (32519), 2013 Taibah University

International Conference on. IEEE, 2013.

39



CHAPTER 4:
EMPIRICAL STUDY OF ARABIC CONTINUOUS SPEECH

1. Introduction

Automatic Speech recognition (ASR) has recently received significant attention as one of successful trend in
information retrieval (IR) and intelligent systems. Converting speech into text is an important since it
felicitates deploying online audio contents and make it more accessible. However, developing high-quality
speech recognition systems is a challenging task and still is a promising research area. Recently, there has
been growing interest in speech recognition for the Arabic language as one of the most common languages
worldwide. In fact, there is a real need for software tools to transcribe speech into text. Moreover, Arabic is
the language of the holy writings of Islam (e.g. the holy Quran) that raises the demand for software to dictate
such huge speech resources. Reference [1] indicated that ASR research is currently moving from mere speech-
to-text systems towards “rich transcription” systems, which annotate recognized text with non-verbal
information such as speaker identity, emotional state for customer care purposes.

Nevertheless, speech recognition is not a straightforward task, as it requires dynamic programming algorithms
along with different stages for training and decoding. Reference [2] demonstrated why speech recognition is
difficult; among the reasons include body language, noise, differences between spoken language and written
language, etc. Therefore, obtaining an accurate freely available software is difficult to achieve. However, free
and commercial software tools are available for Arabic speech recognition. In this study, we consider
Soundflower [3] Mac utility that is a free, open-source speech application. The goal is to employ this utility
to evaluate the performance of the Arabic speech recognition in terms of word error rate (WER) and the
recognition accuracy. The study also aims at comparing the recognition performance of male and female
Arabic native speakers. Reference [4] indicated that the performance of speech recognizers for female
speakers is usually worse than that obtained for male speakers. In fact, the research in speech recognition
contains different sources of pronunciation variations such as continuous or isolated speech, age, gender,
emotion, dialects, noise, different accents, etc. Reference [5] presented the main phonetic differences between
the speech of male and female speakers. The previous studies on Arabic speech recognition has not considered
speaker’s gender on speech recognition. The little research in this domain motivates the authors to to take
over this research to find the effect of gender in speech recognition.

We have organized the rest of this study as follows. In the next section, we present the literate review. In

section 3, we present speech recognition overview followed by the male and female speech recognition in
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section 4. The speech corpus information presented in section 5. The experimental results presented in section

6. Finally, conclusion and future work presented in section 7.

2. Literature Review

In this section, we survey the reported contributions of Arabic speech recognition. Because speech recognition
is a wide multidiscipline topic that contains vast and diverse subtopics, this literature focuses on the software
tools developed for dictating (i.e. audio-to-text) Arabic speech. Soundflower [3]is a free audio system
extension that allows applications to pass audio to other applications as one usage option. However, it has
another option that is a speech to text converter with the following characteristics based on [6]: Soundflower
is a Mac system extension, easy to use, simply presents itself as an audio device, allowing any audio
application to send and receive audio with no other support needed.

Sakhr software company developed a commercial ASR [7] engine that has some features such as noisy
environments, speaker independent, high accuracy, supports different Arabic accents. The DARPA-funded
Babylon project [8] contains Arabic speech recognition as a part of the developed speech-to-speech translation
systems. Hidden Markov Model Toolkit (HTK) [9] is a portable toolkit for speech recognition research.
However, the HTK assumes that the textual files written using ASCII rather than Unicode, so if the training
input text is stored using the standard Arabic character set then it has to transcribe to something that the HTK
can handle. The obvious thing to use is the Buckwalter transcription [10]. CMUSphinx toolkit [11] is another
option in the research community that used to build speech recognition systems. CMUSphinx is an open
source speech software from Carnegie Mellon University (CMU) [12]. For example, Reference [23] employed
CMUSphinx for cross-word Arabic continuous speech recognition. Unlike HTK, CMUSphinx does support
Arabic language that used directly within the CMUSphinx components such as phonetic dictionaries and the
language models. Choosing either HTK or CMUSphinx depends on some aspects such as implementation
structure, supporting mobile platform, programming language, etc. nevertheless, both well-known ASR
engines share the theoretical background for training and decoding that should give relatively similar outputs.
As existing literature shows, little work devoted to serve the Arabic language compared to the English
language. Dragon [13] is an example of software that used to convert audio text for English. The developer
[13] claimed that Dragon is the fastest and most accurate way to interact with your computer. Gotranscript
[14] provides speech recognition service for English. They listed some features of the product such as
uncompromising quality, rates within the budget, highly accurate transcripts, timely and convenient delivery.
Google [15] cloud speech application program interface (API) enables developers to convert audio to text by

applying powerful neural network models in an easy to use API. Reference [16] lists the best 2016 voice
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recognition software for English. Reference [17] compared the performance of three commercially available
continuous speech recognition software packages for the English language. The packages include the IBM
software that was found to have the lowest mean error rate (7.0 to 9.1 percent) followed by the L&H software
(13.4 to 15.1 percent) and then Dragon software (14.1 to 15.2 percent).

3. Speech Recognition Overview

Speech recognition mainly contains two stages, training and decoding. The training stage requires two
datasets: a set of speech files and a set of files containing the phonetic transcriptions of the speech files. There
are various ways of getting phonetic transcriptions. The easiest is to use phonetic dictionary in combination
with the training textual transcription. Some ASR engines such as HTK have a tool for doing this, or it can be
prepared manually. Writing a phonetic dictionary is hard, and if the vocabulary has many words then it will
be quite time-consuming. For Arabic, it is reasonable to approximate each Arabic character to a single
phoneme. So, for instance, assuming that the phonetic transcription of "kataba" is "k a t a b a", Buckwalter
transcription [6]. This method of transcription has two advantages, namely that everyone uses it, so that data
can easily be made available to other people and it let the researchers to use other people's data; and that it
uses one Roman character for each Arabic character, which is helpful, and which most of the other options
don't do. There is, however, a problem, which is that it uses a number of non-alphabetic characters that have
a reserved meaning in some ASR engines. Another option to represent words in the phonetic dictionary is by
using Arabic characters such as "<&" with the the phonemes "K AE T AE B AE", as an example. Reference
[18] has more information of how generate phonemes (could say the phonetic dictionary) for Arabic words.
Of course, there are other ways to generate phonetic dictionary for better performance. Linguistic scholars
and phonetic specialists might help to in this regards.

In addition to the phonetic dictionary, the training stage also contains declaring language models that also
called grammars. There are all sorts of kinds of grammars to use. The choice of the grammar is, indeed, the
key to the performance of the recognizer. The more of constrains in the range of possible utterances, the more
accurate the recognizer will be. In general, one can extract two types of grammars from a set of training textual
transcription. One says that the target utterance may be an arbitrary sequence of words drawn from the training
textual transcription (in short "any word" grammar); the other says that it must be one of the training textual
transcription. The first is almost entirely not constraining, and leads to very poor accuracy (but lets researchers
experiment with the effects of different transcriptions, because it relies entirely on the acoustic model); the
other is very tightly constraining, and often leads to 100% accuracy. Naturally, there are other options to write

grammars such as probabilistic N-Grams, the well-known approach for language modeling.
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Using the phonetic transcriptions of the textual versions of the training speech, the audio files, and the list of
phonemes, we can start training phase using the desired machine-learning tool such as hidden Markov models
(HMMs). The output of the training stages is the acoustic models that used for testing, also called decoding
process. The grammars are required throughout testing process. The testing stage employs a dynamic
programming algorithm such as Viterbi algorithm to find the most likely phonemes sequence to find the
textual words sequence of the spoken words. In fact, speech recognition is a complicated process that needs
to handle different aspects such as Gaussian mixtures model, speech features such as Mel-frequency cepstral
coefficients (MFCCs), Baum—Welch algorithm, triphone, pruning, etc.

MacOS recently introduced dictation (speech-to-text) as a feature usable in any application that takes text as
input [19]. Reference [19] presented some technical issues that help to run Soundflower application. Fig. 1

shows the Soundflower starting page.

| Ot ---‘ Tan® 0o Speeach

Ly DRctalicn wharawe® you cam Tvpe bénl. To start dictating,
wse the shortout or select Start Dictation from the Edit e,

Q‘J Dacaaticr: £ O o

Fl Uan Ermesced Dictasdian
Al G i UBR A SO NS = taboe
= e et

Sorunoliowesr [2om) w

Language: Arabic [Saudi Aradbia) =]

Shartout Bress Fn (Function] Ky Twice =

Abonrt Dictation and Privacy

Figure 1. A snapshot of the Soundflower speech application

4. Male and Female Speakers
One goal of this work is to investigate the speech recognition performance of male and female Arabic
speakers. The research on Arabic speech recognition has tended to focus on mixed male-female speech
recognition rather than on gender based speech recognition. That is, the training corpus usually has mixed
male and female speech that ignore the acoustic differences between female and male voices. Vogt in
reference [20] indicated that the differences in speech features for male and female speakers are a well-known
problem and the gender-dependent emotion recognizers perform better than gender-independent ones.
Reference [21] separated the training dataset based on the gender. This separation yielded gender dependent

HMMs that found significantly improve the word recognition accuracy over the gender independent method.
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Reference [4] indicated that separating training corpora into male and female acoustic-phonetic models is a

common solution to enhance the speech recognition performance.

5. The Speech Corpus
The speech corpus used in this work is an in-house corpus that contains of 275 audio files recorded by 20
Arabic native speakers (10 male and 10 female). Each male speaker utter 15-speech items, while some of
female speakers utter less than 15- speech items (see Table I11). The speech files mainly contains local and
international news recorded from Al-Sabah TV channel in Kuwait. The modern standard Arabic (MSA) is the
language used by all speakers. The speech file were prepared to have a fixed length between 30-60 seconds.
The speech items sampled at 16 kHz and sum up to 2.63 hours of speech. The training textual transcription
of the speech files were prepared by transcribing the audio files according to speakers’ utterance. Table I
composed of the corpus information. We emphasize that the corpus prepared in this work used for testing.

That is, we have no training part in this work, as the goal is to investigate the trained models in Soundflower.

TABLE I1l. THE CORPUS INFORMATION

# Gender Number of Number of Length Number of Unique
Speakers speech files (hour) words
1 Male 10 150 1.53 5,149
2 Female 10 104 1.10 3,738
Total 20 254 2.63 8,887*

*the number of unique words in the entire corpus is 7,386 because of common words

6. Experimental Results
Using the speech corpus described in the previous section, we evaluated the performance for three cases; male
only, female only and mixed case (male and female) speech files. The accuracy used to measure the accuracy
that based on WER. The WER measured using the following formula [22]: WER= (D+S+I)/N, where D is the
deletion errors, S is the substitution errors, | is the insertion errors, and N is the total number of labels (i.e
words) in the reference (actual) transcriptions. The accuracy expressed as:
Accuracy = (1-WER) x 100%
Fig. 2 shows an example of the Soundflower output of a particular speech file after recognition process. This
textual output aligned with the actual transcription to find D, S, I, N, to calculate the WER according to what

we have recognized, either for a single speech file or for the entire speech files collection. Of course, there
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are some recognition errors in Fig. 2 outputs (e.g. the word “&«). This is natural like any other classification

or pattern recognition system to have some misclassification rate.
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Figure 2. An example of Soundflower output

In the first case, the performance measured using the male speech files. That is, Soundflower employed to
measure the accuracy of 150 speech files that belong to 10 male speakers. Table Il shows the achieved results
of each speaker. The table also shows the range of accuracy [42.26%, 70.39%]. The difference in the scored
accuracy related to several factors such as speaker’s anatomy of vocal tract, the speed of the speech, and the
accent. Table Il also shows that the WER is (100% - 55.33% = 44.67%). For the used wave files that is
between 30-60 seconds length, the results presented in Table Il and Table 11l show the range of accuracies
starts at (almost) 40% up to 70%. Hence, it might be a future work to investigate the performance using less

or more wave files lengths.

TABLE IV. ACCURACY FOR MALE ONLY SPEECH

# Male Number of Length Accuracy
Speakers speech files (min:sec) (%)
1 Speaker 1 15 9:29 70.39
2 Speaker 2 15 10:12 48.80
3 Speaker 3 15 9:47 64.93
4 Speaker 4 15 8:46 59.07
5 Speaker 5 15 8:59 42.26
6 Speaker 6 15 9:55 54.67
7 Speaker 7 15 8:12 57.87
8 Speaker 8 15 8:30 55.16
9 Speaker 9 15 9:36 44,58
10 Speaker 10 15 8:54 55.66
Total 150 92:20 Avgerage =55.33%
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For female speakers, 104 speech files used to evaluate the accuracy. Table Il shows the accuracy of each

person of 10 female speakers. The accuracy range was [46.52%, 68.73%]. This range is close to what we

achieved for male speakers. This reveals that the male and female speech recognition is very close in the case

of using Soundflower tool. This result calls for more research to find the effect of acoustic differences between

male and female speakers on Arabic speech recognition. Table 111 also shows that the WER is (100% - 56.97%

= 43.03%).

TABLE V. ACCURACY FOR FEMAL ONLY SPEECH

# Female Number of speech | Length  (min:sec) Accuracy
Speakers files (%)

1 Speaker 1 3 2:00 60.51

2 Speaker 2 15 9:42 68.73

3 Speaker 3 15 10:34 57.19

4 Speaker 4 7 5:12 52.07

5 Speaker 5 15 8:00 56.53

6 Speaker 6 15 9:15 50.85

7 Speaker 7 15 8:45 46.89

8 Speaker 8 2 1:27 62.83

9 Speaker 9 2 1:29 67.63

10 Speaker 10 15 9:56 46.52

Total 104 66:20 Average=56.97%

The average of accuracies for the previous two cases indicates that the female speech recognition outperforms

the male speech recognition. The third case separates the corpus for male and female speech to find the

accuracy separately. Finally, we evaluated for the mixed male and female case for all speech files combined.

Table 1V shows the results of the mixed case.

TABLE VI. ACCURACY FOR MIXED MALE AND FEMALE SPEECH
Gender Total number Number Length Accuracy
of speakers of speech (min:sec) (%)
files
Male 10 150 92:20 54.66
Female 10 104 66:20 55.17
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Male & Female 20 254 158:40 54.02

Fig. 3 shows the information provided in Table IV as a bar chart graph. The figure shows that the accuracy
for Arabic speech is relatively low as the maximum-scored accuracy was 54.02%. The WER of the mixed
speech corpus found to be (100% - 54.02% = 45.98%). However, we conducted our experiments on a small
corpus that is unacceptable to generalize for the overall Arabic speech recognition. This result motivates the

research to investigate and to enhance the performance of Arabic speech recognition.
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g 55
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Figure 3. The accuracies of different testing cases

Even though gender is an important factor that has to consider in speech recognition. However, the
experimental evaluation did not show clear performance differences using both the prepared corpus and the
Soundflower tool. Despite we expect to have less accuracy in the case of female speech, as reported in some
literature such as [4], it found that the female speech recognition performance outperforms the male speech

recognition performance.

7. Conclusion
The study demonstrated the performance of speaker independent Arabic continuous speech recognition. A
free MAC software tool used to find the recognition accuracy. It found that the maximum-scored accuracy
is 54.02% for mixed speech of male and female. The experimental results did not show obvious difference
between the accuracies based on the gender. As a future work, we propose more investigation of the effect

of gender on Arabic speech recognition.
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1. Introduction

Automatic speech recognition (ASR) is of particular interest to human computer interface (HCI)
and natural language processing (NLP). Recently, Arabic large-vocabulary speaker-independent
continuous speech recognition system has recently received significant attention in the NLP
research community. However, Arabic ASR poses some challenges such as the difficulty to obtain
corpora for dialects that are spoken rather than written (i.e. no common standard for writing),
difficulty in obtaining a large diacritized text as the Arabic allows writing without diacritics, and
enormous number of word forms due to the morphology richness of the Arabic. Recently, there
has been much interest in diacritization for better performance in ASR systems. Diacritization is
the process of marking the letters using optional orthographic symbols that are called diacritics or
short vowels. For Arabic ASR, the problem of short vowels is that they are generally pronounced,
but almost never written. The study in [1] indicates that the non-diacritized text leads to problems
for both acoustic and language modeling and therefore may lead to a loss in recognition accuracy.
Similarly, it is reported in [2] that missing of short vowels leads to a significant increase in both
the language model perplexity and the word error rate.

The importance of diacritization is that it enhances the supposed closely match between the
training textual files and the corresponding speech files. In fact, it is extremely important that the
phonemes of the pronunciation dictionary to adequately represent the actual training speech files.
It is indicated in [3] that the performance of ASR is improved by shrinking the mismatch between
the speech and the text used in training the acoustic model. In the case of training using non-
diacritized text, many of phonetic segments will be lost because the short vowels are not there.
Despite short vowels help the reader to realize the meaning of a particular word, however, not fully
diacritized text might lead to ambiguity as the same word might have several meanings. For
instance, the word ““4a: jnp” has three different meanings based on the short vowels (u:%,a:4,i:2)
on the first letter: (3, 45, 4) (junp, janp, jinp) that means (protection, paradise, jinn), respectively.
In the previous ward, the Buckwalter scheme was used for Arabic transliteration [4]. More on
Arabic diacritization and some other related challenges are found in [5]. Reference [5] mainly
discussed the differences in the pronunciation and the meaning of a particular word according to

its diacritization. Nevertheless, obtaining a sizable diacritized text for ASR and NLP applications



is extremely difficult as well as time-consuming task. This is the motivation of this work as we
produced a manually diacritized continuous speech corpus for the modern standard Arabic (MSA).
In this study, we employed the latest Carnegie Mellon University (CMU) PocketSphinx ASR
engine [6] for exploring the Arabic ASR performance based on diacritized and non- diacritized
text. PocketSphinx includes the latest available releases as follows: sphinxbase - 5prealpha,
PocketSphinx - 5prealpha, SphinxTrain - 5prealpha. In the experiments, we used a new “in house”
diacritized text corpus that contains 13.5 hours for training and 4.1 hours for testing. This study
also presents the intermediate steps for training and decoding such as the proposed and used
phonemes set, the pronunciation dictionary, the acoustic model, and the language model. We
emphasize that this work is a preliminary step toward further research using the newly created
corpus. This corpus has been fully supported by Kuwait University. The size of the corpus in this
work is 17.6 hours; however, we aim at increasing the size to about 30 hours.

In next section, we present the literate review. In section 3, we present the phonemes set followed
by a background of acoustic models in section 4. The proposed method is described in section 5

and the experiment results in section 6. Finally, we conclude in section 7.

2. Literature Review

Despite that Arabic is one of the popular languages. However, little research has been devoted to
tackle the different ASR aspects such as the dialects, the diacritization, and the morphological
complexity. In this literature, we focus on the studies that consider diacritization. The study in [7]
demonstrates a news transcription system for MSA. It compares the performance using diacritized
and non-diacritized text for broadcast news. The word recognition accuracy of the non-diacritized
case outperforms the diacritized case. This is due to the errors that are introduced by missing of
the short vowels in the diacritized case. However, this might be not a problem since the Arabic
native speakers can infer the missing short vowels based on the prior knowledge and the words
context. The studies in [8][9] presents methods for capturing the acoustic differences
(pronunciation variations) at cross-words and within words for Arabic ASR systems.

The study in [2] demonstrates a comparison between script transcriptions (i.e. non-diacritized) and
romanized transcription that is phonologically rich by vowels information. The romanized

transcription case outperforms the standard Arabic script that has no diacritics. The work in [10]
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produces three different speech diacritized corpora that include a holy Qur’an corpus, a command
corpus, and a digits corpus. The results were demonstrated based on the diacritized text. The
experimental results in [11] show that the non-diacritized case slightly outperforms the diacritized
text case for a phonetically rich and balanced Arabic speech corpus. The Sphinx tools along with
SAMPA Romanization method were used in [12] for dialectal Arabic speech recognition. The
research in [13] found that the diacritized text improved the acoustic model more than undiacritized
orthography. Most of the previous works were performed using relatively small corpora; however,

we used a larger corpus to explore the effect of diacritization on Arabic ASR.

3. Phonemes Set

The phoneme is the basic unit of speech that represents a distinctive sound of the language's
phonology. Hence, a change of a particular phoneme in a word makes a change in the meaning of
the word. Phonemes play a vital role in the performance of ASR and text to speech systems. In
this work, we propose a phoneme set that is used to evaluate the recognition performance of the
prepared corpus. The pronunciation dictionary is prepared using the proposed phonemes set by a
mapping process between the Arabic letters (the language’s vowels and consonants) and their
corresponding phonemes. However, in some cases, morphologically driven rules are used for
phonetic rich dictionary. In addition, some pronunciation exceptions might be manually processed
for better acoustic representation. The studies [14] and [15] elaborate on Arabic phonemes and the
pronunciation rules.

In general, creation a dictionary of a particular language requires linguistic experts and deep
knowledge of the language sounds. However, the choice of the phoneme in the phonemes set is
not straightforward as it has some constraints. For instances, it should represent the relevant
information of the language sounds, it should consider the surrounding context between the letters,
and it should carefully estimate the starting and the ending of the letters. No doubt, the phonemes
that are used to represent the training words characterize the quality of the acoustic models and,
therefore, the overall performance. Table | shows the phonemes set used in this work. It contains
46 phonemes. In addition to the Arabic letters, the table includes the short vowels that are Fatha
(), Damma (¢), and Kasra (). In this work, we discarded the Shadda (&) as our experimental
evaluation showed that it has no difference in the performance. We also used three phonemes to
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represent the Fatha that precedes Alif (1) =» t as a single phoneme that is (AUA), the Damma that
precedes Waw () = + as a single phoneme that is (AWW), and the Kasra that precedes Ya (s) =
« as (AlY). The reason of handling these cases as a single phoneme is that the pronunciation of
the short vowels is different when it precedes the long vowels. Hence, it would be correctly

transcribed as single phonemes.

TABLE I. THE ARABIC LETTERS AND THE PHONEMES SET
# Letter | Phoneme | # Letter | Phoneme
1 s E 24 | b ZZ

2 | AA 25 | ¢ AE

3 i 0 26 | ¢ GH

4 K EW 27 | < F

5 ) | 28 | & Q

6 & EY 29 | & K

7 ) A 30 | J L

8 & B 31 e M

9 B P 32 o N

10 | o T 33 | H

11 & TH 34 | W

12 |z J 35 | s AY

13 | ¢ HH 36 [ o Y

14 [¢ KH AE N

15 |» D 38 | & N

16 3 DH 39 N

17 B R 40 | & AU

18 B) Z 41 | & AW

19 | e S 42 | o Al

20 | & SH 43 | & ignored
21 | = SS 44 | L AUA
22 | U= DD 45 | ¢ AWW
23 | &k TT 46 | = AlY

The selection of a phoneme symbol is an optional and it does not matter what phoneme symbol is
used for an individual letter. In the training stage, each phoneme is modelled using a sequence of
Hidden Markov Model (HMM) states for computing the acoustic model. In the decoding stage,

the phoneme is initially recognized and then used to find the most likely spoken words based on
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the best-matched phonemes between the speech file in question (the observations) and the trained

HMMs of the acoustic model.

4. Acoustic Models
The training stage of an ASR system consists of building an acoustic model that is a major
component of ASR engines. Acoustic models statistically represent the relationships between the
speech signals and the language phonemes. These representations come into the form of
probabilistic matrices that are known as three matrices: initial probability, transition probability,
and the observation likelihoods or emission probability. There are different methods to train
acoustic models; the most common method is HMM. It has been long observed that the HMM
based acoustic models successfully implemented in the state of the art speech recognizers.
However, there are other approaches such as artificial neural networks (ANN) [16] and support
vector machine (SVM) [17].
CMU Sphinx speech engines support three types for acoustic modeling. For instances, the CMU
Sphinx configuration file “Sphinx_train.cfg” has the commands to enable or disable the desired
acoustic model. The types of acoustic models include the traditional fully continuous, the semi-
continuous, and the phonetic tied-mixture (PTM) models [18]. Despite the common
implementation of fully continuous and semi-continuous in Arabic ASR, however, PTM has less
experimental studies for Arabic speech recognition. PTM is a recent method that compromises
between important factors such as speed and performance. It is characterized by fast decoding as
well as its ability to handle large amount of speech collections.
Hence, PTM might be good option if the decoding time is more important than the accuracy. There
are some advantages of PTM based acoustic models. For instance, the PTM model consider
pronunciation variations modeling such the work in [19]. Reference [19] proposes a state-
dependent PTM model with variable codebook size to improve the coverage of phonetic variations
while maintaining model discriminative ability. One reason of speed is that the PTM model used
relatively low fixed Gaussians that speed up the recognition time.
In the decoding stage, the HMM states of each phoneme is compared with the query acoustic
feature vectors to find the best-matched phonemes and, then, likely sequence of words. The HMMs

parameters are estimated using special algorithms such as Baum-Welch re-estimation and
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expectation maximization (EM). The corpus vocabulary and the size of the speech corpus
determines some training parameters such as the number of Senones (tied-state) and the number
of Gaussians. Table 11 shows the approximation number of Senones and the densities according to

the vocabulary and the size of some English speech corpora [20].

TABLEI.  APPROXIMATION NUMBER OF SENONES AND DENSITIES
Vocabulary Hours | Senones | Densities Example
20 5 200 8 Tidigits Digits Recognition
100 20 2000 8 RM1 Command and Control
5000 30 4000 16 WSJ1 5k Small Dictation
20000 80 4000 32 WSJ1 20k Big Dictation
60000 200 6000 16 HUB4 Broadcast News
60000 2000 12000 64 Fisher Rich Telephone Transcription

5. Proposed Method
We evaluated the Arabic ASR performance using the prepared corpus. We got the speech files that
belong to MSA broadcast news form As-Sabah TV [21] in Kuwait. The first step was the
preprocessing that includes segmenting the long speech files into short segments of 30-60 seconds.
The produced speech files cover different news stories and it sums up to 17.6 hours of 29 speakers
(19 male speakers and the rest are for female speakers). The speech files were sampled at 16 KHz
mono. A silence of 0.1 seconds at the beginning and at the end of each speech file. We collected
1660 speech files that were transcribed and manually diacritized. We divided the speech files into
two parts; the training set that contains 1,269 (13.5 hours) speech files and the testing that contains
391 speech files (4.1 hours). Hence, the testing part is 23% of the overall corpus, which follows
the training-testing splitting percentage that is usually used in world of statistical classification (i.e.
20% ~ 25%). The vocabulary size of the training set is 29,843 words. The proposed method is

summarized in the algorithm in Fig.1.

Part One
=  Prepare the speech collection.
Prepare the transcription of the speech files.
Diacritize the textual transcription
Define the phonemes set.
Create the pronunciation dictionary.
Define the number of Gaussians.
Define the senones (n_tied_states). 55
Train the acoustic models.
Prepare the language model.
= Run PocketSphinx for training and decoding.
Part Two
= Repeat the pervious steps without diacritization.




Fig. 1. The proposed method

In addition to the previous steps, the CMU SphinxTrain performs some internal tasks such as
computing features from audio files, training context independent models, training context
dependent models, build trees, prune trees, lattice generation, lattice pruning, and finally decoding
using the trained models. Once having the trained acoustic model, the PocketSphinx is used for

decoding by use other components such as the pronunciation dictionary and the language model.

6. Experimental Results

This section presents the experimental results based on the introduced MSA speech corpus. We
conducted the experiments for two cases, diacritized and non-diacritized text. In this work, we
used three emitting states of HMMs that corresponds to the subphones at the beginning, middle,
and end of the phone. The acoustic models were calculated using context-dependent HMM
triphones. Our acoustic models are all trained using SphinxTrain for PTM PocketSphinx. For
language model, we used the CMU language toolkit [22] to calculate the statistical N-grams (i.e.
1-grams, 2-grams, and 3-grams) based on the corpus transcription. The pronunciation dictionary
was generated using a Python based program. The total number unique words in the diacritized
based system is 29,843 while it is 19,581 words in the non-diacritized case.

The word error rate (WER) was measured for different parameters such as the number of the
Gaussian densities and the number of the Senones. The PocketSphinx configuration file indicates
that the PTM based models have to use the same initial and final Gaussian densities, 256 Gaussians
as indicated in [20]. However, we investigated different values as indicated in Table Ill. In Table
I1l, we demonstrate the WER and the accuracy achieved for different parameter settings. The
lowest WER is 36.2% and it achieved using 64 Gaussians densities and 1000 Senones. We
investigated a wide range of parameters to clarify its effect on the performance as shown in the
table.
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TABLE Il THE DIACRITIZED BASED PERFORMANCE

Experiment Densities Senones WER (%) Accuracy (%)
1 64 200 37.0 63.0
2 128 200 36.8 63.2
3 256 200 36.6 63.4
4 64 500 36.4 63.6
5 128 500 63.5 63.5
6 256 500 36.5 63.5
7 64 1000 36.2 63.8
8 256 1000 36.8 63.2
9 256 2000 36.8 63.2
10 256 3000 36.9 63.1
11 256 4000 37.1 62.9
12 256 5000 37.4 62.6
13 256 6000 37.5 62.5
14 256 7000 38.0 62.0
15 256 8000 38.2 61.8
16 256 9000 38.4 61.6
17 256 10000 38.7 61.3

This low accuracy is reasonable since we used a relatively small size corpus. Ideally, ASR
requires 200-300 hours speech corpus. It is indicated in [23] that at least 1 gigabyte of texts for
language models and 50 hours for acoustic models are required for reasonable performance. It is
also reported in [20] that the WER for 10-hours task should be around 10%. For a large task, it
could be around 30%. Table IV shows the WER for some ASR systems on different English

speech corpora [24].

TABLE IV. RouGH WERS FOR A NUMBER OF ENGLISH CORPORA

Speech collection Vocabulary WER %
TI Digits 11 (zero-nine, oh) 0.5
Wall Street Journal read speech 5,000 3
Wall Street Journal read speech 20,000 3
Broadcast News 64000+ 10
Conversational Telephone Speech 64000+ 20

One more reason for the obtained relatively low accuracy is that the used corpus has no filler
dictionary. Filler dictionary generally contains noise and inhalation speech that are appropriately
handled during the training phase. The fillers require indicating the noises and inhalations in the

transcription of the speech files, which is an extremely difficult task for our corpus. It is worthy to
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point out to a recent study [25] of Arabic ASR that considers the impact of phonological rules on
Arabic ASR performance.

For non-diacritized case, Table V shows the performance using different densities and Senones.
The lowest WER is 23.6% that achieved using 128 Gaussians densities and 500 Senones as
highlighted in Table V. Therefore, the information in Table V indicates that the best accuracy is
achieved using 128 densities and 500 Senone, which might be the performance of the baseline for
future work. Of course, this result belongs to the used corpus that contains 17.6 hours. Other Arabic
speech corpora might have different results. Regarding the execution time of the training and the
decoding stages for both diacritized and non-diacritized system, we found that the execution time

of non-diacritized case was clearly less than the diacritized case.

TABLE V. THE NON-DIACRITIZED BASED PERFORMANCE

Experiment Densities | Senones WER (%) Accuracy (%)
1 8 200 27.8 72.2
2 16 200 25.7 74.3
3 32 200 24.8 75.2
4 64 200 24.3 75.7
5 128 200 24.1 75.9
6 256 200 239 76.1
1 8 500 26.9 73.1
2 16 500 24.8 75.2
3 32 500 24.2 75.8
4 64 500 23.9 76.1
5 128 500 23.6 76.4
6 256 500 23.7 76.3
1 8 1000 26.4 73.6
2 16 1000 24.7 75.7
3 32 1000 23.9 76.1
4 64 1000 23.9 76.1
5 128 1000 23.7 76.3
6 256 1000 2338 76.2
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1 8 5000 25.9 74.1
2 16 5000 24.9 75.1
3 32 5000 24.0 76.0
4 64 5000 24.2 75.8
5 128 5000 245 75.5
6 256 5000 25.6 74.4
1 128 10000 26.3 73.7
2 256 10000 28.0 72.0

In ASR, the training phase is time-consuming. Hence, we consider speeding up the execution time
using an option in CMU PocketSphinx. The configuration file is called “sphinx_train.cfg”. This
file has an option for multiprocessing mode. The two options that can be used for reducing the
training and the decoding time are as follows. $CFG_NPART = 10 =» the number of parts to run
Forward-Backward estimation; $DEC_CFG_NPART = 10 =» how many pieces to split decode in.
The number 10 is specified by the user according to the desired factor to reduce the execution time.
The default values of these two parameters is 1. This option is helpful since it clearly reduces the
execution time by use a number of processors in multicore machines. We also conducted some
experiments to compare the execution time of the continuous and PTM based acoustic models. We
found that the PTM based acoustic model has less execution time. The PTM based acoustic model

is three times faster than the continuous acoustic model.

7. Conclusion
This study presents an experimental evaluation of Arabic ASR performance using a new
continuous speech manually diacritized corpus. In the experiments, we consider two cases of the
Arabic text; diacritized and non-diacritized. The experimental results show that the non-diacritized
based system outperforms the diacritized based system even with a smaller vocabulary. However,
the diacritized based system gives vowelized text output, which is not produced by a non-
diacritized based system. As a future work, it is worthy to reinvestigate and analysis the main
conclusion of this work; which indicates that the accuracy of using diacritized text is lower than

the accuracy of using non-diacritized text.

59



(1]

[2]

(31

(4]

(5]

(6]

[7]

(8l

(]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

References

Vergyri, Dimitra, and Katrin Kirchhoff. "Automatic diacritization of Arabic for acoustic modeling in speech
recognition.” Proceedings of the workshop on computational approaches to Arabic script-based languages.

Association for Computational Linguistics, 2004.

Kirchhoff, Katrin, et al. "Novel approaches to Arabic speech recognition-final report from the JHU summer
workshop 2002." John-Hopkins University, Tech. Rep (2002).

Ramsay, Allan, Iman Alsharhan, and Hanady Ahmed. "Generation of a phonetic transcription for modern standard
Arabic: A knowledge-based model." Computer Speech & Language 28.4 (2014): 959-978.

http://www.qamus.org/transliteration.htm

Al-Anzi, Fawaz S., and Dia AbuZeina. "Stemming impact on Arabic text categorization performance: A
survey." Information & Communication Technology and Accessibility (ICTA), 2015 5th International
Conference on. IEEE, 2015.

http://cmusphinx.sourceforge.net/wiki/download

Alghamdi, Mansour, Moustafa Elshafei, and Husni Al-Muhtaseb. "Arabic broadcast news transcription

system.” International Journal of Speech Technology 10.4 (2007): 183-195.

AbuZeina, Dia, et al. "Cross-word Arabic pronunciation variation modeling for speech recognition.” International
Journal of Speech Technology 14.3 (2011): 227-236.

AbuZeina, Dia, et al. "Within-word pronunciation variation modeling for Arabic ASRs: A direct data-driven

approach.” International Journal of Speech Technology 15.2 (2012): 65-75.

Hyassat, Hussein, and Raed Abu Zitar. "Arabic speech recognition using SPHINX engine." International Journal
of Speech Technology 9.3-4 (2006): 133-150.

Abushariah, Mohammad Abd-Alrahman Mahmoud, et al. "Arabic speaker-independent continuous automatic
speech recognition based on a phonetically rich and balanced speech corpus.” International Arab Journal of
Information Technology (IAJIT) 9.1 (2012): 84-93.

Elmahdy, Mohamed, et al. "Modern standard Arabic based multilingual approach for dialectal Arabic speech

recognition." Natural Language Processing, 2009. SNLP'09. Eighth International Symposium on. IEEE, 2009.
Vergyri, Dimitra, et al. "Development of the SRI/nightingale Arabic ASR system." Interspeech. 2008.

Ali, Mohamed, et al. "Generation of Arabic phonetic dictionaries for speech recognition.” Innovations in
Information Technology, 2008. 11T 2008. International Conference on. IEEE, 2008.

Ramsay, Allan, Iman Alsharhan, and Hanady Ahmed. "Generation of a phonetic transcription for modern standard
Arabic: A knowledge-based model." Computer Speech & Language 28.4 (2014): 959-978.

Wilinski, Piotr, et al. "Toward the border between neural and Markovian paradigms." IEEE Transactions on
Systems, Man, and Cybernetics, Part B (Cybernetics) 28.2 (1998): 146-159.

60



[17] Guo, Guodong, and Stan Z. Li. "Content-based audio classification and retrieval by support vector
machines." IEEE transactions on Neural Networks 14.1 (2003): 209-215.

[18] Lee, Akinobu, et al. "A new phonetic tied-mixture model for efficient decoding." Acoustics, Speech, and Signal
Processing, 2000. ICASSP'00. Proceedings. 2000 IEEE International Conference on. Vol. 3. IEEE, 2000.

[19] Liu, Yi, and Pascale Fung. "State-dependent phonetic tied mixtures with pronunciation modeling for spontaneous
speech recognition.” IEEE transactions on speech and audio processing 12.4 (2004): 351-364.

[20] Training Acoustic Model, Available:
http://cmusphinx.sourceforge.net/wiki/tutorialam

[21] AL-SABAH TV, Available:
http://www.alsabahpress.com/

[22] Building language model, Available:
http://cmusphinx.sourceforge.net/wiki/tutoriallm
CMU Sphinx Speech Recognition Toolkit, Available:
https://sourceforge.net/p/cmusphinx/discussion/help/thread/1f102f95/?limit=25#9d3d

[23] Jurafsky D, Martin J (2009) Speech and language processing, 2nd edn. Pearson, NJ

[24] Al-Anzi, Fawaz S., and Dia AbuZeina. "The impact of phonological rules on Arabic speech
recognition.” International Journal of Speech Technology(2017): 1-9.

CHAPTER 6:
PHONETIC TIED-MIXTURE PTM ACOUSTIC MODEL

1. Introduction
Automatic speech recognition (ASR) has recently attracted much attention for more convenient in
human-computer interaction (HCI). Speech recognition aims at converting the spoken language
into machine-readable format. For this task, a speech recognizer generally employs several
components such as pronunciation dictionary, language model, and acoustic model. The effective
implementation of acoustic modeling is a critical process that aims at capturing the realistic
acoustic features of the speech signal. The ASR training phase includes hidden Markov model
(HMM) [1] parameters estimation that produces the learned acoustic models. That is, HMM is the
popular method to implement acoustic models. The types of acoustic model include the traditional

fully continuous, the semi-continuous, and the phonetic tied-mixture (PTM) models. Despite the
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common implementation of fully continuous and semi-continuous in Arabic ASR, however, PTM
has less experimental studies for Arabic speech recognition. PTM is a recent method that
compromises between important factors such as speed and performance. Regardless of the method
used to implement the acoustic model, the training of ASR includes the optimal estimation of the
acoustic parameters based on the input acoustic feature vectors, especially for large vocabulary
continuous speech collections.

Fully continuous acoustic models use a large number of Gaussians to compute the score of each
frame. In contrast, the semi-continuous models use extremely less Gaussians, of course, on the
account of the accuracy. However, for insufficient training speech collections, semi continuous
might give better performance than the fully continuous models. It is indicated in [2] that the use
of limited number of mixture densities can not only improve the performance but also significantly
reduce the amount of computation. Semi continuous is also good for memory constraint cases such
as in mobile devices. For handling such constraints, PTM was released to enhance the performance
in the semi-continuous models as well as reducing the heavy use of the computational resources
in the fully continuous models. That is, PTM models are somewhere between semi-continuous and
fully continuous models, offering the speed of the continuous models with the ability to effectively
use large amounts of training data. That is, PTM model aims at reducing the number of parameters
of continuous model while significantly reducing the execution time (i.e. the training and decoding
time) [3].

This study aims at demonstrating an experimental study of modern standard Arabic (MSA) speech
recognition performance based on different acoustic models. We prepared a corpus of Arabic
continuous speech that contains 13.5 hours for training and 4.1 hours for testing. We used a
pronunciation dictionary based on a proposed phonemes set that contains 44 phonemes. In this
work, we used the latest CMU speech recognizer, the PocketSphinx. This tool includes the latest
available releases as follows: Sphinxbase - 5prealpha, PocketSphinx - 5Sprealpha, Sphinxtrain -
5prealpha [4]. We demonstrate the results for different training settings such as different number
Gaussians, tied states (Senones), and parts to run Forward-Backward estimation run training in

parallel to fully load the machine processing units.
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In next section, we present the literate review. In section 3, we present the phonemes set followed
by a background of acoustic models in section 4. The proposed method is described in section 5

and the experiment results in section 6. Finally, we conclude in section 7.

2. Literature Review

There are quite studies in Arabic ASR employing semi-continuous and fully continuous acoustic
models. For instances, Reference [5] demonstrated an ASR study for the Arabic speech. It used
five-state HMM for triphone continuous acoustic models, with 8 and 16 Gaussian mixture
distributions. The acoustic model of Reference [5] was then used in other publications such as [6]
and [7]. Reference [8] employed CMU Sphinx tools for three different acoustic models that belong
to three different speech collections. Reference [9] used CMU Sphinx tool for Arabic speech
recognition. They developed three acoustic models for three different speech collections. They
demonstrated the performance using using different number of Gaussians. Reference [10] used
continuous based acoustic models for a phonetically rich and balanced Arabic speech corpus.

The following are some studies that discuss the three above-mentioned acoustic models. Reference
[11] indicated that the impression that continuous HMMs are the best choice of acoustic model,
however, semi-continuous might have an advantage in small amount of training data due to the
need for estimating a large number of parameters. Reference [12] used semi-continuous HMM to
reduce the number of parameters and the computational complexity. Reference [13] highlights the
problem when using fully continuous with limited training data. In indicated that when large
number of basic HMMs has only a few observations in the training data, then the sparse mixture-
weight distributions cannot be estimated robustly and are expensive to store. In PTM based model,
the number of Gaussians is reduced according to the shared triphone states of the same phoneme.
There are some studies employed this method. For instances, Reference [14] showed that PTM
systems, if properly trained, can significantly outperform the currently dominant state clustered
HMM-based approach. Reference [15] presented that the PTM based acoustic model is easily

trained, reliably estimated, and enable the decoder to perform efficient Gaussian pruning.
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3. Phonemes Set

The phoneme is the basic unit of speech that describes the pronunciation of a word. It is also the
basic unit that is used for speech recognition in ASR. It is used to represent the language’s vowels
and consonants thorough straightforward one-to-one rules. The pronunciation dictionary is
prepared using the phonemes set by mapping the words pronunciations (e.g. Arabic letters ) to
their corresponding phonemes based on the given phonemes set. However, in some cases,
morphologically driven rules are used for phonetic rich dictionary. In addition, the pronunciation
exceptions might manually processed for better acoustic representation. In general, the creation a
dictionary requires linguistic experts and deep knowledge of the language sounds.

The selection of a phoneme symbol is an optional and it does not matter what phoneme symbol is
used for an individual letter. Each phoneme is modelled using a sequence of HMM states in the
acoustic model that is later used to find the most likely spoken words based on the best-matched
phonemes. However, the choice of the phoneme in the phonemes set is not straightforward as it
has some constraints. For instances, it should represent the relevant information of the language
sounds, it should consider the the surrounding context between the letters, and carefully estimating
the start and the end of the letters. Table | shows the phonemes set used in this work. It contains

46 phonemes.

TABLE I. THE ARABIC LETTERS AND THE PHONEMES SET
# Letter | Phoneme | # Letter Phoneme
1 s E 24 L 77
2 i AA 25 ¢ AE
3 i 0] 26 ¢ GH
4 3 EW 27 o F
5 ! I 28 S Q
6 s EY 29 K K
7 | A 30 J L
8 - B 31 . M
9 3 P 32 O N
10 <O T 33 ° H
11 & TH 34 K} W
12 z J 35 s AY
13 c HH 36 < Y
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14 ¢ KH 37 N
15 3 D 38 N
16 3 DH 39 N
17 B} R 40 AU
18 J Z 41 AW
19 o S 42 o Al
20 o SH 43 ignored
21 o SS 44 c AUA
22 o= DD 45 5 AWW
23 b TT 46 - AlY

4. Acoustic Models

The essence of this work is that the growing amount of training speech collections adds more
complexities for efficient parameter estimation methods in speech recognition. Intuitively, the goal
is, hopefully, to decrease the error rate as well as to minimize the processing time in large
vocabulary ASR systems. Acoustic model is a major component of ASR engines that statistically
represents the relationship between the speech signals and the phonemes. HMM is one most
common type of acoustic models to compile the statistical representation of each phoneme. It has
been long observed that the HMM based acoustic models successfully implemented in the state of
the art speech recognizers. However, there are other approaches such as artificial neural networks
(ANN) [16] and support vector machine (SVM) [17].

CMU Sphinx speech engines support all acoustic modeling types. For instances, the configuration
file “Sphinx_train.cfg” of the CMU PocketSphinx has the commands to enable of disable a
particular acoustic model type as shown in Fig. 1. The figure shows that the corresponding system
implements PTM based acoustic model since the PTM command is enabled. It also shows that the
PTM model is supported in PocketSphinx. However, the reader can check the CMU Sphinx
website to investigate the latest versions and updates.

#$CFG_HMM_TYPE =".cont."; # Sphinx 4, PocketSphinx
#$CFG_HMM_TYPE =".semi."; # PocketSphinx
$CFG_HMM_TYPE ='.ptm."; # PocketSphinx

Fig. 2.CMU configuration settings for acoustic models

In the decoding process, the HMM states of each phoneme is compared with the query acoustic
feature vectors to find the probabilities of the best matched phonemes using specials algorithm.

The HMMs parameters are estimated using the training speech files and the corresponding text
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transcription. The size of corpus vocabulary as well as the the size of the speech corpus determines
some training parameters such as the number of Senones and the number of Gaussians. Table 11
shows the approximation number of Senones and the densities according to the vocabulary and the

size of some English speech corpora [18].

TABLEI.  APPROXIMATION NUMBER OF SENONES AND DENSITIES
Vocabulary | Hours | Senones | Densities Example

20 5 200 8 Tidigits Digits Recognition

100 20 2000 8 RM1 Command and Control
5000 30 4000 16 WSJ1 5k Small Dictation
20000 80 4000 32 WSJ1 20k Big Dictation
60000 200 6000 16 HUB4 Broadcast News
60000 2000 12000 64 Fisher Rich Telephone Transcription

The major difference between the three acoustic modeling is related to the accuracy and the
processing time. The fully continuous model is assigned a separate Gaussian mixture model for
each Senone which hugely increase the the Gaussians in the model. On the other hand, the semi-
continuous model allows sharing the Gaussians that increases the computations speed. Still, the
semi-continuous is more flexible that performs well in the limited amount of training speech hours.
PTM model is in between that used relatively low fixed Gaussians that speed up the recognition
time. PTM is characterized by fast decoding as well as its ability to handle large amount of speech
training collections. Hence, the model selection is based on the speech and accuracy constrains.
Hence, PTM might be good option if the decoding time is more important than the accuracy. The
PTM model has been farther enhance for better pronunciation variations modeling such the work
in [19]. Reference [19] proposes a state-dependent PTM model with variable codebook size to
improve the coverage of phonetic variations while maintaining model discriminative ability.
5. Proposed Method

Preparing a continuous speech corpus is extremely difficult task that demand so much time. It
require different phases such as collecting the audio files, segmentation, transcription, and
diacritization. Hence, most of the Arabic ASR research studies employed small corpus of isolated

words. For this reason, we compile a continuous speech corpus that contains 105,531 words
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(22,545 unique words) of 1660 speech file. We got the speech files form As-Sabah TV [20] in
Kuwait. We performed a preprocessing to divide the file into short files of 30-60 seconds. The
speech files cover different news stories and it sums up to 17.6 hours of 29 speakers (19 male
speakers and the rest are for female speakers). We split the the corpus into two parts, 13.5 hours
for training (1,269 speech files) and 4.1 hours for testing (391 speech files). The speech files were
sampled at 16 KHz mono. A silence of 0.1 seconds at the beginning and at the end of each speech
file. The proposed method is summarized in the algorithm shown in Fig.2.

=  Prepare the desired speech collection.

=  Prepare the textual transcription of the collected speech
files.

= Define the phonemes set.

= Based on the training textual transcription and the

phonemes set, create the pronunciation dictionary.

Define the senones (n_tied_states).

Train the desired acoustic models.

Prepare the language model using CMUCLMTK [21]

[Optional for speed] How many parts to run Forward-

Backward estimation in.

= [Optional for speed] Define how many pieces to split
decode in.

Fig. 3.CMU configuration settings for acoustic models

The CMU Sphinxtrain is used for training by performing the following steps: computing feature
from audio files, training context independent models, training context dependent models, build
trees, prune trees, lattice generation, lattice pruning, and finally decoding using the trained models.
The PocketSphinx is used for decoding using the learned acoustic model and the other components

such as the pronunciation dictionary and the language model.

6. Experimental Results
This section presents the experimental results based on the introduced MSA speech corpus. The
performance is measured based on different parameters such as the number of Senones and the
number of Gaussians. The PocketSphinx configuration file indicates the following constrains
regarding the number of Gaussians:
= For fully continuous models, the initial has to be less than the final number of densities.
= For semi-continuous models, the initial and final models have the same density.

= For PTM models, the initial and final models have the same density.
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= |f you are training semi-continuous or PTM model, use 256 Gaussians [18].

Word Error Rate (WER) was used to evaluate the ASR performance for different acoustic models.
Table I11 shows the WER and the accuracy for the fully continuous model based on different values
of Senones and densities. The performance is low for all investigated parameters. The lowest
scored WER is 55.9%. This is reasonable since we used a relatively small size corpus. Ideally,
ASR requires 200-300 hours speech corpus. One more reason for this low accuracy result is that
the used corpus has no filler dictionary. Filler dictionary generally contains noise and inhalation

speech that are not considered as phonemes.

TABLE Ill.  THE CONTINUOUS BASED PERFORMANCE
Experiment Densities Senones WER (%) Accuracy (%)

1 18 200 44.1 55.9
2 1216 1000 42.3 57.7
3 132 1000 42.0 58.0
4 1256 1000 43.6 56.4
5 1256 5000 89.8

6 1256 200 42.2 57.8

Table 1V shows the results of the semi-continuous based models. The results are slightly better
than the PTM based model that are shown in Table V. It is clear that the size of the used corpus is
suitable for semi-continuous model. The best WER is 64.0% at 256 Gaussians and 1000 Senones.

TABLEIV.  THE SEMI-CONTINUOUS BASED PERFORMANCE
Experiment Densities | Senones | WER (%) Accuracy (%)
1 256 200 36.8 63.2
2 256 1000 35.8 64.2
3 256 2000 35.9 64.1
4 256 3000 36.1 63.9
5 64 500 36.2 63.8

6 32 1000

Table V shows the results using PTM based acoustic models. The best WER was found to be
63.5% using 256 Gaussians and 500 and 750 Senones. The experimental results show that the PTM

based system is noticeably faster than the semi-continuous based model.
TABLE V. THE PTM BASED PERFORMANCE
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Experiment Densities | Senones WER (%) Accuracy (%)
1 256 200 36.6 63.4
2 256 500 36.5 63.5
3 256 750 36.5 63.5
4 256 1000 36.8 63.2
5 256 2000 36.8 63.2
6 256 3000 36.9 63.1
7 256 4000 37.1 62.9
8 256 5000 374 62.6
9 256 6000 375 62.5
10 256 7000 38.0 62.0
11 256 8000 38.2 61.8
12 256 9000 38.4 61.6
13 256 10000 38.7 61.3

We also considered speeding up the execution time using CMU PocketSphinx configuration (i.e.

number of parts to run Forward-Backward estimation=» $CFG_NPART = 10; and how many
pieces to split decode in=» $DEC_CFG_NPART = 10;). This option is helpful since it clearly

reduces the execution time by utilizing a number of processors in multicore machines.

7. Conclusion

We evaluated the performance of three different implementations of acoustic models that include

semi-continuous, fully continuous, and PTM acoustic models. We employed CMU PocketSphinx

with a speech corpus that contains 17.6 hours of Arabic speech. The results show that the semi-

continuous acoustic model slightly outperforms the PTM acoustic models. However, the PTM has

less execution time.
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Chapter 7:

Modeling Capacity of Mel Frequency Cepstral Coefficient

1. Introduction

Automatic speech recognition (ASR) is an attractive user friendly technology to felicitate human
computer interface (HCI) in different domains. In the last years, there has been a growing interest
to reinforce natural man-machine communication through speech technology. In this regard, much
research has been devoted to introduce innovative ideas in the industry for automation purpose
(e.g. banking services, cars, control machines, etc). In general, sound is made out of vibrations of
an object to generate a type of energy. The energy causes a movement in the air particles that
propagate as audible waves. The air particles movement keeps going until they run out of energy.
Humans can hear sound waves with frequencies between about 20 Hz (cycles per second) and 20
kHz. However, the most sensitive limit of human hearing is in the 2000 - 5000 Hz frequency range.
In general, machine-learning systems perform feature extraction process at the first place in order
to produce the feature values based on the input patterns, these speech features are then pass to an
ASR system.

Mel frequency cepstral coefficients (MFCC) is the classical front-end analysis in speech
recognition to produce the sequence of real-valued numbers that represent feature vectors based
on the input signal. Since 1980, it has dominated the ASR feature extraction methods due to its
good performance. The success of MFCC makes it the standard choice in the state-of-the-art
speech recognizers such as the Carnegie Mellon University (CMU) Sphinx [1], the Markov Model
Toolkit (HTK) [2], and the Kaldi speech recognizer [3]. The literature shows that there is a variety
of feature extraction methods; however, it is clearly observed that MFCC is extensively used in
the most speech classification tasks. An example of another feature extraction method is

Perceptual Linear Prediction (PLP) [4]. In fact, previous studies shows that MFCC is
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an appropriate choice to maximize the recognition performance as reported by [5]. It indicates
that the MFCC is characterized by better performance and ability of the frequency domain to model
adequately the sound. Reference [6] indicated the MFCC and the relative spectral analysis PLP are
the most commonly used due to their ability to provide more robust features in adverse conditions.
Similarly, Reference [7] demonstrated that the most of today’s ASR systems are based on some
types of MFCC, which have proven to be effective and robust under various conditions.

The rest of this study is organized as follows. In the next section, we present some of the
challenges of speech features. In section 3, we present the background of MFCC technique

followed by the literate review in section 4. Finally, we conclude in section 5.

2. Speech Features Challenges
Due to the difficulties of handling speech features, it has been long observed that the ASR
researches employ off-the-shelf toolboxes for features extraction. It is clear that employing MFFC,
or even other speech features, for speech applications is not a straightforward task since some of
the intermediate functions are difficult for non-specialist researchers. For instance, writing a
program for fast Fourier transform (FFT), which is the heart of computing MFCC, requires highly
qualified scientists or engineers who have a solid background in complex mathematics, and then,
can understand and write FFT program from the scratch. No doubt, conducting valuable research
that include speech processing (e.g. speech recognition or speech synthesis) requires deep
understanding of signal processing. Speech features pose some challenges in terms of the nature
of the data. For instance, textual data or even images features are constant, which remain fixed
wherever appear. To clarify, the features of an article (i.e. the words or the roots are always same
for a particular text), however, speech features are not constant as they are continuously changed
according to different aspect such as gender, accent, age, etc. In simple, it is hard to directly
compare the speech features due to (small) differences in vibrations that leads to completely
different sound. The speech-recording environment might have noise such as background music,
a second speaker, unwanted inhalation, the quality of the microphone, or the health and
psychological state of person. Reference [8] has a thorough study of the pronunciation variations
sources that degrade the performance of ASR systems. In fact, humans can easily interpret signals

by extracting relevant information, however, this task is more complex when performed using
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signal processing and machine learning algorithms. More problems can be observed regarding the
speech context. Sounds are quite substantially changed by the surrounding context. The vocal tract
goes through different stages getting from ‘t’ to ‘a’ and getting from ‘r’ to ‘a’, and the parameters
during the transition will be different as indicated in [9] . Moreover, sounds can last different
amounts of time. Deciding where one ends and the next one starts is hard.

Moreover, the speech extraction process is a tricky task that requires care and skill. The input
waveform is sliced up into frames (usually of 20~30 milliseconds) to generate speech spectrum,
which is the distribution of energy as a function of frequency for a particular sound source [10].
Therefore, the waveform is transformed into spectral features (i.e. acoustic feature vectors) as
shown in Fig. 1. The figure is obtained from reference [11], which has more details of speech and
language processing. For general overview of the difficulty to handle speech recognition, reference
[12] elaborates on some of the difficulties with ASR.

e WMM m_-

Feature Extraction
(Slgnal Processing)

w
Spectral '
Feature
Vectors

Fig. 1.Extracting features by dividing the signal into frames.

3. MFCC Background

To compute the MFCC, the time domain representation of the input speech signal is used to
produce the spectral properties, as the patterns are more evident in the frequency domain. The
MFCC consists of a set (39 coefficients) that represents the speech signal by dividing it to a set of
overlapping short segments called frames. In particular, MFCC coefficients represent the spectral
envelope of the speech signal on the mel-frequency scale. Fig.2 shows the steps to extract the
MFCC of a speech signal. For better performance, the temporal properties might be considered to
obtain the first and the second derivative (named respectively AMFCC and AAMFCC) of the first
order 13 coefficients. We emphasize that the first step, which is sampling and quantization, is
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performed by the sound card (i.e. a hardware related issue) and is not a part of the MFCC process.
However, it is shown in the figure as an indication of nature of the input data for the Preemphasis
stage. The goal of sampling and quantization (also called digitization) step is to convert the analog
signal to digital forms for further processing. The sampling rate is the number of samples taken
per second, while quantization is the process of representing real-valued numbers as integers. It is
worthy to indicate that the MFCC process is not invertible; it is impossible to get the signal back
from the set of MFCCs.
Input speech zignal

Sampling and Quantization
¥
Preemphasis
¥
Windowing
¥
Discrete Fourier Transform
¥
Mel Filter Bank
¥
Log of the Mel spectrum values
L J
Inverse Discrete Founer Transform
¥

Deeltas and Energy

v
MFCCs

Fig. 2. Extracting features using MFCC algorithm.

Reference [13] highlighted some reasons of MFCC popularity in parametric representation of the
spectrum as the follows. First, the calculation of these parameter leads to a source-filter separation.
Second, the parameters have an analytically tractable model. Third, experience proves that these
parameters work well in recognition applications. The following is a brief description of the tasks
to extract the speech features:

Preemphasis: Preemphasis is performed after the digitization step. It aims at increasing the

amplitude of high frequency bands and decrease the amplitudes of lower bands. That is, this stage

74



is to attain the high frequency formants that carry the relevant information. Without Preemphasis,
it might be difficult for the receiver to interpret the signal due to the suppression during the sound
production mechanism. Hence, the purpose of Preemphasis is to apply to the signal with the proper
weight sometime called alpha. The Preemphasis is also considered as noise reduction module as it
leaves the desired signal untouched, but reduces the noise power considerably.

Windowing: the preemphasised speech signal is subjected to the short-time Fourier transform
analysis with frame durations of 20~30ms, frame shifts overlap of around 10ms. In this stage, the
speech signal is analyzed to extract the stationary portion of speech using a window function,
which can be characterized by minimizing the discontinuities of the signal.

Discrete Fourier Transform: This stage is the basis of spectral analysis to extract the speech
features based on magnitude spectrum computation. It is performed by decomposing an N point
time domain signal to obtain the magnitude frequency response of each frame. That is, it calculate
the N frequency spectra corresponding to the N time domain signals

Mel Filter Bank: Computing the mel-frequency spectrum is performed after the discrete Fourier
transform by passing the spectrum through Mel-Filters to obtain Mel-Spectrum. To produce the
filter-bank energies, a number of triangular filters are used that are uniformly spaced on the mel
scale between lower and upper frequency. It is used to approximate the frequency resolution of the
human ear. That is, the Mel scale approximates the sensitivity of the human ear. The Mel frequency
scale is linear up to 1000 Hz and logarithmic thereafter.

Log of the Mel spectrum values: The range of the values generated by the Mel filter bank is
reduced by replacing each value by its natural logarithm. This is done to make the statistical
distribution of the spectrum approximately Gaussian.

Inverse Discrete Fourier Transform: This transform is used to compress the spectral information
into a set of low order coefficients. This representation is called the Mel-cepstrum.

Deltas and Energy: the previous step provides the 12 cepstral coefficient for each frame. This step
is to add the 13" feature: the energy from the frame. It is useful to identify phone identity.

To explain the output of the MFCC algorithm, we used a small speech file that contains a single
word “se~¥”” that means “stocks”. The speech waveform of this word is shown in Fig. 3. In addition,
the spectrogram of this word is shown in Fig. 4. The spectrogram is a visualization tool that is used

to understand the information in the signal using time and frequency. Acoustic phones and their

75



properties are better observed in spectrogram. The spectrogram representation of the speech signal
is based on short-time Fourier analysis. In the spectrogram, if gray scale is used, the higher the
amplitude (the energy), the darker the corresponding region. However, if color scale is used, the

blue represents the low energy while the red parts represents high energy [14].

R ] ; o s
B oeticis

Fig. 3. A speech signal waveform of the Arabic single word “as’hum”.

Freguency

025 03

Fig. 4. The spectrogram of a single Arbic word speech file “as’hum”.

The HTK system was used to extract the MFCC speech features of the single word speech file that
is represented in Fig. 3. The speech file is of length 0.323 seconds and uses a sampling rate of 16
kHz with 16-bit quantization for each sample. Table | shows the first 12-order of the MFCC
coefficients after completing the feature extraction process. Each column represents the 13 features

(the 13" feature is the energy from the frame) of a 25 milliseconds frame.

TABLE I. MFCC OF A SINGLE WORD SPEECH FILE
Frame
Feature 1 2 3 4=>29 30

1 -1.81965 -3.15548 -3.76447 1.40033
2 -3.10861 -7.92128 -9.68467 1.19619
3 1.95010 -2.75036 -4.08556 2.44150
4 -12.21996 | -14.16043 -15.84370 -8.50239
5 -8.21085 -10.14035 -13.00282 -11.45462
6 -14.98533 | -13.45490 -17.62610 -0.93472
7 -22.24395 | -23.61402 -13.59459 -10.85606
8 2.53291 -1.30409 10.01444 -4,10245
9 -8.75291 -14.95345 -3.51132 -15.78435
10 -7.62615 -4.33472 -2.60953 -13.07826
11 -4.17761 -6.58369 -8.04277 3.56489
12 -8.05171 -7.96873 -10.30831 -7.61198
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| 13 | 80.21140 | 83.59767 | 86.78981 | ... | 76.75751 |

The extracted MFCC speech features shown in Table | were extracted using the HTK-HCopy
command and the default parameters [2] shown in Table Il. A configuration file (generally called
config) is needed which specifies all of the conversion parameters. The HCopy command is used

as the following, supposing that the input speech file is “sample.wav’:

HCopy -C config.txt sample.wav sample.mfc

However, the HCopy command creates a binary file (special format non-text file) that contains
the MFCC data. Therefore, another option to obtain the MFCC data in textual form is by using
HTK-HList command as the following:

HList -C config.txt -r sample.wawv

TABLE II. TYPICAL HTK SETTINGS — CONFIGURATION FILE

Coding parameters Comments

SOURCEFORMAT = WAV
TARGETKIND = MFCC_0
TARGETRATE = 100000.0
SAVECOMPRESSED =T
SAVEWITHCRC =T
WINDOWSIZE = 250000.0
USEHAMMING =T
PREEMCOEF = 0.97
NUMCHANS = 26
CEPLIFTER =22
NUMCEPS = 12

The format of the source file

Cepstral Co coefficient appended

10ms frame rate

Save the output file in compressed form
Attach a checksum to output parameter file
25ms window

Use a Hamming window

Set pre-emphasis coefficient

Number of filterbank channels

Cepstral liftering coefficient

Number of cepstral parameters

4. Speech Features Challenges

Based on a thorough review of the Arabic speech recognition literature, it is observed that MFCC
is extensively used in the most of Arabic ASR studies. Table Il shows some of the previous

studies. However, some of the studies employ other feature extraction method such as the first
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work in Table I11. in the table, the LPCC is the shorthand of linear prediction spectrum coefficients,
which is one of the famous speech features extraction method. As illustrated, the information in
the table belongs to two main categories of speech recognition; the isolated and the continuous
speech recognition. Table 111 also reveals that Arabic speech recognition is in row stages as the
most of works depend on off-the-shelf tools (MFCC based tools), which reduce the opportunities
to investigate different speech features as well as reduce the opportunity to present innovative
ideas (i.e. featuring new methods).

TABLE Il PREVIOUS STUDIES EMPLOYING MFCC
Isolated speech (digits or control command)

Reference Year Features
[15] 2001 LPCC
[16] 2003 MFCC
[17] 2003 MFCC
[18] 2006 MFCC
[19] 2007 MFCC
[5] 2007 MFCC
[19] 2008 MFCC
[21] 2008 MFCC
[22] 2009 MFCC

Continuous speech

Reference Year Features
[23] 2007 MFCC
[24] 2008 MFCC
[25] 2010 MFCC
[26] 2011 MFCC
[27] 2011 MFCC
[28] 2012 MFCC
[29] 2012 MFCC
[30] 2017 MFCC

5. Conclusion

This study demonstrates the MFCC speech features extraction method as one of the most
commonly used in ASR systems. Compared to other speech features extraction methods, MFCC
is standard choice for front-end feature in state-of-the-art ASR systems. According to our best
knowledge and the review that we performed on the previous studies of Arabic ASR, we found
that MFCC dominates the works in this field. We employed the HTK system to demonstrate the
extraction process of MFCC speech feature vectors of a simple speech file. As a future work, it is
worth to continue this work by conducting a practical research to compare MFCC with other
methods such as LPCC and PLP.
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CHAPTER 8:

LANGUAGE MODELING TOOLKITS FOR ARABIC TEXT

1. Introduction

Language models (LMs) are of significant contribution to the performance of natural language
processing (NLP) systems such as automatic speech recognition (ASR) and machine translation.
LMs have been successfully applied in different linguistic applications such as Part-of-Speech
(PoS) tagging, parsing, information retrieval, spell correction, summarization, etc. In particular,
LM is a critical component in linguistic applications that produce sequences of words as output.
In the last decades, extensive research has been devoted to promote new techniques to compile
LMs as well as to address some challenges such as missing some of n-grams. In speech recognition,
the ASR decoder uses the information that is provided in the LM to find the best possible word
sequence of the testing speech for transcription purpose. In general, it is extremely important for
the language applications to have the ability to predict the next word given the previous word(s),
or the history.

LMs can be either probabilistic or non-probabilistic. The probabilistic LMs are known as statistical
LMs, such as N-grams, while the non-probabilistic is known as “any-word” grammar. Any-word
grammar does not use probabilities for words. It is unconstraint grammar that leads to very poor
accuracy in continuous ASR systems. That is, any-word grammar relies entirely on the acoustic
model. On the other hand, statistical language model is based on computing the probabilities of all
word combinations (i.e. all possible word sequences) in the training source text. Statistical
language models are generally demonstrated using ARPA format textual files that include the
statistical estimation of the desired N-grams, typical up to 3-grams. No doubt, compiling a
statistical language model requires a large number of words from different textual resources. In
addition, the data should not be too specific to a particular domain; otherwise, it will not generalize

well to the sentences in question.
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During ASR decoding, the recognizer employs the language model to transcribe speech files using
the acoustic model and the dictionary (vocabulary). Hence, the most likely hypothesis for each
testing speech file is generated as an output. Employing language models reinforces the speech
recognition accuracy as the more you can constrain the range of possible utterances, the more
accurate the recognizer will be. Based on the information that is provided in the N-grams, the

probability of a words sequence is computed using the following formula [1]:

Pewp) = [ [Pwlw)
k=1

Where n is limited to include the words’ history. Hence, the Chain Rule applied to compute joint
probability of words in sentence. LMs utilize Markov assumption to simplify data estimation. For
instance, for n=2, the bigram is calculated for the words sequence as follows:
P(wywy) = P(wy [wy)P(wy)

This work aims at demonstrating the process of computing the N-grams for small Arabic text
corpus that contains five sentences using two well-known toolkits. The toolkits are the Carnegie
Mellon University (CMU) -Cambridge language modeling toolkit [2] and the Cambridge
University Hidden Markov Model Toolkit (HTK) language modeling tools [3]. Of course, there
are other popular tools such as the SRI Language Modeling Toolkit (SRILM) [4]. For clarification,
we demonstrate all intermediate steps that are required to produce the language models, which
include model estimation using the training data. This work also demonstrates some grammars that
are mainly used for isolated words such as digits and control commands. The implementation
requires to run the command line under UNIX. In this work we used Cygwin which is a Unix-like
environment for Microsoft Windows.

In next section, we present the literate review. In section 3, we present the grammars followed by
the background of N-gram language models in section 4. In section 5, we present HTK toolKits

followed by CMU-Cambridge toolkits in section 6. Finally, we conclude in section 7.

2. Literature Review
The literature shows that LMs have been exploited in many linguistic applications. For instances,
Reference [5] used CMU-Cambridge language modeling toolkit LM for continuous Arabic ASR.
Reference [6] augmented naive Bayes models with statistical N-gram language models to address

short-comings of the standard naive Bayes text classifier. Reference [7] proposed a model, called
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emoticon smoothed language model for Twitter sentiment analysis. Reference [8] investigated the
document categorization task with statistical language models. Reference [9] reported the benefits
of largescale statistical language modeling in machine translation. Reference [10] proposed to use
a new statistical language model that is based on a continuous representation of the words in the
vocabulary for machine translation. Reference [11] employs statistical language models in
temporal action detection. Reference [12] explores recent advances in recurrent neural networks
for large scale language modeling. Reference [13] employs statistical LMs for large statistical
machine translation task. Reference [14] explores the application of neural LMs to machine

translation. Reference [15] employs LMs for text summarization.

3. Grammars
In this section, we demonstrate the grammars language models. Such grammars are simple that do
not have probabilities and are designed according to the information that is provided in the
corresponding application. That is, grammars mainly contain isolated words such as commands,
control words, and digits. However, grammars might allow sequences of words. Fig. 1 shows a
simple grammar for ten digits that can be used in continuous speech recognition to choose one or

more words from the list. The grammar is written using JSSGF format as shown in Fig. 1.

#JSGF V1.0;
grammar myGrammar;
public <command> = <word>* ;

<word> =( One | Two | Three | ... | Ten);

Another form of the ten digits grammar
$WORD = (One | Two | Three | ... | Ten);
($WORD)

Fig. 5. A part of any-word grammar for ten digits

Grammars are usually written by hand or it can be generated using a program. Despite most of
grammars do not use probabilities, however, some elements might be weighted. In fact, grammars
are rarely used in ASR systems since the probabilistic models of a language is more useful than

the hard models (i.e. grammars) of the legal sentences in the languages.
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4. N-grams Language Models
Statistical N-grams language models are the most widely used language model in speech
recognition. That is, the goal of LM is to compute the probability of a sentence or sequence of
words. The most likely sequence of words is estimated, given the speech feature vectors, is given

by [1]:

o pPOwW)P(W)
w = arv%rélLax P(O)

Where w is the most likely recognized words, P(O|W) is the probability of the feature vectors,

= argmax P(O|W)P(W)
WeL

given a sequence of words that is computed using the acoustic model, P(W) is the probability of
the words sequence that is computed using the language model. P(0) is the probability of the
acoustic observation sequence and can be ignored. Hence, the statistical language model has to be
computed at the first place in order to decode the testing speech files in ASR systems. The
statistical N-grams language model is trained by counting N-grams occurrences in a large
transcription corpus to be then smoothed and normalized. N-gram models can be trained by

counting and normalizing. The following formula is used to estimate the N-grams parameter [1]:

Count(WEZj  wy)

Pwn|wi=ha) = Count (Wi~ %,

One major problem in LMs is unseen words or n-grams that are found in the testing set while, at
the same time, out of vocabulary. Accordingly, a probability of 0.0 is given to the items that are
not seen in the training data. That is, not all n-grams will be present (i.e. not observed) in the
training data. One solution is smoothing by assigning non-zero or small probabilities to unseen n-
grams in which all word sequences can occur with some probability. Hence, smoothing provides
a better way of estimating the probability of zero frequency n-grams which never occur in order
to produce generalized LMs. Smoothing is also called discounting. When creating a language
model, it is more efficient to use log probabilities rather than actual probabilities due to the risk of
numerical underflow especially in very long strings. It is also efficient in ASR decoding algorithm
such as Viterbi algorithm.

Creating an N-grams language model follows three main steps that are: compute the word unigram
counts, convert the word unigram counts into a vocabulary list, and generate bigram and trigram
(or more) tables based on this vocabulary. As a preprocessing step, it is must to include special

words such as <s> to indicate for the “start of sentence” and the </s> to indicate for the “end of
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the sentence”. CMU-Cambridge toolkits uses <UNK> token to indicate for unknown words
whereas HTK toolkits uses '"UNK for the same purpose. In order to demonstrate the process to
create a statistical language model for Arabic text, we prepared a small set that contains five
sentences to demonstrate the required steps. The training data set is shown in Fig. 2. The sentences

include 22 unique words.
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Fig. 6. A small corpus tha contains three sentences

5. The HTK Toolkits

HTK provides two approaches to generate N-grams. The first method employs HLStats function,
which is used exclusively to computer bigram language model (i.e., 2-grams). The words

probabilities is computed using the following formula [16]:

SN _((N@GH-D)/N@ if NG >t
p(.J) _{ b@)p() otherwise

Where N(i,j) is the number of times word j follows word i and N (i) is the number of times that
word i appears. D is the discount constant that has a default value 0.5. t is a threshold that is used
to ensure that all bigram probabilities for a given history sum to one. The LMs that is generated
using HLStats use probabilities as base-10 logs.

The second method implements a series of functions to computer N-grams. In this work, we
implement the second method that is demonstrated by HTK toolkit in [16] to compute N-grams
for general N-grams. That is, it is not restricted for bigram as the case in HLStats method.
However, the second method is not one command as the case in HLStats, but it requires several
steps to compute N-grams as the following [16]: LNewMap to prepare an initial empty word map
file. This can help to add future n-gram files without having to rebuild existing ones. The created
word map file contains just a header and no words. LGPrep to process the training text data to
produce all newly encountered words and the identifiers that the tool has assigned them. LGList

contains the collected N-grams (3-grams in our case) as shown in Fig. 3.
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3-Gram File holmes.0/gram.0[30 entries]:
Text Source: LM

<5> ] -1
. <S> ga i -1
</5> . <s5> : 2
<S> &b 43 adl 1
<s> g e 3 Llas 59| 1
<5> A3 olbabs 11 -1
NES pad 3Ll 3| 1
3 Las 5Y | a1 </s> 1
2 Lai 3y et sidl 1
2 lai 39 s lls pal=5 0l g 1
@3 L 5| Zdgalld </s> 1
e e sl -1
) NIy ) 1
Bl 3 Ll 59 oz a bl 2
a3 0l g pal=i 1l 4 </5> -1
padai gl g </5> . 1
PN ol sl 0 Ol 3 Sie -1
PESEa &y a1l 52 Lead 39 1
30 ngram entries printed

Fig. 7. A part of the the 3-grams in the triaing data

LGCopy is employed to derive a sequenced set of N-grams files. The word list should be supplied
in a spate file that contains the system’s vocabulary. The unknown word symbol defaults to '"UNK.
LGList saves the new word map containing the new class symbols (I'UNK in this case) and only
words in the vocabulary. LFoF produces a frequency of frequency (FoF) table for the chosen
vocabulary list. Finally, LBuild builds the actual language model. Fig. 4 shows a part of the
generated 3-grams language model using ARPA format.

The 3-grams shows in Fig. 4 shows the contents of the N-grams language model along with the
corresponding probabilities of the 1-grams cases (23 unigrams), 2-grams cases (contains 4
bigrams), and 3-grams cases (2 trigrams). The ARPA format shown in Fig. 4 is the language model
form that is generally used in in speech recognition systems. In Fig. 4, the probabilities (in term of
logio) are stored on the left of the n-grams while the back-off weight (in terms of logio) is stored
on the right of the word(s).
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Zdatah
ngram 1=23
ngram 2=4
ngram 3=2
Vl-grams:

-1.1614 !'!'UNK -2.0000
-1.1614 </s> -1.9690
-99.9900 <s>
~1.4624 |»!

-0.9853 slaisyl -0.4375
~1.4624 soLlaisyl

-1.1614 5.5 -1.5526
—1.4624 a3l
~1.4624 palasilly
-1.4624 a3,,

-1.4624 45,

\Z—grams:

—-0.0044 !'!'UNK <s>

-0.0044 </s> !!UNK +0.0000
~0.1805 slaisil dxall
~0.0044 5o 2Lax3yl -1.5315

“3-grams:

-0.0044 </s> !!UNK <s>
—0.0044 505 sLaid¥l el
hendh,

Fig. 8. A part of the 3-grams using HTK toolkit

6. The CMU-Cambridge Toolkits
We used the CMU-Cambridge toolkit to compute the N-grams for the dataset that is described in
section 4. In particular, we computer the 1-grams, 2-grams, and the 3-grams. The CMU-
Cambridge toolkit uses the following five commands to produce the LM dump file: text2wfreq,
wfreg2vocab, text2zidngram , idngram2Im, Im3g2dmp [17]. The outputs of the previous commads

are shown in Fig. 5.

text2wfreq wfreq2vocab text2idngram
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asyidlae 1 1) </s> 12131
J=t 1 2) <s> 12181
aa 1 3) sl 213 111
P B 4) 3Lai3yl 218 41
0w 2 5) 3 Llaisyl 22111
sitl 1 6) Jlsedl 318 41
bas 2 7)o Llaslall 41011
_ - 410 81
& 1 8) il 419 20 1
<5> 3 9) &ymall
i 51511
ol 3€ie. 1 10) dsadl
Jlsedl 1 11) 1oyt ii.l’,f 61
solaisyl 1 12) palis 12 14 4 1
oboiladl 1 13) e 13 11 17 1
prlas 1 14) 3 14 4 19 1
prdzifly 1 15) alpald 16 12 14 1
olaidyl 3 16) ol 351 17 3 18 1
Aymall 1 17) g 17 6 17 1
a2 18) a5 15 4 10 2
e 1 19) auyill, 19 20 1 1
Lojaedl 1 20) palaill g 201 2 1
id,t 1 21) EFY) 21 7 1le 1
</5> 3 22) e 22551

Fig. 9. The outpus of three commands to generat LM

The descriptions of the CMU-Cambridge toolkits command is as follows: text2wfreq: list of every
word which occurred in the text, along with its number of occurrences. wfreq2vocab: a vocabulary
file. text2idngram: list of every id n-gram which occurred in the text, along with its number of
occurrences. idngram2Im : a language model, in either binary format, or in ARPA format.
Im3g2dmp: convert the language model file from ARPA format to DMP format. Fig. 6 shows the
outputs of the previous commands. This is a 3-gram language model, based on a vocabulary of 22
words. We highlight that the output of the text2idngram command is the 3-grams occurred in the
source text. For instance, the sequence 18 4 10 reprents the trigram “Jsall 2L=#¥) 5” and it occurs
two times as indicated in the Fig. 5, the right colmun.

The ARPA-standard format LM that is shown in Fig. 6 contains 23 items of the 1-grams, 26 items
of 2-gram, and 28 item of the 3-grams. For each n-gram, the value on the left represents the actual
probability while the value on the right represents the back-off weights. According to the LM in
Fig. 6, the actual probability of the word “:sL.=#¥” is -0.9853 (in logio format). The probability in
standard from is 10°9853=0.101. The LM also shows that the probability of the 3-gram * s.as¥l sa
s> is greater than the 3-gram “« s glilall &855” as the actual probability of the first 3-gram is

(101761 0.6666 while the prbability of the second 3-gram is almost zero (10°9%99%0),
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“datah

ngram 1=23

ngram 2=2&

ngram 3=28

\Nl-grams:

—1.5168 <UNE> 0.0000

-1.1614 </s> -0.4297
~0.9853 <s> 0.0604
—1.51638 -l 0.0310

—0.59853 osLasisyl -0.4317

~1.5168 234 0.0134
-1.51868 5= 0.0134
\Z-—grams:

—0.1761 </s> <s> 0.0000
—-99.99%0 <s> &z» 0.0000

-99.9590 auleilly </s5> 0.4771
—99.9990 a3, gluslxil 0.0000
-99.9990 .32, Sy=all 0.0000
\I-grams:

—-89.889590 </s> <5> &>

—-5895.59950 </s5> <5> aa
—99.9990 <5> za aojall

—0.1761 se5 2laidil _lxall
—99.9990 a3 0ly paleilly </sS>
—88.88080 puleidly </5> <5>
—99.8890 alss pluslall ol ;53
—89.9980 .52 Symall solai 5|
end'

Fig. 10. A part of the the 3-grams using CMU-Cambridge toolKkit

Perplexity are the most common metrics used to evaluate N-grams LM. Perplexity is defined in
terms of the inverse of the average log likelihood per word. It is an indication of the average
number of words that can follow a given word, a measure of the predictive power of the language
model. It is a way to measure the quality of a model independent of any NLP system. The lower

perplexity system is considered better than one of higher perplexity. The perplexity formula is:

1
P(wl,w2,...,wy)

PP(W) = N\/

Where PP is the perplexity, P is the probability of the word set to be tested W=w1, w2, ... , wn,
and N is the total number of words in the testing set. Since we used a very small data set, we did

not evaluate the perplexity in this work.

7. Conclusion
This study demonstrates two well-known LMs toolkits; the CMU-Cambridge and HTK toolKkits.

We used a small data set to demonstrate the steps to compute N-grams. We also highlight the basic
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concepts of the grammars language models that is rarely used in NLP systems. As a future work,

we recommend to investigate new research directions to run NLP systems while skipping the

language models. That is, evaluating the performance if we employ an ASR system that entirely

use acoustic models.
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CHAPTER 9:
MARKOYV CHAIN MODELS IN LINGUISTICS

1. Introduction
Markov chains theory is increasingly being adopted in real-world computing applications since it
provides a convenient way for modeling temporal, time-series data. At each clock tick, the system
moves into a new state that can be the same as the previous one. A Markov chain model is a
mathematical tool that capture the patterns dependencies in pattern recognition systems. For this
reason, Markov chain theory is appropriate in natural langue processing (NLP) where it is naturally

characterized by dependencies between patterns such as characters or words.

Markov chains are directed graphs (a graphical model) that are generally used with relatively long
data sequences for data-mining tasks. Such tasks include prediction, classification, clustering,
pattern discovery, software testing, multimedia analysis, networks, etc. Reference [1] indicated
that there are two reasons of Markov chains popularity; very rich in mathematical structure and
work well in practice for several important applications. Hidden Markov models (HMM) is an

extension of Markov chains that used to find the hidden system’s states based on the observations.

In order to facilitate the research in this direction, this study provides a survey of this so popular
data modeling technique. However, because of the wide range of the research domains that use
this technique. We specifically focus on the linguistics related applications. Reference [2] list some
domains that utilize Markov chains theory which include: physics, chemistry, testing, speech
recognition, information sciences, queueing theory, internet applications, statistics, economics and
finance, social sciences, mathematical biology, genetics, games, music, baseball, Markov text
generators, bioinformatics. Reference [3] lists the five greatest applications of Markov chains that
include Scherr’s application to computer performance evaluation, Brin and Page’s application to
PageRank and Web Search, Baum’s application to HMM, Shannon’s application to information

theory, and Markov’s application to Eugeny Onegin.

This study is organized as follows. The next section presents a background of Markov chains
theory. Section 3 highlights the main concepts of HMM followed by a literature review of
Markov chains and HMM in section 4. Finally, we conclude in section 5.
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2. Markov Chains

Markov chains are quite useful in modeling computational linguistics. A Markov chain is a
memoryless stochastic model that describes the behaviour of an integer-valued random process.
The behaviour is the simple form of dependency in which the next state (or event) depends only
on the current state. According to [4], a random process is said to be Markov if the future of the
process, given the present, is independent of the past. To describe the transitions between states, a
transition diagram is used to describe the model and the probabilities of going from one state to
another. For example, Figure 1 shows a Markov chain diagram with three states (Easy, Ok, and
Hard) that belong to exam cases (i.e. states). In the figure, each arc represents the probability value

for transition from one state to another.

o

Easy +—————+ Hard
Figure 1. A Simple Markov chain with three states

The Markov chain diagrams are generally represented using state transition matrices that denote
the transition probabilities from one state to another. Hence, a state transition matrix is created
using the entire states in the system. For example, if a particular textual application has a training
data that contains N states (e.g. the size of lexicon), then the state transition matrix is described by
a matrix A= {aij} of size N*N. In matrix A, the element aij denote the transition probability from
a state i to a state j. Table 1 shows how the state transition matrix used to characterize the Markov
diagram shown in Figure 1. That is, the matrix carries the state transitions probabilities between
the involved states (Easy, Ok, and Hard). For illustration, the P(E|H) denote to the probability of

the next exam to be Easy given that the previous exam was Hard.
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Table 2. A state transition matrix of three states

Next Exam
State Easy (E) Ok (O) | Hard (H)
Easy (E) P(E|E) P(O[E) P(HIE)
Previous Exam | Ok (O) P(E|O) P(O|O) P(H|O)
Hard (H) P(E[H) P(O[H) P(H|H)

In Table 1, the sum of the probability values at each row is 1 as the the sum of the probabilities
coming out of each node should be 1. Hence, P(E|E)+P(O|E)+P(P(H|E) equal 1. Markov chain is
a worthy topic that has many details. For examples, it contains discrete-time, continuous-time,
time-reversed, reversible, and irreducible Markov chains. The case shown in Figure 1 is irreducible
case, also called ergodic, where it is possible to go from every state to every state.To illustrate a
simple Markov chain data model, a small data set contains two English sentences used to create a
transition matrix based on the neighbouring characters sequences. The sentences are inspirational

English quotes picked from [5]:

(1) Power perceived is power achieved. (2) If you come to a fork in the road, take it.

Figure 2 shows the transition matrix of these quotes by counting the total number of occurrences
of the adjacent two character sequences. It is a 19 x 19 matrix where the value 19 is the total
number of unique characters appeared in the sentences (i.e the two quotes). In this example,
creating transition matrix is case insensitive where D is same as d, as an example. In addition, a
space between two words discarded and not considered in the transition matrix. Figure 2 also
shows that the maximum number in the matrix’s entries is 3 (a highlighted underlined value) which
means that moving from character e to r (e=>»r) is the most frequently sequence appeared in this

small corpus. The words that contains this sequence are :{ Power (two times) and perceived}.
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acdefhikmnoprstuwvwy
a 01100001 000000000©0 00
c 0O0O0C101000010000000 0
d OOODODOO00O0OO0O00O0OODODODOOOD
e 0020001000003 000100
f OOOOOODODO0OOO0OD1000DO0O0O00D
h 000100100000000000O0 O
I 0001100001 000110100
k OO0O1000000000O0O0ODODODOO0OD
mO0001000000CO0C0CO0CO0CO0ODO0ODO0O0O O
n 0O00CO0CO0O0CODO0OODOO0OCODOO0OO0ODO0ODO0ODO O
o 1000000010001 0010 2 0
p 0O0C0C10000O0DO0C200000000
r 01000001 00100000000
s 0O0OOCOOCOCOOODOOODOOODOOOOO
t 10000100001 0000000 0
u 00O0CO0OCO0OO0COOODOODODODOODO0ODODO OO
v 000200000000 0COQOQOO0ODO0ODO0O OO
w 0002000000000 00O0O0CO0 O
y 0O00O0CO0CO0O0CODOO0OC1000000O0 OO0

Figure 2. A transition matrix of two characters sequences

Based on the information provided in the transition matrix shown in Figure 2. It is possible to
answer some questions related to the given data collection. Among inquires, what is the total
number of the two characters sequences appeared in the given data set? What are the two characters
sequences that did not appear in the data collection? What is the least frequently two characters
sequences in the data set? Accordingly, Markov chains are used as prediction systems such as
weather forecasting. Therefore, it is possible to predict the tomorrow’s weather according to the
today’s weather. For example, if we have two states (Sunny, Rainy), and the requirement is to find
the probability P(Sunny|Rainy), Markov chains make it possible based on the information
provided in the probability transition matrix. Another example of the using Markov chains is
banking industry. A big portfolio of banks is based on loans. Therefore, Markov chains are used
to classify loans to different states such as Good, Risky, and Bad loans.

For simplicity, the information presented in Figure 2 shows the transition matrix based on total
number of occurrences. Figure 3 shows the same information but using probabilities instead of the
number of occurrences. That is, it contains the probability of moving from one character to another.
As previously indicated, the sum of entries at each row is equal 1. In Figure 3, any matrix entry
that has 0 means that there is no transition at that case. Similarly, if the matrix entry is 1, it means
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that there is only one possible output of that state. For example, the character “0” comes after “y”,

(Y3}

and this is the only possible arc of the state “y”.

a c d e f h i k m n o p T 3 t u v Wy
a 0033 033 0 0 0 0 033 0 0 o o0 0 0 0 0 0 [
C o o0 0 033 0 033 0 0 0 0 0330 0 0 0 0 0 [
d o o0 0 0 0 0 0 0 0 0 o o0 0 0 0 0 0 [
e 0 0 029 0 0 0 014 0O 0 0 0 0043 0O 0 0 014 0 O
f o o0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 [
h 0o 0 0 0.5 0 0 0.5 0 0 0 0o 0 0O 0 0 0 0 0 0
i 0 0 0 017 017 0 o] o] 0 017 0o 0 0 017 0.17 0 0.17 0 0
k 0 0 0 1 0 0 0 0 0 0 0O 0 O 0 0 0 0 0 0
m 0 0 o] 1 0 0 o] o] o] 0 0O 0 O o] 0 o] o] 0 0
n 0 0 0 0 0 0 0 0 0 0 0O 0 O 0 0 0 0 0 0
o 017 O 0 0 0 0 0 0 017 0 0 0 017 O 0 017 0 033 0
p 0 0 0 033 0 0 0 0 0 0 067 0 O 0 0 0 0 0 0
r 0 0.33 0 0 0 0 0 033 0 0 032 0 O o] 0 0 0 0 0
5 o o0 0 0 0 0 0 0 0 0 o o0 0 0 0 0 0 [
t 033 0 0 0 0 033 0 0 0 0 0330 0 0 0 0 0 [
u o o0 0 0 0 0 0 0 0 0 o o0 0 0 0 0 0 [
v o o0 0 1 0 0 0 0 0 0 o o0 0 0 0 0 0 [
w o o0 0 1 0 0 0 0 0 0 o o0 0 0 0 0 0 [
¥ o o0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 [

Figure 3. A probability transition matrix of two characters sequences

3. Hidden Markov Models

Hidden Markov models (HMM) is an extension to Markov chains models as both used for temporal
data modeling. However, the difference is that the states in Markov chain models are directly
observed while they are hidden in the case of HMM. We explain the concept of HMM based on
Figure 1 that shows a three exam’s states Markov diagram. As a very simple example, supposed
that a student’s parents want to know the levels (i.e the difficulty) of their son’s exams, naturally,
it is possible to recognize the exam as Easy or Ok if the son feels Fine. Similarly, it is possible to
recognize the exam as Hard if the son looks Scared. From the parents’ point of view, the required
states (i.e. Easy, Ok, or Hard) are hidden. However, they directly observe the student’s reaction or
feeling. Hence, the parents might use the observed reaction as an indication to know the hidden
states. HMM is described using three matrices: the initial probability matrix, the observation

probability matrix, and the state transition matrix. Figure 4 shows a HMM diagram that shows the
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states and the observations. In the figure, each arc represents the probability between the states and

between the states and the observations.

L0

Easy f—r———=  Hard

Fine F | Scared

Figure 4. A HMM diagram with the transition and the observation arcs

Based on the information provided in the matrices, either Baum-Welch (also called any path) or
Viterbi (also called best path) algorithms used to find the probability scores during recognition
phase. Figure 5 shows the trellis diagram for exam states HMM. While Baum-Welch algorithm is
used to compute the recognitin probability of a sequence, Viterbi is used to find the best-state
sequence associated with the given observtatin, this procoss is also known as back-trakcing.
Hence, after computing the observations sequence probability and finding the maximum
probability (supposed the star in Figure 5), the Viterbi algorithm leads the process back to identify
the states (sources) from which the observations sequence have been emitted. In Figure 5, the
maximum probalities supposed to be achieved at the states shown using the dotted lines: Ok, Easy,
Hard, respectively.
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| States =1 | t=1 | = t=n |

soode 1] RoonE Ml

-
.
score 120 T, | soode ml

sonee 13 é : soicerE ma

Hard o 12
»
Observations =¥ Observation 1 Observation 2 | Observation n
Fine or Scaned Firse or Scaned Fine or Scared

Figure 5. Trellis diagram of three states HMM

4. Linguistic Applications
In the literature, there are quite many works on modeling content dependencies for linguistics
applications. Markov chain models and HMMs are of great interest to linguistic scholar who
primarily work on data sequences. Even though this study focuses on linguistic applications,
however, Markov chains used to model a variety of phenomena in different fields. The following
are some of studies employed Markov chains. We intentionally ignored the references as the

literature has too many studies employed Markov chains:

image processing, text and image compression, video segmentation ,forecasting,
networking, signal processing, communications, software testing, genetics, bioinformatics,

genome structure recognition, anomaly detection, tumour classification, water quality,

The following two subsections include some of the linguistic studies that utilized Markov chain
theory. Linguistic applications topics mainly include (but not limited) speech recognition,
speech emotion recognition, part-of-speech tagging, machine translation, text classification, text
summarization, optical character recognition (OCR), named entity recognition, question
answering, authorship attribution, etc. For the reader who interested in NLP, Reference [6] is a

good reference as it demonstrates a thorough study of NLP (Almost) from Scratch.
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4.1. Markov chains based research

The literature has a large number of studies that employ Markov chains for NLP applications. The
following are some linguistic related applications. Reference [7] proposed a word-dividing
algorithm based on statistical language models and Markov chain theory for Chinese speech
processing. Reference [8] presented a semantic indexing Markov chains algorithm that uses both
audio and visual information for event detection in soccer programs. Reference [9] investigated
the use of Markov Chains and sequence kernels for the task of authorship attribution. Reference
[10] implemented a probabilistic framework for support vector machine (SVM) that allows for
automatic tuning of the penalty coefficient parameters and the kernel parameters via Markov chain
for web searching via text categorization. Reference [11] demonstrated an automatic video
annotation using multimodal Dirichlet process mixture model by collecting samples from the
corresponding Markov chain. Reference [12] used a linguistic steganography detection method
based on Markov chain models. Reference [13] showed how probabilistic Markov chain models

can be used to detect topical structure in large text corpora.

Reference [14] proposed a method of recognizing location names from Chinese texts based on
Max-Margin Markov Network. Reference [15] utilized Markov chain and statistical language
models in a linguistic steganography detection algorithm. Reference [16] proposed a Markov chain
based algorithm for Chinese word segmentation. Reference [17] presented two new textual feature
selection methods based on Markov chains rank aggregation techniques. Reference [18] proposed
a Markov chain model for radical descriptors in Arabic Text Mining. Reference [19] presented
statistical Markov chain models for the distributions of words in text lines. Reference [20]
proposed a method for handwritten Chinese/Japanese text (character string) recognition based on
semi-Markov conditional random fields (semi-CRFs). Reference [21] presented a Markov chain
method to find authorship attribution on relational data between function words. Reference [22]
utilized a probabilistic Markov chain model to infer the location of Twitter users. Reference [23]
proposed a Markov chain based technique to determine the number of clusters of a corpus of short-
text documents. Reference [24] proposed a Markov chain based method for digital document
authentication. Reference [25] used Markov chain for authorship attribution in Arabic poetry.
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4.2. Hidden Markov models based research

Linguistic HMM based research has been for long an active research area due to the rapid
development in NLP applications. The literature has many studies as follows. Reference [26]
proposed to extract acronyms and their meaning from unstructured text as a stochastic process
using HMM. Reference [27] proposed a morphological segmentation method with HMM method
for Mongolian. Reference [28] employed HMM for Arabic handwritten word recognition based
on HMM. Reference [29] presented a scheme for off-line recognition of large-set handwritten
characters in the framework of the first-order HMMs. Reference [30] proposed the use of hybrid
HMM/Artificial Neural Network (ANN) models for recognizing unconstrained offline

handwritten texts. Reference [31] used HMMs for recognizing Farsi handwritten words.

Reference [32] describes recent advances in HMM based OCR for machine-printed Arabic
documents. Reference [33] proposed a HMM based method for named entity recognition.
Reference [34] combined text classification and HMM techniques for structuring randomized
clinical trial abstracts. Reference [35] employed HMM for medical text classification. Reference
[36] propose text (sequences of pages) categorization architecture based on HMM. Reference [37]
described a model for machine translation based on first-order HMM. Reference [38] introduced
speech emotion recognition by use of HMM. Reference [39] presented a HMM based method for
speech emotion recognition. Reference [40] discussed the role of HMM in speech recognition.
Reference [41] indicated that almost all present day large vocabulary continuous speech
recognition (LVCSR) systems based on HMMs. Reference [42] presented a text summarization
method based on HMM. Reference [43] presented a method for summarizing speech documents
using HMM. Reference [44] used HMM for part-of-speech tagging task. Reference [45] presented
a second-order approximation of HMM for part-of-speech tagging task.

5. Conclusions
This work demonstrates the potential and the size of Markov chains research. The study reveals
that the Markov chain and HMM is of high important for linguistic applications. Similarly, Markov
chains are also widely used in many other applications. For future work, it worthy to explore the

power of Markov chain in new linguistic and scientific directions with more details.
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CHAPTER 10:
PERFORMANCE EVALUATION OF SPOKEN ARABIC LANGUAGE
SPEECH RECOGNIZERS

1. Introduction

Arabic is the most widely spoken Semitic language today that recently has received
significant attention for automatic speech recognition (ASR). ASR is a component of the
natural language processing (NLP), which is used to automate the communication process
between human and machine, i.e., the man-machine interaction. In this regard, much research
has been devoted to introducing innovative technologies in dialogue systems for automation
purposes (e.g., banking services, cars, control machines, etc.). However, employing ASR
technology in Arabic NLP applications is still limited due to various challenges about within
the Arabic language itself. For instance, it is difficult to obtain corpora for dialects that are
spoken rather than written, i.e., there is no common writing standard, difficulty in obtaining
asizable diacritized text as Arabic allows writing without diacritics, and an enormous number
of word forms due to the morphology richness of Arabic. In fact, one of the most difficult
tasks in Arabic ASR is preparing a large diacritized text for ASR systems, which is a time-
consuming preprocessing stage. In order to promote research on the Arabic ASR, we
considered the corpora availability problem by producing a manually diacritized large-
vocabulary speaker-independent continuous speech corpus for Modern Standard Arabic
(MSA). The contents of the prepared corpus belong to general broadcast news.

In this work, we used the prepared corpus for an experimental evaluation of two off-the-shelf
open source speech recognition toolkits, namely the Carnegie Mellon University (CMU)
Sphinx [1] and the Hidden Markov Model Toolkit (HTK) [2]. In fact, it is important to find
the performance of the popular speech engines using an identical speech collection because
it reveals the unique characteristics of each engine for further understanding of their behavior
in NLP and ASR applications. With the growing interest in ASR technology, it becomes
more important to evaluate recent ASR systems in order to find the best-suited system for

the tasks in question. For instance, the study in [3] demonstrated a large-scale evaluation of
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open-source speech recognition toolkits that include Sphinx, HTK, and Kaldi [4]. The study
in [3] indicated that Kaldi is better than Sphinx and HTK in terms of results and training
recipes (for the German and English languages).

The work with the Arabic ASR considers one of two textual formats, either Arabic
characters or Roman characters. Accordingly, there are two main approaches to address the
training with Arabic text. The first approach considers using Arabic alphabet characters such
as the Sphinx recognizer; the second approach uses Roman characters such as the HTK
recognizer. It is sometimes required to convert Arabic characters into Roman characters,
especially when recognizers assume that ASCII is used to write the training textual files
rather than Unicode. HTK expects Roman characters, which means that Romanization of the
Arabic ASR tasks must be completed. From the ASR point of view, Romanization means
that the recognizer is trained on the Romanized transcriptions of the data. In general,
choosing a recognizer on the basis of accepting Arabic characters should have no difference
in performance since the core of the algorithms of training and decoding are the same in the
different ASR engines. One purpose of this work is to evaluate the performance using the
Sphinx and HTK recognizers. Therefore, we choose Buckwalter (BW) transliteration for the
Romanization process in the HTK recognizer. There are many character options for
Romanization; however, BW transliteration [5] is a good option for Romanization as it has
the following two advantages: namely, it is popular, so the data can be easily made available
to others as well as making it possible to use the data of other people.

In this study, we demonstrate an experimental evaluation of two cases; the Arabic
character-based recognizer is the CMU Sphinx (PocketSphinx decoder), and the Roman
character-based recognizer is the HTK version 3.4.1 (HVite decoder). However, the HTK
toolkit has another famous decoder, which is ‘HDecode’, but in this work, we used HVite.
As future work, we will aim at implementing HDecode for the Arabic ASR. The CMU
Sphinx toolkit includes the latest available releases as follows: ‘Sphinxbase — SPrealpha’,
‘PocketSphinx - Sprealpha’, and ‘SphinxTrain - Sprealpha’. For the experiments, we used a
new “in-house” continuous speech corpus that contains 15.94 hours of MSA speech. The
training set contains 12.74 hours (1,611 speech files), while the testing set contains 3.19 hours

(403 speech files). This study also presents the intermediate steps to train the models as well
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as the Romanization process. For fairness in the comparison, we emphasized that the training
set and the testing set are identical in both systems (i.e., the same wave files, the same
diacritized text, and the same phonemes set but with different symbols). Based on our best
knowledge, this is the first attempt to experimentally compare the Sphinx and HTK
recognizers for continuous Arabic speech.

This study is organized as follows: Section 2 presents the literature review. In Section 3,
we present the phonemes and the pronunciation dictionary. The language models are
explained in Section 4. The implementation and the results of the PocketSphinx and HTK

recognizers are presented in Section 5, followed by the conclusion in Section 6.

2. Literature Review

Textual training data are an essential part of any speech corpus as they represent speech
transcription. However, not all open-source recognizers can handle Arabic characters, which
may lead to complications in ASR implementation. In fact, most of the current recognizers
are designed for the English language, which is sometimes not compatible with the Arabic
language due to the character representations. The literature shows that two types of textual
data are used according to the employed recognizer. If the used recognizer supports Arabic
characters, then it is straightforward to use the Arabic characters. However, if the recognizer
cannot handle the Arabic characters, then the choice is to consider Romanization. In general,
Arabic ASR researchers use either Sphinx or HTK for the recognition task. However, no
single work presents a comparison between both systems, which is the motivation of this
work. Based on the literature, most Arabic ASR studies employ the CMU sphinx engine
because it is compatible with Arabic characters. However, few works have used the HTK
engine based on Romanization. For instance, previous studies that used the CMU Sphinx are
as follows: Hyassat and Abu Zitar in [6] employed Sphinx tools for the Holy Quran speech
recognition, Alghamdi et al. in [7] used Sphinx tools for an MSA ASR system, AbuZeina et
al. in [8] used the Sphinx tool for crossword Arabic pronunciation variation modeling for
ASR, AbuZeina et al. in [9] used the Sphinx tool for within-word Arabic pronunciation
variation modeling for ASR, Abushariah et al. in [10] used Sphinx tools for an Arabic ASR

system based on a phonetically rich and balanced speech corpus, and Al-Anzi and AbuZeina
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reported the most recent Arabic ASR work [11] that is based on Arabic characters. They used
the CMU PocketSphinx to evaluate the impact of phonological rules on the Arabic ASR.
The literature shows that employing Roman characters for the Arabic ASR is less than
what was observed for the Arabic characters. The following are results from previous studies.
Kirchhoff et al. in [12] proposed the use of the Romanization method for the transcription of
the speech corpus. Vergyri et al. in [13] used Romanized transcriptions to train the speech
recognizer. Kirchhoff et al. in [14] used Romanized transcription in language modeling for
large-vocabulary conversational Arabic speech recognition. Satori et al. in [15] introduced
an Arabic voice recognition system where both the training and recognizing processes use
the Romanized characters. EImahdy et al. in [16] used Sphinx tools in addition to the SAMPA
Romanization method for dialectal Arabic speech recognition. Al-Qatab et al. in [17]
employed HTK for a small corpus of continuous speech and isolated words; however, they
did not indicate anything regarding Romanization. The study in [18] used BW Arabic
transliteration for Tunisian dialect dialogue systems. A recent work using HTK was reported
by Merad-Boudia et al. in [19], and they employed the HTK engine for a small corpus of
isolated and connected words. In summary, the literature shows that no single work has
conducted practical research to evaluate the performance using an identical speech corpus,

which indicates the importance and originality of this work.

3. Phonemes Set and Pronunciation Dictionaries

In order to train the models for ASR tasks, a speech corpus is required. This contains a set
of speech files and corresponding textual transcription. The textual transcription is used to
find the phonetic transcriptions through the phonemes set. Therefore, defining the phonemes
set is the initial step in ASR work. A phoneme is the basic unit of sound that ASR uses for
classification. While it is possible to use words and syllables for ASR classification, the
phoneme approach is the most widely used in recent ASRs. On the other hand, the number
of phonemes for Arabic is still a debated matter. For instance, Alghamdi et al. in [7] used 46
phonemes. Al-Qatab et al. in [17] used 34 phonemes (28 consonants and 6 vowels). ElImahdy
et al. in [16] indicated that MSA consists of 38 phonemes, where 28 are original consonants,

4 are foreign and rare consonants, and 6 are vowels. Haraty et al. in [20] indicated that Arabic
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has at least 112 phonemes, as they considered that every letter has four diacritics and
therefore four phonemes. Alotaibi in [21] used 37 MSA phonemes as given by the Language
Data Consortium (LDC).

Hence, the defined phonemes set in addition to the corpus transcription are used to generate
the pronunciation dictionary that contains the phonetic transcription. In this work, the
employed ASR recognizers have the following two options to handle the Arabic characters:
the Sphinx recognizer allows the use of Arabic characters. Therefore, we do not need to
consider Romanization. However, HTK expects Roman characters. That is, if the corpus
textual transcription is stored using the standard Arabic characters set, then it needs to be
transcribed into something that HTK can handle. For the Arabic ASR, BW transliteration has
a distinguished attribute in which it uses one Roman character for each Arabic character,
making it reasonable to approximate that each Arabic character corresponds to a single
phoneme. For instance, the phonetic transcription of the word "kataba," which means “he
wrote,” is "k ata b a". However, BW uses a number of non-alphabetic characters to consider
in the conversion process (e.g., BW uses “$” for the Arabic letter ‘Sheen” “_%”, which is a
special character in some recognizers such as HTK). Hence, the conversion of the Arabic text
to BW transliteration requires a further step to swap the non-alphabetic characters with some
other arbitrary characters. Of course, it is straightforward to convert the Romanized text back
to the Arabic transcription in the case of the need to output in Arabic. Table 1 shows the
Arabic and Romanized characters using BW transliteration. In the table, we indicate some

replacement Cases.

TABLE 1. Buckwalter (BW) transliteration with some replacements

# | Arabic character Phoneme (BW) # | Arabic character Phoneme (BW)
1 / A 23 < k

2 / > (replaced to) O | 24 J [

3 o b 25 R m

4 < t 26 1] n

5 < Vv 27 y) W

6 z i 28 & Y

7 z H 29 ° h
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8 g X 30 & y
9 3 d 31 / | (replaced with) U
10 4 * (replaced to) J | 32 £ G
11 o r 33 3 & (replaced with) W
12 J z 34 s } (replaced with) Q
13 Y S 35 s p
14 15 $ (replaced to) C | 36 ; F
15 o= S 37 N
16 ) D 38 K
17 L T 39 a
18 L Z 40 u
19 & E 4 i
£ g 42 ~ (duplicate
20 previous)
21 o f 43 0 (not used)
22 Z] q 44 / > (replaced with) |

In fact, using either Roman or Arabic characters is a non-issue since there is no real
difference between both types of transcription. It is just a matter of handling the textual
characters. Therefore, the performance of the ASR recognizer based on Arabic characters
should have no significant difference from one based on Roman characters. However,
Romanization is harder to read for the native Arabic speaker. Of course, it is straightforward
to do the transliteration in both directions in case of the need to output in the Arabic
transcription.

In addition to the phonemes set shown in Table 1, we use three more phonemes to represent
the Fatha that proceeds Alif (') =» L as a single phoneme that is (aA), the Damma that
proceeds Waw () = ¢ as a single phoneme that is (uw), and the Kasra that proceeds Ya
(¢) =  as (iy). The reason for handling these cases as a single phoneme is that the
pronunciation of the short vowels is different when it proceeds the long vowels. Hence, it
will be correctly transcribed as single phonemes. Therefore, we used 46 phonemes for the
HTK system, 42 phonemes in Table 1 (Shadda (<>~) and Sukun (::<>0) are discarded) in
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addition to the three phonemes (aA, iy, and uw) and the sil phonemes to indicate silence. In
the Sphinx system, decoding fails when the phonemes set contains small letter and capital
letter symbols. For instance, it fails when the phonemes set has a phoneme b and another
phoneme B. However, this problem has not been observed in the HTK system. Hence, we
used a new phonemes set for Sphinx that contains 45 phonemes (- is not counted since it is
duplicated) as shown in Table 2. The phonemes set contains 46 phonemes as the set that is
used for the HTK system. Hence, both systems have the same phonemes set.

TABLE 2. Proposed phonemes set for the Sphinx recognizer

# Letter | Phoneme | # Letter | Phoneme | # Letter | Phoneme
1 e E 17 J R 33 ° H

2 I AA 18 J Z 34 g W

3 / o 19 oz S 35 % AY

4 3 EW 20 A SH 36 & Y

5 J I 21 w= SS 37 AU

6 & EY 22 us DD 38 AWW

7 / 23 L TT 39 AlY

8 - B 24 5 YA 40 AU

9 25 £ AE |41 AW
10 - 26 2 GH |42 Al
11 z TH 27 o F 43 5 duplicate
12 z J 28 2] Q 44 5 AUA
13 z HH 29 & K 45 & AWW
14 Z KH 30 J L 46 - AlY
15 ) D 31 R M
16 J DH 32 J N

The pronunciation dictionary is an ASR component that contains the phonetic transcription

of each word. That is, each word that appears in the training text is listed in the dictionary in

terms of phonemes. Nevertheless, generating a pronunciation dictionary is a hard task due to

the different acoustic cases of pronunciations. In the case of a large number of words (i.e., a
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sizable vocabulary), it is quite time-consuming. In this work, we used a Python program to
generate the pronunciation dictionaries for both the Sphinx and HTK recognizers. In the
literature, there are various studies that describe the rules to generate a pronunciation
dictionary for MSA. For instance, Ramsay et al. [22] described a knowledge-based approach
to generate the phonetic transcription for MSA. Ali et al. in [23] presented a tool for
generating phonetic dictionaries for MSA.

Figure 1 shows entries of the dictionaries that are used in this work. The figure shows the
phonemes sequence of each word that appears in the training textual data. The pronunciation
of each word is used to model the acoustic model during the training phase. For instance, the
word “$3)53” is mapped to the sequence “A L W AU Z AUA R AU P”. Hence, wherever
this word appears, it is replaced with the phonemes sequence in order to produce the phonetic
transcription of the speech file. Each phoneme is then used to train a part of the acoustic
signal that corresponds to a phoneme name. This process (i.e., the training stage) is performed
using the Baum-Welch algorithm to create a single hidden Markov Model (HMM) for each
phoneme in the phoneme list. The figure also shows two sets of phonemes: the phonemes set
for Sphinx (on the left of the figure), which is proposed in this work, and the HTK set (on
the right of the figure), which is based on the BW transliteration. Creating a single HMM
model for each phoneme is called the ‘context-independent’ phase (CI). After the CI stage,
the training stage continues to perform the untied ‘context-dependent’ phase (CD) for

creating triphones; finally, the tied context-dependent phase is used for tying some HMM

states.
Arabic-based dictionary (for Sphinx) Roman character-based dictionary (for HTK)
503 ALWAUZAUARAUP AlwazaArap AlwazaArap
JOMALWAUZAIYR Alwaziyr Alwaziyr
20 ALWAUZAIYRAU AlwaziyraAlwaziyra
s ALWAUZAIYRAUP Alwaziyrap Alwaziyrap
23 ALWAUZAIY RAW Alwaziyru Alwaziyru
23 ALWAUZAIY RAI AlwaziyriAlwaziyri
W ALWAUZAIYRAIP Alwaziyrip Alwaziyrip
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FIGURE 1. Entries of the pronunciation dictionaries

In both implemented systems, we consider the pronunciation case of Shadda as follows:
for the Shadda case, we first remove the germination marker “Z and then duplicate the
previous consonant. Another case where an unnecessary symbol is deleted is the ‘Sukon’
“%”. Ramsay et al. in [22] described pre-processing cases that should be considered for
phonetic transcription. For illustration, Figure 1 shows some cases where the semi-vowels y,
w and A are written with a preceding short vowel, so it is assumed that iy, uw and aA are
two-character names for the relevant vowels. The same is found in the Sphinx dictionary (i.e.,
AUA, AWW, and AlY).

4. Language Models

(LMs) are considered to be a significant contribution to the performance of NLP systems
such as ASR and machine translation. LMs have been successfully applied in different
linguistic applications such as Part-of-Speech (PoS) tagging, parsing, information retrieval,
spell correction, summarization, etc. In particular, LM is a critical component in linguistic
applications producing sequences of words as output. In the last few decades, extensive
research has been devoted to promoting new technigues to compile LMs as well as to address
challenges such as missing n-grams. In speech recognition, the ASR decoder uses the
information provided by the LM to find the best possible word sequence of the testing speech
for transcription purposes. In general, it is extremely important for language applications to
have the ability to predict the next word given by the previous word(s), or the history.

LMs can be either probabilistic or non-probabilistic. The probabilistic LMs are known as
statistical LMs such as n-grams, while non-probabilistic LMs are known as ‘any-word’

grammar. Any-word grammar does not use probabilities of words. It is unconstrained

113



grammar that leads to very poor accuracy in continuous ASR systems. That is, any-word
grammar relies entirely on the acoustic model. On the other hand, statistical language models
are based on computing the probabilities of all word combinations (i.e., all possible word
sequences) in the training source text. Statistical LMs are generally demonstrated using
ARPA format textual files that include the statistical estimation of the desired n-grams,
typically up to 3-grams. Compiling a statistical language model requires a large number of
words from different textual resources. In addition, the data should not be too specific to a
particular domain; otherwise, it will not generalize well to the sentences in question.

During ASR decoding, the recognizer employs the language model to transcribe speech
files using the acoustic model and the pronunciation dictionary (i.e., the vocabulary). Hence,
the most likely hypothesis for each testing speech file is generated as an output. Employing
language models reinforces the speech recognition accuracy, as the more you can constrain
the range of possible utterances, the more accurate the recognizer will be. Based on the
information provided in the n-grams, the probability of a word sequence is computed using
the following formula [25]:

Py = | [ Povielwt) (1)
k=1

where ‘n’ is limited to include the history of the word. Hence, the Chain Rule is applied to
compute the joint probability of words in a sentence. LMs utilize the Markov assumption to
simplify data estimation. For instance, for n=2, the bigram is calculated for the word sequence
as follows:

P(wiwy) = P(wy [w))P(wy) (2)

For speech features, Mel Frequency Cepstral Coefficients (MFCC) are the classical front-
end analyses used in speech recognition to produce the sequence of real-valued numbers that
represent feature vectors based on the input signal. Since 1980, it has dominated the ASR
feature extraction method due to its good performance. The success of MFCC makes it the

standard choice in the state-of-the-art speech recognizers such as the CMU Sphinx, HTK,
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and Kaldi speech recognizers. Reference [24] has some details of MFCC. Given the speech

feature vectors, the most likely sequence of words is estimated by the following [25]:

w= argmaxw = argmax P(O|W)P(W) 3)
WEL C) WEL

Where w is the most likely recognized words, P(O|W) is the probability of the feature
vectors, given a sequence of words that is computed using the acoustic model, and P(W) is
the probability of the words sequence that is computed using the language model. P(0) is
the probability of the acoustic observation sequence and can be ignored. Hence, the statistical
LM has to be computed first to decode the testing speech files in ASR systems. The statistical
n-grams LM is trained by counting n-grams occurrences in a large transcription corpus to
then be smoothed and normalized. Counting and normalizing can train the n-gram models.

The following formula is used to estimate the n-grams parameter [25]:

Count(WjZ . 1wWn) o
Count(wWl= . )

P(Wnlwy 1) =

One major problem in LMs is unseen words or n-grams that are found in the testing set
while out of vocabulary. Accordingly, a probability of 0.0 is given to the items that are not
seen in the training data. That is, not all n-grams will be present (i.e., not observed) in the
training data. One solution is smoothing by assigning non-zero or small probabilities to the
unseen n-grams in which all word sequences can occur with some probability. Hence,
smoothing provides a better way of estimating the probability of zero frequency n-grams that
never occur in order to produce generalized LMs. Smoothing is also called discounting.
When creating a language model, it is more efficient to use log probabilities rather than actual
probabilities due to the risk of numerical underflow, especially for very long strings. It is also
efficient in ASR decoding algorithms such as the Viterbi algorithm.

Creating an n-gram LM entails the following three main steps: compute the word unigram
counts, convert the word unigram counts into a vocabulary list, and generate bigram and
trigram (or more) tables based on this vocabulary. As a preprocessing step, it is essential to

include special words such as <s> in order to indicate the “start of sentence” and the </s> to
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indicate the “end of the sentence”. The CMU Cambridge University toolkits [26] use the
<UNK> token to indicate unknown words, whereas HTK toolkits [2] use '!UNK for the same
purpose.

Sometimes ASR recognizers employ the grammar of LMs for small applications with
limited isolated words. Such grammar is simple and does not have probabilities; they are
designed according to the information that is provided in the corresponding application. That
is, grammar mainly contains isolated words such as commands, control words, and digits.
However, grammar might allow sequences of words. Figure 2 shows a simple grammar for
ten digits that can be used in continuous speech recognition to choose one word or more from
the list. The grammar is written using JSGF format, as shown in Figure 2. The star (*) in
Figure 2 means zero or more words. This is helpful when this grammar is used in continuous

speech in order to recognize a sentence that has many words.

Ten digit grammar (for Sphinx)
#JSGF V1.0;

grammar myGrammar;

public <command> = <word>* ;

<word>=( One | Two | Three | ... | Ten);

Ten digit grammar (for HTK)
$WORD = (One | Two | Three | ... | Ten);
(3WORD)

FIGURE 2. Any-word grammar for ten digits

Grammar is usually written by hand, or it can be generated using a program. Most grammar
does not use probabilities; however, some elements might be weighted. In fact, grammar is
rarely used in ASR systems since the probabilistic models of a language are more useful than
the hard models (i.e., grammar) for legal sentences in various languages.

There are a number of toolkits that are used to compile LMs such as the CMU-Cambridge
LM toolkit [26], the Cambridge University HTK language modeling tools [2], and the SRI
Language Modeling Toolkit (SRILM) [27]. The CMU-Cambridge toolkit uses the following

five commands to produce the LM dump file: text2wfreq, wfreq2vocab, text2idngram,
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idngram2Im, and Im3g2dmp [28]. HTK provides two approaches to generate n-grams. The
first method employs the HLStats function, which is used exclusively to compute the bigram
language model (i.e., 2-grams). The second method implements a series of functions to
compute n-grams. In this work, we used the first approach (i.e., bigram statistical LM). In
addition to HLStats, HBuild is used to create the word network that describes the allowable
word sequences, of course, with the corresponding probabilities. Figure 3 shows a simple 3-
gram LM for three sentences as shown in the figure. It was created using the CMU-

Cambridge toolKit.

A small corpus of three sentences

<s> adilly dyillg sLloidill o8 aale ol She Lkl g8ag </S>
<> glzall sladil gai 2l o Jlgodl o nsall s </5>
<5> dgall Solail o ymall ey SHI el sLaBl gai </5>

\data\, \1-grams: \2-grams: \3-grams:
ran 122 | Lt s | s o pem | s g o o
1. Zo. 9. o 0. : i ;
ngram 2=26 | 5 ges3 <o 0. 0600 fa=l 99.9990 </s> <S> s
' ' -99.9990 <s> sl o
ngram 3=28 | -1.5168 Jal ©.0310 | 99.9990 Alailly </s> @.4771 | |
-0.9853 slafil  -0.4317 | _09.9990 @.000d Ll giss “0.1761 | oY s
-99.9990 0.0000 o all i} T el G
-1.5168 gigs 0.0134 el i 99.9990 el 4y yills </s>

-99.9990 il </s> <s>
-99.9990 «l S Lkl gigg
-99.9990 S:laddl & ymall e
\end\

-1.5168 uny 9.0134

FIGURE 3. Three sentences with the 3-grams LM using the CMU-Cambridge tool

For this work, we used 2-grams statistical language models as shown in Figure 4 for both
systems. In fact, the 3-grams language model is more commonly used for ASR tasks;
however, we used the 2-grams language model in this work due to the restriction of HVite.
HVite uses 2-grams, while HTK HDecode can use 3-grams. PocketSphinx can use either 2-

grams or 3-grams language models.

CMU-Cambridge tool HTK tool
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\1l-grams: V1-grams:
-1.0195 <UNK> -9.0128 -99,909 |ENTER -3.5976
-1.7589 </s> -3.2964 S.8783 AAlTTaAEap B, 3018
-1,7587 <s> -0.3490 -5.8783 Atatabara -8, 2958
-4.7617 Al -0.1442 5.@703 Afatablrat 8. 3818
-5.0627 gl -0.1445 -5,8783 Attabirahu B.3214
-4.7617 15fl -0.10095 -5.87083 AHtiraami -8. 3018
\2-grams: \2 - A
-0.5481 L 3y -, 3018 7imalasQihum AlafnDimadma
-9.5481 &nf_-h 3;;, @, 318 Zimaladkuhu Alnnuewashb
-@.5481 ._;\ch.w;u -0, 3018 TwWmak Sayazwarruwna
‘endl, ey,

FIGURE 4. Parts of the 2-grams LM that are used in this work

5. Implementation of the Sphinx and HTK Methods

The Sphinx and HTK methods used Cygwin, which is a Unix-like environment for

Windows. However, it is preferred to run the command line in a UNIX-based system

rather than Cygwin that is installed for the Windows environment. Implementing Sphinx

for Arabic ASRs includes the steps described in [29]. The first step includes creating the

directory where the files live. The files include the training and testing speech files, the

transcription of the entire speech collection, and other necessary files that are used for

training and decoding. In particular, the speech files are stored in the wav directory, while

the etc directory has the following files: the pronunciation dictionary, the phonemes file,

the list of fillers, the list of files for training, the transcription for training, the list of files

for testing, and the transcription for testing. Of course, the language model also lives in

the etc directory. The following are the main commands (for taskl, for instance) that are

used in Sphinx:

=  $ mkdir taskl (create the main directory)

= $ sphinxtrain -t task1 setup (create the structure of the main directory)

= $ sphinxtrain run (start training, once done, it provides the word error rate (WER))

For HTK implementation, reference [30] presents comprehensive details for training and

decoding as the following steps:
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Step 1 - the Task Grammar, Step 2 - the Dictionary, Step 3 - Recording the Data, Step 4 -
Creating the Transcription Files, Step 5 - Coding the Data, Step 6 - Creating Flat Start
Monophones, Step 7 - Fixing the Silence Models, Step 8 - Realigning the Training Data, Step
9 - Making Triphones from Monophones, Step 10 - Making Tied-State Triphones, and
finally, Step 11 - Recognizing the Test Data. In the previous sections, we demonstrated some
of the steps such as the language model and pronunciation dictionary. To train a model, a
further set of files is needed such as the following:

= words.mlif: this is just a rearranged version of the training textual files,

= train.scp: a list of the training speech file names,

= phonesO.mlf: the phonetic transcriptions, obtained by substituting the entries in the

pronunciation dictionary for the words in the textual transcriptions,

= monophones0: list of the phones that appear in phones0.mlf,

= codetrain.scp: pairs linking .wav files to .mfc files (the MFCC speech features),

= proto.txt: the "flat start” file for the hidden Markov models (HMMs),

= config.txt that contains some parameters related to the speech features.

After creating the necessary files in the same directory where the speech files and the
speech features (.mfc) reside, it is possible to start training. This produces trained models that
will be used for decoding. During training, many functions are executed, such as the HLEd
and HERest functions. For decoding, HVite is used.

To investigate the performance, we split the speech corpus (15.94 hours) into two parts
including the training set that contains 12.74 hours (1,611 speech files) and the testing set
that contains 3.19 hours (403 speech files). That is, the testing set is 20% of the overall speech
corpus. The speech files were prepared to have a fixed length between 10-40 seconds, mono,
and sampled at 16 kHz. The average length of the textual files is 55 words. The total number
of speakers in the corpus is 29 native Arabic speakers (19 males and 10 females). In this
work, we used three emitting states of HMMs that corresponded to the subphones at the
beginning, middle, and end of the phones. The acoustic models were calculated using
context-dependent HMM triphones. Regarding Sphinx recognizers, the acoustic models are
trained using the SphinxTrain for the phonetic tied-mixture (PTM). However, other acoustic

model types can be used such as semi-continuous and fully continuous models. The
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performance is measured based on different parameters such as the number of Senones and

the number of Gaussian densities. Table 3 shows the WER for different cases.

TABLE 3. The performance of the Sphinx recognizer

Experiment Densities Senones WER (%) Accuracy (%)
1 8 500 22.6 77.4
2 8 1000 22.2 77.8
3 8 2000 215 75.5
4 16 500 21.8 78.2
5 16 1000 21.1 78.9
6 16 2000 20.7 79.3
7 32 500 21.8 78.2
8 32 1000 21.3 78.7
9 32 2000 21.3 78.7
10 64 500 21.9 78.1
11 64 1000 21.9 78.1
12 64 2000 21.9 78.1
13 128 500 21.7 78.3
14 128 1000 22.6 77.4
15 128 2000 22.1 77.9
16 256 500 21.8 78.2
17 256 1000 22.2 77.8

Table 3 shows that the best (lowest) WER was found to be 20.7% using 16 Gaussian
densities and 2000 senones. We emphasize that these results are based on the language model
that contains both the training and testing transcriptions. However, if the langue model
contains only the training transcription, the results will be less than what we scored in Table
3. The reason for using the training and the testing sets to create the language model is that
the language model requires a large amount of data that is not available in our work. During
experiments, we considered speeding up the execution time using the PocketSphinx
configuration (i.e., number of parts to run Forward-Backward estimation = $CFG_NPART
= 10; and how many pieces to split decode in=» $DEC_CFG_NPART = 10;). The number
10 is just an optional number that can be fixed based on the user preferences. This option is
helpful since it clearly reduces the execution time by utilizing a number of processors in

multicore machines. For the HTK recognizer, we found the performance to be less than what
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we achieved using the Sphinx recognizer. The WER is (100%-65.31%=34.69%). However,
the lowest WER in the Sphinx is 20.7%. Figure 5 shows the HTK overall results.

HTK Results Analysis
Date: Sun Jun 18 19:01:41 2017
Ref : words.mlf
Rec : recout.mlf
———————————————————————— overall Results -------—--—-mmmmmmmm oo
SENT: %Correct=0.00 [H=0, S=403, N=403]
WORD: %Corr=67.50, Acc=65.31 [H=15582, D=1044, S=6459, I=506, N=23085]

FIGURE 5. Performance of the HTK recognizer

Regarding the output, Sphinx gives the results using Arabic characters. However, the HTK
gives Romanized characters. Figure 6 shows an example of the output of the HTK recognizer.
In the figure, Arabic characters (the upper part in Figure 6) represent the transcription of a
speech file after recognition, and the lower English characters are the Romanized text as
recognized by the HTK HVite decoder.

il asi agnl Ry seslal G il fnd &0 ] 5 e, 0l o3 ) o lanl S5k ol oNiE N Ji 5l DIk
_,:EuJ.ﬂF..ﬂ.-h\Lrl'L_’i..ﬂ-dé._;nmm..u.!l\_.l.:._q.ll_l.'ll...ﬂ|..|u.|JI-._,n-_’Jh}'#}{MhﬂF'.ﬂ.EﬂJﬂ{ﬂFJﬁiﬂ:dﬁJ“
i D sl 8 el BRI ) bl 8 0 e By 180 55 a8l Y Eaina L SO CiaSy il

Gl il RELaa] By el o delcy allly Lot 'Ij.u'Enl_,np._I}h...L {1323)

File: mfcf1323.mfc

[ENTER madtazadlu ruduwde OGafEasll kuwlyatad wadlEaql quewapi AlOakdaswi iy liybyad
fagad gadmat faranzad biTardi Oarbatapa Ealra diblusmadssiyyas liybiyFA limunafASartihim
niZafm AlEagiyd muEsemar Algalafiyy tasta allaliy lam tatud baariys taEtabiruhu
CareiyyFa bakda tawfiyra bialmajlis AlwaTaniyyi Aiatigaalivyvap wa min jihap yaseubu
Darwrapl Almuttakidapu aAldasriykiyyap DuguwTahas Ealay¥ niZafm AlEagiyd muEammar
flgallantiy wajammadat wvalasva Cirkadix mamluwkapk linnifadm walakkadal wazlyrapu
alxafriij alDamriykiyyap hiylagriy kliyntuwn Oanna allidafrapa alDamriykiyyap garrarat
l1isdaAra qaimumenk yasmadu tasliyTu simna Aloawwal alxans blalgallasfiy wanizasmihi fly
Canriykas limusasiadapi Cagbi Aallliybiyyap 1EXIT == [3545% frames] -66.827%
[Ac=-232137.1 LM=-1938.4] (AcE=-300763.6)

FIGURE 6. The recognition output of a speech file using the HTK
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In this work, we used the default settings of HTK. The default settings include the thresholds
for outlier removal (RO=100) and the tree branch threshold (TB=350). TB is used for the decision
of tree clustering of states. Both RO and TB affect the degree of tying and therefore the number of
states output in the clustered system [30]. In future work, it is worth evaluating the performance
using different values of RO and TB. It is also worth employing the HDecode, which is an HTK

extension decoder released on a restricted basis.

6. Conclusion.
This work discusses the implementation of two well-known speech recognizers; the CMU
Sphinx, and the HTK. It includes a comparative study of both recognizers using a continuous
speech corpus of MSA. The results show that Sphinx outperforms the HTK recognizer. Sphinx
is also better in some issues such as handling long speech files, since some of the long speech
files were discarded due to failure execution using the HTK (i.e., the training fails using long
speech files). Sphinx is also better in terms of execution time as it takes less training and
decoding time compared to the HTK. Finally, we have found that it is easier to perform an
ASR task with Sphinx than HTK. The only issue with Sphinx is that it fails when the phonemes
set has capital and small letters. For instance, if we use the character <B> to indicate a specific
phoneme and, at the same time, use the character <b> to indicate another phoneme, then we
get an error during training. On the other hand, this error did not appear in the HTK system.
We also have found that HTK is better documented than Sphinx. In conclusion, more research

is required to understand the reasons for the performance difference between both systems.
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STATISTICAL MARKOVIAN DATA MODELING FOR
NATURAL LANGUAGE PROCESSING

Fawaz S. Al-Anzi and DiaAbuZeina

Department of Computer Engineering, Kuwait University, Kuwait City, Kuwait

ABSTRACT

Markov chain theory is a popular statistical tool in applied probability that is quite useful in modelling
real-world computing applications. Over the past years, there has been grown interest to employ Markov
chain theory in statistical learning of temporal (i.e. time series) data. A wide range of applications found to
utilize Markov concepts; such applications include computational linguists, image processing,
communications, bioinformatics, finance systems, etc .In fact, Markov processes based research applied
with great success in many of the most efficient natural language processing (NLP) tools. Hence, this paper
explores the Markov chain theory and its extension hidden Markov models (HMM) in (NLP) applications.
This paper also presents some aspects related to Markov chains and HMM such as creating transition and
observation matrices, calculating data sequence probabilities, extracting the hidden states, and profile
HMM.

KEYWORDS

Markov chains, hidden Markov models, profile hidden Markov Models, natural language processing

1. INTRODUCTION

Markov chains theory is increasingly being adopted in real-world computing applications since it
provides a convenient way for modelling temporal, time-series data. At each clock tick, the
system moves into a new state that can be the same as the previous one. A Markov chain model is
a statistical tool that captures the patterns dependencies in pattern recognition systems. For this
reason, Markov chain theory is appropriate in natural langue processing (NLP) where it naturally
characterized by dependencies between patterns such as characters or words. Reference [1]
demonstrated the limitations of using hand-written rules in NLP applications, and the reasons
why to move toward statistical approaches.

Markov chains are directed graphs (a graphical model) that generally used with relatively long
data sequences for data-mining tasks. Such tasks include prediction, classification, clustering,
pattern discovery, software testing, multimedia analysis, networks, etc. Reference [2] indicated
that there are two reasons of Markov chains popularity; very rich in mathematical structure and
work well in practice for several important applications. Hidden Markov models (HMM) are an
extension of Markov chains that used to find the hidden system’s states based on the
observations. Consequently, the conventional HMM described as follows. Given a sequence of
observations, based on the trained model that fit the training data best, find the hidden states that
most likely have generated the observations.

In order to facilitate the research in this direction, this paper provides a survey of this so popular
data modelling technique. However, because of the wide range of the research domains that uses
this technique. We specifically focus on the NLP related applications. Reference [3] lists some
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domains that utilize Markov chains theory which include: physics, chemistry, testing, speech
recognition, information sciences, queuing theory, internet applications, statistics, economics and
finance, social sciences, mathematical biology, genetics, games, music, baseball, text generators,
bioinformatics. Reference [4] lists the five greatest applications of Markov chains that include
Scherr’s application to computer performance evaluation, Brin and Page’s application to Page
Rank and Web Search, Baum’s application to HMM, Shannon’s application to information
theory, and Markov’s application to Eugeny Onegin.

This paper organized as follows. The next section presents a background of Markov chains
theory. Section 3 highlights the main concepts of HMM followed by description of profile HMM
in section 4. In section 5, we present the literature review of both Markov chains and HMM.
Finally, we conclude in section 5.

2. MARKOV CHAINS

In the early of twentieth century, Andrei Markov used his name to indicate for the theory he
proposed, [5].Markov chains are quite popular in computational linguistics for data modelling. A
Markov chain is a memory less stochastic model that describes the behaviour of an integer-valued
random process. The behaviour is the simple form of dependency in which the next state (or
event) depends only on the current state. According to [6], a random process said to be Markov if
the future of the process, given the present, is independent of the past. To describe the transitions
between states, a transition diagram used to describe the model and the probabilities of going
from one state to another. For example, Figure 1 shows a Markov chain diagram with three states
(Easy, Ok, and Hard) that belong to exam cases (i.e. states). In the figure, each arc represents the
probability value for transition from one state to another.

Figure 1. A Simple Markov chain with three states

Markov chain diagrams are generally represented using state transition matrices that denote the
transition probabilities from one state to another. Hence, a state transition matrix is created using
the entire states in the system. For example, if a particular textual application has a training data
that contains N states (e.g. the size of lexicon), then the state transition matrix is described by a
matrix A= {aij} of size N*N. In matrix A, the element aij denote the transition probability from a
state i to a state j. Table 1 shows how the state transition matrix used to characterize the Markov
diagram shown in Figure 1. That is, the matrix carries the state transitions probabilities between
the involved states (Easy, Ok, and Hard). For illustration, the P(E/H) denote to the probability of
the next exam to be Easy given that the previous exam was Hard.
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Table 1. A state transition matrix of three states

Next Exam
State Easy (E) Ok (0) Hard (H)
Easy (E) P(EIE) P(OIE) P(HIE)
Previous Exam Ok (0) P(EIO) P(OIO) P(HIO)
Hard (H) P(EIH) P(OIH) P(HIH)

In Table 1, the sum of the probability values at each row is 1 as the sum of the probabilities
coming out of each node should be 1. Hence, P(EIE)+P(OIE)+P(P(HIE) equal 1. Markov chain is
a worthy topic that has many details. For examples, it contains discrete-time, continuous-time,
time-reversed, reversible, and irreducible Markov chains. The case shown in Figure 1 is
irreducible case, also called ergodic, where it is possible to go from every state to every state.

To illustrate a simple Markov chain data model, a small data set contains two English sentences
used to create a transition matrix based on the neighbouring characters sequences. The sentences
are inspirational English quotes picked from [7]:

(1) Power perceived is power achieved. (2) If you come to a fork in the road, take it.

Figure 2 shows the transition matrix of these two quotes by counting the total number of
occurrences of the adjacent two character sequences. It is a 19 x 19 matrix where the number19 is
the total number of unique characters appeared in the sentences (i.e the upper mentioned quotes).
In this example, creating a transition matrix is case insensitive where D is same as d, as an
example. In addition, a space between two words discarded and not considered in the transition
matrix. Figure 2 shows that the maximum number in the matrix’s entries is 3 (a highlighted
underlined value) which means that moving from character e to r (e=»r) is the most frequently
appeared sequence in this small corpus. The words that contain this sequence are :{ Power (two
times) and perceived}.
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Figure 2. A transition matrix of two characters sequences

Based on the information obtained in the transition matrix shown in Figure 2. It is possible to
answer some questions related to the given data collection. Among questions, what is the total
unique number of the two characters sequences appeared in the given data set? What are the two
characters sequences that did not appear in the data collection? Whatare the least frequently two
characters sequences in the data set? Accordingly, Markov chains used as prediction systems
such as weather forecasting. Therefore, it is possible to predict the tomorrow’s weather according
to the today’s weather. For example, if we have two states (Sunny, Rainy), and the requirement is
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to find the probability P(SunnylRainy), Markov chains make it possible based on the information
provided in the probability transition matrix. Another example of the using Markov chains is
banking industry. A big portfolio of banks based on loans. Therefore, Markov chains used to
classify loans to different states such as Good, Risky, and Bad loans.

For simplicity, the information presented in Figure 2 shows the transition matrix based on total
number of occurrences. Figure 3 shows the same information but using probabilities instead of
the number of occurrences. That is, it contains the probability of moving from one character to
another. As previously indicated, the sum of entries at each row is equal 1. In Figure 3, any
matrix entry that has 0 means that there is no transition at that case. Similarly, if the matrix entry
is 1, it means that there is only one possible output of that state. For example, the character “o”

[T

comes after “y”, and this is the only possible arc of the state “y”.

“ g mm@paffe=g=a@mn=
=
i

= f =
=

Figure 3. A probability transition matrix of two characters sequences

3. HIDDEN MARKOV MODELS

HMMis an extension to Markov chains models as both used fortemporal datamodeling.The
theory of HMM introduced by Baum and his colleagues in 1960s [8]. Reference [9] indicated that
most current learning research in NLP employs particular statistical techniques inspired by
research in speech recognition, such as HMM and probabilistic context-free grammars
(PCFGs).However, the difference is that we observe the outputs in Markov chain, but the system
states are hidden in HMM. Of course, the numbers of states and the observations have to be fixed
and known. In this section, we explain the concept of HMM based on example provided in Figure
1 that shows a three exam’s states Markov diagram. As a simple example, supposed that a
student’s parents want to know the levels (i.e the difficulty) of their son’s exams, naturally, it is
possible to recognize the exam as Easy or Ok if the son feels Fine. Similarly, it is possible to
recognize the exam as Hard if the son looks Scared. From the parents’ point of view, the required
states (i.e. Easy, Ok, or Hard) are hidden. However, they directly observe the student’s reaction or
feeling. Hence, the parents might use the observed reactions an indication to know the hidden
states. HMM is described using three matrices: the initial probability matrix, the observation
probability matrix, and the state transition matrix. Figure 4 shows a HMM diagram that shows the
states and the observations. In the figure, each arc represents the probability between the states
and between the states and the observations.
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Figure 4. A HMM diagram with states and observations

Based on the information provided in the matrices, one can use either forward (also called any
path) or Viterbi (also called best path) algorithms to find the probability scores during recognition
phase. Figure 5 shows the trellis diagram for exam states HMM. While Forward algorithm used
to compute the recognition probability of a sequence, Viterbi used to find the best-state sequence
associated with the given observations, this process is also known as back-tracking. Hence, after
computing the observations sequence probability and finding the maximum probability (supposed
the star in Figure 5), the Viterbi algorithm leads the process back to identify the states (sources)
from which the observations sequence have been emitted. In Figure 5, the maximum probabilities
supposed to occur at the states shown using the dotted lines as follows; (starting at t=1): Hard,
Easy, and Ok. Hence, the parents might consider the exams were Hard, Easy, and Ok,
respectively.

Lt

| =g ] |
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Figure 5.Trellis diagram of three states HMM

To illustrate how HMM employed to extract hidden states, Viterbi algorithm used to fine the
probability at each time t. Reference [10] and other many references describe Viterbi algorithm.
The example is regarding exam’s states and the reactions of the student as explained in the
previous sections. Figure 6 shows the HMM parameters and a question regarding the exam’s
states. As shown in the figure, at t=5, the values are small and they will continue decreasing as
the observations increase that might lead to underflow problem. Reference [11] proposed
solutions to the floating-point underflow problem that appear in the context of extremely small
probability values when applying the Viterbi or forward algorithm to along sequences. The
solution is to log all probability values and then add values instead of multiply for Viterbi
algorithm. Regarding, Forward algorithm, the solution is to use scaling coefficients that keep the
probability values in the dynamic range of the machine.
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HMM parameters A question and the answer
The transition Given the following observation {Scared, Find, Fine, Scared, and Fine}; what
matrix: are the most likely exam’s states. The following table shows the information
T obtained when implementing Viterbi algorithm.
o mat S States al(t=1) 02(t=2) a3(t=3) ad(t=4) as(t=5)
P Easy 0.0667 0.1680 0.0134 0.0015 0.0051
ad 07 OF @l Ok 0.1667 0.0300 0.0252 0.0038 0.0009
The observation Hard 0.3000 0.0067 0.0101 0.0091 0.0002
matrix: Observation Scared Fine Fine Scared Fine
Tssy 0= naeg]| Where o is a variable that describe the probability at each time t.The shaded
Fane ns o5 a1 || numbers indicated the max probability at time t. Accordingly, the exam’s
caed  n2 s as || States are :{ Hard, Easy, Ok, Hard, Easy}.Examples of some calculations: al

Theinitial matrix:

(t=1, Scared) =

1/3*%0.2 =0.0667. al (t=2, Fine) = max (0.0667*0.1,

0.1667*%0.3, 0.3*0.7)*0.8 = max (0.006, 0.05, 0.21) * 0.8=0.168.

I1=[1/3,1/3,1/31

Figure 6.An example ofHMM and Viterbi calculations

3. PROFILE HIDDEN MARKOV MODELS

Even though HMM has been successfully used in linguistics such as speech recognition,
however, it currently being used in modeling molecular biology sequences (e.g. genes and
proteins) through what is called profile HMM. A profile HMM is a certain type of HMM that
allowsposition dependent gap penalties. Hence, a profile HMM generally used for protein
classification by creating a profile for each family through a sequence alignment process. The
motivation of profile HMM is that it treats protein-spelling complexities in a systematic way.
Figure 7show a profile HMM. As shown, profile HMM is a special type of Left-Right HMM (i.e.
one direction) contains three stats: match, insert, and delete. In classification systems, the Baum-
Welch (Forward-Backward) algorithms used for training and the Forward (any-path) algorithm
used for scoring. Viterbi algorithm also used in profile HMM training and classification. Hence,
profile HMM used to build an individual profile for each family and then find the max probability
(i.e. the most likely family) of a molecular sequence, in question, given the model.

OO

IiviEi

Lo} ]

| piaich }

Figure 7. A profile HMM

Ty

Figure 8 shows examples of match insert, delete cases of some of molecular sequences. The
match case in Figure 8 (a) shows the most conserved states (shaded area=»ACTAGT). After
selecting the main states, the insert states specified as shown in Figure 8 (b). Hence, the match
state characterized by high frequently observed symbols while insert states are the little observed
one. Case (c) shows the delete states. As showing Figure 8 (c), the third sequence has a gap in the
column 4 whereas this location has previously considered as a main states. Therefore, the case
represented as a delete case. Similarly, the fourth sequence has a delete case.
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{a) Match cases [ (b} Inscrt cases I {c) Delete cases
BE-TE-BY | AC-TA-GT | AC-TA-GT
RC-TRCGT AC-TREGT AC-TRCGT
GC= 8T AOG—A—GT ACG=A—GT
A=-TACET A —=TROET As="ALI]

ACCTA—GT ACGTAR~GT BOGTA-GT
Figure 8.Match, Insert, and Delete cases

4. LINGUISTIC APPLICATIONS

In the literature, there are quite many studies on modelling content dependencies for linguistics
applications. Markov chain models and HMM are of great interest to linguistic scholars who
primarily work on data sequences. Even though this study focuses on linguistic applications,
however, Markov chains used to model a variety of phenomena in different fields. Figure 9
showssome of applications employed Markov chains. We intentionally ignored the references as
the literature hastoo many studies employed Markov chains:

imiage processing. fext and image compression, video segmenfation forecasting,
petworking, signal processing, commumications, software festing, genefics,
bioinformatics, genome siruciive recopmifion, anomaly detection,  tumonr
classification, water quality, epidemic spread, wingd power, malicions and cyber-
aftack defeciian, n'r:gﬂw managemen, pinsics, chemisiry, mathemalical bialogy,
gones, music, multimedia processing, business activities, fraonds detection,

Figure 9.Some of Markov chains and HMM applications

The following two subsections include some of the linguistic studies that utilized Markov chain
theory. Linguistic applications topics mainly include (but not limited) speech recognition,
speech emotion recognition, part-of-speech tagging, machine translation, text classification, text
summarization, optical character recognition (OCR), named entity recognition, question
answering, authorship attribution, etc. For the reader who interested in NLP, Reference [12] is a
good reference as it demonstrates a thorough study of NLP (Almost) from Scratch.

4.1. NLP Markov Chains Based Research

The literature has a large number of studies that employ Markov chains for NLP applications. The
following are some linguistic related applications. Reference [13] proposed a word-dividing
algorithm based on statistical language models and Markov chain theory for Chinese speech
processing. Reference [14] presented a semantic indexing Markov chains algorithm that uses both
audio and visual information for event detection in soccer programs. Reference [15] investigated
the use of Markov Chains and sequence kernels for the task of authorship attribution. Reference
[16] implemented a probabilistic framework for support vector machine (SVM) that allows for
automatic tuning of the penalty coefficient parameters and the kernel parameters via Markov
chain for web searching via text categorization. Reference [17] demonstrated an automatic video
annotation using multimodal Dirichlet process mixture model by collecting samples from the
corresponding Markov chain. Reference [18] used a linguistic steganography detection method
based on Markov chain models. Reference [19] showed how probabilistic Markov chain models
used to detect topical structure in large text corpora.
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Reference [20] proposed a method of recognizing location names from Chinese texts based on
Max-Margin Markov network. Reference [21] utilized Markov chain and statistical language
models in a linguistic steganography detection algorithm. Reference [22] proposed a Markov
chain based algorithm for Chinese word segmentation. Reference [23] presented two new textual
feature selection methods based on Markov chains rank aggregation techniques. Reference [24]
proposed a Markov chain model for radical descriptors in Arabic text mining. Reference [25]
presented statistical Markov chain models for the distributions of words in text lines. Reference
[26] proposed a method for handwritten Chinese/Japanese text (character string) recognition
based on semi-Markov conditional random fields (semi-CRFs). Reference [27] presented a
Markov chain method to find authorship attribution on relational data between function words.
Reference [28] utilized a probabilistic Markov chain model to infer the location of Twitter users.
Reference [29] proposed a Markov chain based technique to determine the number of clusters of
a corpus of short-text documents. Reference [30] proposed a Markov chain based method for
digital document authentication. Reference [31] used Markov chain for authorship attribution in
Arabic poetry. Reference [32] investigated the application of mixed-memory Markov models
(MMMs) to automatic language identification. MMMs used to approximate standard statistical n-
gram models (n > 2) by a mixture of bigram models.

4.2. NLP Hidden Markov Models Based Research

HMM based research has been for long an active research area due to the rapid development in
NLP applications. The literature has many studies as follows. Reference [33] proposed to extract
acronyms and their meaning from unstructured text as a stochastic process using HMM.
Reference [34] proposed a morphological segmentation method with HMM method for
Mongolian. Reference [35] employed HMM for Arabic handwritten word recognition based on
HMM. Reference [36] presented a scheme for off-line recognition of large-set handwritten
characters in the framework of the first-order HMM. Reference [37] proposed the use of hybrid
HMM/Artificial Neural Network (ANN) models for recognizing unconstrained offline
handwritten texts. Reference [38] used HMM for recognizing Farsi handwritten words. Reference
[39] describes recent advances in HMM based OCR for machine-printed Arabic documents.
Reference [40] proposed a HMM based method for named entity recognition. Reference [41]
combined text classification and HMM techniques for structuring randomized clinical trial
abstracts. Reference [42] employed HMM for medical text classification. Reference [43]
proposes text (sequences of pages) categorization architecture based on HMM. Reference [44]
described a model for machine translation based on first-order HMM. Reference [45] introduced
speech emotion recognition by use of HMM. Reference [46] presented a HMM based method for
speech emotion recognition. Reference [47] discussed the role of HMM in speech recognition.
Reference [48] indicated that almost all present day large vocabulary continuous speech
recognition (LVCSR) systems based on HMM. Reference [49] presented a text summarization
method based on HMM. Reference [50] presented a method for summarizing speech documents
using HMM. Reference [51] used HMM for part-of-speech tagging task. Reference [52]
presented a second-order approximation of HMM for part-of-speech tagging task.

4.3. Profile Markov Models Based Research

Up to the date of writing this paper, no profile HMM based research found to serve NLP. Most of
the works related to molecular applications.
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5. CONCLUSIONS

In this paper, we presented Markov chains and HMM as standard models in language modelling.
In the last decades, utilizing Markov and Hidden Markov based concepts have been steadily
increasing in linguistic applications such as speech recognition, part of speech tagging, and noun-
phrase chunking. This work discussed the potential and the size of Markov and Hidden Markov
based research particularly related to NLP applications. For future work, it is worthy to compare
the capabilities of HMM with other machine learning tools such as deep neural networks in
building automatic speech recognition (ASR) systems.
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Abstract The pronunciation variation is a well-known
phenomenon that has been widely investigated for auto-
matic speech recognition (ASR). The knowledge-based
phonological rules are generally used to capture the accu-
rate phonetic realization in order to minimize the mismatch
between the ASR dictionary and the actual phonetic repre-
sentation of the speech signal. For the Arabic ASR, there
are a number of studies that employ these rules on Arabic
ASR systems; however, little research has been devoted to
measure the precise performance of each rule. In this paper,
we aim at finding the exact effect of each rule as well as
the rules that have no influence. We used the Carnegie Mel-
lon University PocketSphinx speech recognizer with a new
“in-house” modern standard Arabic speech corpus that
contains 19 h for training and 3.7 h for testing. We evalu-
ated the effect of three famous rules (Shadda, Tanween,
and the solar letters). The experimental results do not show
clear evidence that using phonological rules for ASR dic-
tionary adaptation can enhance the performance for within-
word pronunciation variation. The obtained results might
be an indication to rethink or use other ASR performance
aspects, such as cross-word pronunciation variation and the
optimal phonemes set of the Arabic language.
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1 Introduction

Automatic speech recognition (ASR) is of particular
interest in different fields, such as human computer inter-
face (HCI) and the natural language processing (NLP).
Recently, the Arabic large-vocabulary speaker-independent
continuous speech recognition system has received signifi-
cant attention in the NLP research community. However,
Arabic ASR poses some challenges, such as the difficulty
to obtain corpora for dialects that are spoken rather than
written (i.e. there is no common standard for writing),
difficulty in obtaining a large diacritized text as the Ara-
bic allows writing without diacritics, and the enormous
number of word forms due to the morphology richness of
Arabic. In addition to the previous difficulties, the pronun-
ciation variation phenomenon adds further challenges to
ASR systems. That is, the continuous speech naturally has
some acoustic variations that not accounted for in the pro-
nunciation dictionary, which can lead to less than optimal
performance. Due to the pronunciation variation problem,
it is almost impossible to consider all possible variants in
the pronunciation. No doubt that the mismatch between
the acoustic features of the speech signal and the phonetic
transcription in the ASR dictionary is a source of errors.
In fact, it is extremely important that the phonemes of the
pronunciation dictionary to adequately represent the actual
contents of the training speech files. Pronunciation varia-
tions modeling is an active research area for robust ASR as
well as the other related applications, such as text-to-speech
systems to generate speech that is more natural.

One approach to tackle the pronunciation variations is
through the language’s phonological rules that consider
the phonetic mismatch through ASR pronunciation dic-
tionaries. For instance, (Ramsay et al. 2014) indicates
that the performance of ASR is improved by shrinking the
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mismatch between the speech and the text used in train-
ing the acoustic model. Employing phonological rules for
the ASR dictionary adaptation is classified as a knowledge
based approach, however, data-driven is another option for
the pronunciation variation. Hence, both approaches intro-
duce some variants to generate phonetically rich diction-
ary pronunciation that might alleviate the acoustic changes
on the performance. Modeling pronunciation variation
includes two types, the within-word and the crossword pro-
nunciation variation. In this work, we consider a knowledge
based approach for within-word pronunciation variation.
For comparison purposes and to evaluate the phonologi-
cal rules, this work considers two testing cases: the base-
line case and the dictionary adaptation case. The baseline
case uses the phonemes set without any adaptation while
the dictionary adaption case considers some rules. For each
adaptation case, the ASR performance is evaluated to sepa-
rately measure the impact of the corresponding rule.

In this paper, we employed the latest Carnegie Mel-
lon University (CMU) PocketSphinx ASR engine (CMU
Sphinx Downloads 2017) for exploring the effect of the
Arabic phonological rule on the Arabic ASR performance.
PocketSphinx includes the latest available releases as fol-
lows: sphinxbase—S5prealpha, PocketSphinx—S5prealpha,
SphinxTrain—5prealpha. In the experiments, we used a
new “in house” continuous speech corpus that contains
19 h for training and 3.7 h for testing. The speech is of
broadcast news using the modern standard Arabic (MSA).
The speech transcription is manually diacritized. This study
also presents the intermediate steps for training and decod-
ing, such as the proposed and used phonemes set, the pro-
nunciation dictionary, the acoustic model, and the language
model. We emphasize that this work is a preliminary step
toward further research using the newly created corpus.
This corpus has been fully supported by Kuwait University.
The size of the corpus in this work is 22.7 h; however, we
aim at increasing the size to about 30 h.

In the next section, we present the motivation of pronun-
ciation variation for the Arabic ASR. In Sect. 3, we pre-
sent the literature review followed by the phonemes set in
Sect. 4. Section 5 presents the Arabic phonological rules
followed by the baseline system in Sect. 6. Section 7 pre-
sents the proposed method and the experimental results in
Sect. 8. We present diacritization in Sect. 9 and, finally, the
conclusion and the future work are presented in Sect. 10.

2 Motivation
The acoustic properties of speech signals introduce some
pronunciation variations, which is the major source of

errors in ASR. Hence, employing phonological rules in
ASR might enhance the supposed match between the
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transcription of the speech files and the actual acoustic fea-
tures in the training process. In the case of training, without
considering the phonological rules, many of the phonetic
segments might lose suitable representation in the acous-
tic model. The differences between the actual speech sig-
nal and the phonetic spelling of the ASR dictionary leads
to out-of-vocabulary word forms and, therefore, reduces the
performance. The variation comes into the form of inser-
tions, deletions, or substitutions of phoneme(s) beyond
their listed forms in the ASR dictionary. (Benzeghiba and
De Mori 2007) lists the major sources of errors in ASR,
which include foreign and regional accents, speaker physi-
ology, speaking style and spontaneous speech, rate of
speech, children’s speech, emotional state, and more. In
order to handle the phonetic mismatch cases, some vari-
ants are generally added to the ASR dictionary (that is also
called the lexical adaptation). For the Arabic ASR, little
research has been devoted to find the exact contribution
of each phonological rule on the overall performance. The
motivation of this work is to explore the performance using
some of the well-known rules. Based on our best knowl-
edge, this is the first attempt to explore the effect of these
rules using a continuous speech corpus. In fact, the Arabic
ASR research is in need of exhaustive practical studies to
define the most influential phonological rules. The precise
evaluation of the most influential rules might lead to gener-
ating a phonetic transcription that is a reasonably approxi-
mation to reality. In addition, this study aims at finding the
pronunciation rules that have no effect or even degrade the
performance, if any.

3 Literature review

The literature shows that employing phonetically rich
dictionaries will perform better than standard dictionaries
that have no variants. For instance, (Fosler-Lussier et al.
1999) showed that the mismatch between the phonetics
recognized and the word’s phonetic transcription in the
dictionary increases word error rate (WER) and degrades
performance. (Fosler-Lussier et al. 1999) showed that the
ASR performance will be highly improved if there is a
closer match between the phonetic sequence recognized
by the decoder and the phonetic transcription in the dic-
tionary. Phonological rules have been utilized in ASR
systems for different languages. For instance, (Tajch-
man et al. 1995) and (Finke and Waibel 1997) used a
set of US English rules to generate pronunciation vari-
ants. (Wester 2003) and (Kessens et al. 1999) used a set
of Dutch phonological rules to model pronunciation
variations. (Kyong-Nim and Minhwa 2007) and (Jeon
et al. 1998) used a set of Korean phonological rules to
generate pronunciation variants. (Liu and Fung 2003)
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applied phonological rules to produce variants for Can-
tonese accented Mandarin speech. The knowledge-based
approach was also implemented by (Seman and Jusoff
2008) for spontaneous Standard Malay.

For the Arabic language, (Ali et al. 2009) developed
a software tool to generate pronunciation dictionaries for
Arabic texts using Arabic pronunciation rules. This tool
was later used in other works, such as (AbuZeina et al.
2011, 2012). However, the tool that was developed by
(Ali et al. 2009) demonstrated the performance of the
overall performance without the precise evaluation of
each rule. (Alghamdi et al. 2007) demonstrates a phoneti-
cally rich ASR dictionary for a news transcription system
for MSA. (Ramsay et al. 2014) presents a comprehensive
system for generating a phonetic transcription based on
a set of (language-dependent) pronunciation rules that
convert the fully Arabic text into the actual sounds. The
experimental results in (Abushariah et al. 2012) show
that the non-diacritized case slightly outperforms the
diacritized text case for a phonetically rich and balanced
Arabic speech corpus. The research in (Vergyri et al.
2008) found that the diacritized text improved the acous-
tic model more than undiacritized orthography. Most of
the previous works were performed using relatively small
corpora; however, we used a larger corpus to explore the
effect of phonological rules on Arabic ASR. (Masmoudi
et al. 2014) employed a set of pronunciation rules (80
rules) for creating a phonetic dictionary for the Tunisian
Arabic. (Biadsy et al. 2009) shows that using linguisti-
cally motivated pronunciation rules can significantly
improves the ASR performance. (Al-Haj et al. 2009)
demonstrated the knowledge-based approach to add
variants to dictionary. They worked on the Iraqi-Arabic

speech and focused on short vowels. The literature shows
many studies have discussed the phonological rules,
however, no study explores the impact of these rules
separately.

4 The phonemes set

The phoneme is the basic unit of speech that represents a
distinctive sound of the language’s phonology. Hence, a
change of a particular phoneme in a word makes a change
in the meaning of the word. Phonemes play a vital role in
the performance of ASR and text to speech systems. In this
work, we propose a phoneme set that is used to evaluate the
recognition performance of the prepared corpus. The pro-
nunciation dictionary is prepared using the proposed pho-
nemes set by a mapping process between the Arabic letters
(the language’s vowels and consonants) and their corre-
sponding phonemes. However, in some cases, morphologi-
cally driven rules are used for a phonetic rich dictionary.
In addition, some pronunciation exceptions might be manu-
ally processed for better acoustic representation. (Ali et al.
2009) and (Ramsay et al. 2014) elaborate on Arabic pho-
nemes and the pronunciation rules.

In general, creating a dictionary of a particular language
requires linguistic experts and a deep knowledge of the lan-
guage sounds. However, the choice of the phoneme in the
phonemes set is not straightforward as it has some con-
straints. For instances, it should represent the relevant
information of the language sounds, it should consider the
surrounding context between the letters, and it should care-
fully estimate the starting and the ending of the letters. No
doubt, the phonemes that are used to represent the training

Table 1 The Arabic letters and # | Letter | Phonem | # | Letter | Phonem | # | Letter | Phonem
the phonemes set e e e
1 3 E 17 D R 33 ° H
2 | AA 18 J Z 34 w
3 I O 19 o S 35 AY
4 K EW 20 U SH 36 Y
5 ) I 21 U SS 37 N
6 s EY 22 U DD 38 N
7 | A 23 L TT 39 N
8 o B |24| & 77 |40 AU
9 ; P 25| ¢ AE |41 AW
0] < T 26| ¢ GH |4 Al
11 & TH 27 s F 43 ~
2] = T 28] 5 Q 44| ¢ AUA
3] ¢ HH | 29| & K 45| = AWW
4 ¢ KH 30| O L 46| & ALY
15 3 D 31 o M
16 3 DH 32 O N
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words characterize the quality of the acoustic models and,
therefore, the overall performance. Table 1 shows the pho-
nemes set used in this work. It contains 46 phonemes. In
addition to the Arabic letters, the table includes the short
vowels that are Fatha (-::f::s), Damma (a:f:s), and Kasra (i) As
shown in the table, the Shadda () is represented using the
symbol (~). We also used three phonemes to represent the
Fatha that proceeds Alif (1) =» U as a single phoneme that
is (AUA), the Damma that proceeds Waw (5) = ¢ as a
single phoneme that is (AWW), and the Kasra that pro-
ceeds Ya (g) = - as (AIY). The reason for handling
these cases as a single phoneme is that the pronunciation of
the short vowels is different when it proceeds the long vow-
els. Hence, it would be correctly transcribed as single pho-
nemes. For instance, “AW”, “W” would be short vowel /
AW/, consonant /W/, which is different in pronunciation
from long /AWW/ as a single vowel, and likewise for the
others. Consider the English name of the country “Kuwait”.
That would be correctly transcribed as /K AW W Y T/,
because the /AW/ and /W/ are separate phonemes. But
that’s different from when the Arabic character « 4> is
used as the long vowel /AWW/ such as in the word
“cie 3'u52” which means “projects”. Hence, AUA, AWW
and AIY has a better representation of the actual sounds
that reflects the actual pronunciation. In this work, the
transliteration of Arabic will be presented using the pho-
nemes that are shown in Table 1. Table 1 has no symbol for
Sukon (<) that does not correspond to any sound.

The selection of a phoneme symbol is an optional and it
does not matter what phoneme symbol is used for an indi-
vidual letter. For instance, (Ali et al. 2009) used (UW) for
(&) while we used (AWW). In the training stage, each pho-
neme is modelled using a sequence of a hidden Markov
model (HMM) that is stated for computing the acoustic
model. In the decoding stage, the phoneme is initially rec-
ognized and then used to find the most likely spoken words
based on the best-matched phonemes between the speech
file in question (the observations) and the trained HMMs of
the acoustic model.

5 The Arabic phonological rules

In this work, we employ knowledge based phonological
rules to model the pronunciation variations in an Arabic
ASR for MSA. That is, a set of rules (defined by the expe-
rience of language experts) are used to adapt the phonetic
dictionary in order to account for some variations that natu-
rally occur in the Arabic pronunciation. (Elshafei 1991)
is a good reference for the Arabic sounds. The essence of
this work is to replace the standard phonetic representation
to the expected actual pronunciations to, hopefully, per-
form better in the training and the decoding process. The
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rules convert the phonetic transcription in the dictionary to
a “better” phonetic form that is close to the actual sounds
based on the neighboring phonemes. Hence, the phonologi-
cal rules could predict the variation within a word in order
to control its representation in the dictionary. The rules
introduced in this study include Shadda (Bml\), Nunation or
Tanween ((p4ill), and Assimilation (plea¥l) using the sun
letters also called solar letters (el o all).

To clarify the pronunciation differences due to the phono-
logical rules, Table 2 shows the used rules along with exam-
ples. The Shadda () rule is a double or repeat of the previ-
ous consonant (also called the gemination mark). Nunation
also called Tanween is a doubling of short vowels that
includes (-::f;:z; u, < a, : 1)- Hence, Tanween includes any
case of Dammatan (two consecutive short Damma), Fathatan
(two consecutive short Fatha), or Kasratan (two consecutive
short Kasra). Each Tanween is symbolized as (¢ 2 ¢.).
Assimilation is a merging of the sounds of two consecutive
consonants (it could be within a single word or between two
separated words) to produce a single geminated sound, so
that the two sounds become alike or even identical. In this
work, we used assimilation using the solar letters:
{&T,&TH, 2D, %DH, JR, »:Z, xS, 6:SH,
=SS, o=DD , &:TT, .27 , JL, &N } . The L «“J”
that proceeds any of the solar consonants is assimilated with
the consonant.

6 The baseline system

The goal of preparing the baseline system is to compare
the performance when employing the phonological rules.
Creating a continuous speech corpus was the first step in
this research. We got the raw MSA speech files form (Al-
Sabah TV 2007) in Kuwait. The speech contents belong to
broadcast news. We performed the preprocessing step that
includes segmenting the long speech files into short seg-
ments of 30-60 s. The produced segmented speech files
cover different news stories and it sums up to 22.7 h of
29 speakers (19 male speakers and the rest are for female
speakers). The speech files were sampled at 16 KHz mono.
A silence of 0.1 s was used at the beginning and at the end
of each speech file. We collected 2160 speech files that
were transcribed and manually diacritized. The speech files
were divided into two parts: the training set that contained
1802 speech files (19 h) and the testing set that contained
358 speech files (3.7 h). We emphasize that creating a con-
tinuous speech corpus is a time-consuming task.

The training stage of an ASR system consists of build-
ing an acoustic model that is a major component of ASR
engines. Acoustic models statistically represent the rela-
tionships between the speech signals and the language
phonemes. It has been long observed that the HMM based
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Table 2 The popular Arabic phonological rules

No. Rule Examples Phonetic transcription Actual Meaning
pronunciation
el ALT~AUNMAIY AUP el Development
1 Shadda Gl |ALT~AUNAUSAIYQ Cwaiill Formatting
<53 | MAWSHAUR ~ AIF Cay b Honorable
da=s | MAW AEDD AIL AUP WW Cilians Problem
2 Tanween 5 yrina M AW AEAUTB AIRPUU i _dina Consider
Laadl M AW FAEAUMAU P II Cflaria Replete
aull ALTABAIAE Al aul Dependent
gl Al ALTHAURAEAI £l i) Get rich
e lal ALDAAEAIMAUP dac Support
il | ALDHAUHAUB Al ) Gold
0wl [ALR~AUEYYS Al o) President
o ) ALZ~AWJAUATAI ) Glass
3 | Assimilation A EET AT S T A HH AL L Al Jal Coast
(solar letters) ™77 AL SHAUB AU A B AW W] Young
»al [ ALSS~AUADAIR Rl Issued
Lial [ ALDD~AUBTT Ll Settings
FEIN] ALTT~AUAQAUP 4| Energy
ol ALZZ~AUN obl Suspicion
aall) ALLAU~JNAUP Lal) Committee
) ALNAUAEY AIB Y Deputy

acoustic models have been successfully implemented in the
state of the art speech recognizers. CMU Sphinx speech
engines support three types for HMM based acoustic mod-
eling. For instance, the CMU Sphinx configuration file
“Sphinx_train.cfg” has the commands to enable or disable
the desired acoustic model. The types of acoustic models
include the traditional fully continuous, the semi-continu-
ous, and the phonetic tied-mixture (PTM) models. Despite
the common implementation of fully continuous and semi-
continuous in the Arabic ASR, however, PTM is a recent
method that is compromised between important factors,
such as speed and performance. It is also characterized by
fast decoding as well as its ability to handle large amounts
of speech collections. In this work, we used the PTM based
acoustic models.

The pronunciation dictionary was generated using a
Python based program based on the proposed phonemes
set. The total number of unique words in the training set is

37,158. The corpus vocabulary and the size of the speech
corpus determines some training parameters, such as the
number of Senones (tied-state) and the number of Gauss-
ians. Table 3 shows the approximation number of Senones
and the Gaussian densities according to the vocabulary and
the size of some English speech corpora (Training Acoustic
Model for CMUSphinx 2017). For the language model, we
used the CMU language toolkit (Building Language Model
2017) to calculate the statistical N-grams (i.e. 1, 2, and 3-g)
based on the entire corpus transcription.

In addition to the previous steps, the SphinxTrain per-
forms some internal tasks, such as computing features from
audio files, training context independent models, training
context dependent models, build trees, prune trees, lattice
generation, lattice pruning, and finally decoding using the
trained models. Once having the trained acoustic model,
the PocketSphinx is used for decoding by utilizing other
components, such as the pronunciation dictionary and the

Table 3 The approximate

Vocabulary Hours Senones Densities Example
number of senones and
Gaussian densities 20 5 200 8 Tidigits digits recognition
100 20 2000 8 RM1 command and control
5000 30 4000 16 WSIJ1 5k small dictation
20,000 80 4000 32 WSIJ1 20k big dictation
60,000 200 6000 16 HUBA4 broadcast news
60,000 2000 12,000 64 Fisher rich telephone transcription
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language model. In ASR, the training phase is time-con-
suming. Hence, we considered speeding up the execution
time using an option in the PocketSphinx. We used the con-
figuration file that is called “sphinx_train.cfg”. This file has
an option for the multiprocessing mode. The two options
that can be used for reducing the training and the decod-
ing time are as follows. $CFG_NPART = 10 =) the number
of parts to run forward-backward estimation; and $DEC_
CFG_NPART =10 =) how many pieces to split decoding.
The number ten is specified by the user according to the
desired factor to reduce the execution time. The default
value of these two parameters is one. This option is help-
ful since it clearly reduces the execution time by utilizing a
number of processors in multicore machines.

7 The proposed method

The proposed method includes the dictionary adaptation
(also called lexicon adaptation) process to change the
phonetic transcription in the pronunciation dictionary
according to the phonological rule effect. We have three
cases that are included: Shadda, Tanween, and Assimila-
tion. For the Shadda rule, we investigated two cases. The
first case is to discard the Shadda. For instance, “T ~”

becomes “T”. The second case includes a replacement of
the Shadda (~) to the proceeding consonant. For instance,
“T ~” becomes “T T”. Table 4 shows examples of the
replacement process for the two cases. Of course, the
replacement will occur for the dictionary’s words that
have Shadda. When implementing this rule, the pho-
nemes set is also adapted to remove the Shadda phoneme
(or the Shadda symbol) from the phonemes list since it
is not used anymore. No change is performed on the lan-
guage model. After the dictionary adaptation, the acous-
tic model is trained to generate the modified acoustic
model.

The same process is repeated for the Tanween rule.
For all the dictionary’s entries that include any of the
symbol {( WW :&),(UU :&),(IT: )} they will be
replaced to N. Hence, the Tanween rule is appended as N
instead of the Tanween symbols. Table 5 shows some
examples.

For the solar letters, the transformation includes an
assimilation process of the phoneme (L) with the fol-
lowing solar consonant. (Akesson 2010) phonetically
explained that the letter (L) and the solar letters have
a close articulation area and they all originate from
between the teeth to the lower part of the palate. Table 6
shows the dictionary adaptation for this rule.

Table 4 The Shadda rule

The Shadda rule

transformation process

Case 1: discarding Shadda

Case 2: duplicate the proceeding
consonant

Before dictionary adaptation

Before dictionary adaptation

BI0AUT~AULAU

BI0AUT~AUL AU

After dictionary adaptation

After dictionary adaptation

BIOAUTAUL AU

BIOAUJITAUL AU

Table 5 The Tanween rule transformation process

The Tanween rule

Case 1: replace (&) by (N)

Case 2: replace () by (N)

Case 3: replace (:3) by (N)

Before dictionary adaptation

Before dictionary adaptation

Before dictionary adaptation

31O AUAED AU AD WW

:l=ci O AUAE DD AU A EUU

<O AUHD AU AFII

After dictionary adaptation

After dictionary adaptation

After dictionary adaptation

3<IOAUAEDAUADN

:Laci O AUAEDD AUAEN

u O AUHDAUAFN
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Table 6 The Solar letters transformation process
The Solar letters rule
{<T,&TH, xD,%DH, »R, »Z, u=S, S:SH, u=:SS, s=:DD, =TT, 77 , J:.L , 0:N}
Case 1: replace (3) by (S0 Case 2 ... Case 13 (for all Solar letters) Case 14: replace () by (<))
Before dictionary adaptation Before dictionary adaptation Before dictionary adaptation
(L)AL (D pedll, QD ), ()D> )
@U\ ALTABAIAEAI Al ()= Glasadl, (U3 G, W ALNAUAEY AIB
(Ua)=> Al (Ua)=> Lall (L)
ekl (@)D gLkl (J)=D aasll
After dictionary adaptation After dictionary adaptation After dictionary adaptation
()5Sl (DD s, (YD cadl, () ‘
@Lﬂ\ A TABAIAE AI Al ), ()= Ghasal, (LS G, (Ua)=D> <l AN AU AEY AIB
dlaal, (=)D Ldal, (L) b, (L)=D>
LJ}JL\’ (d)e Ayl
M ALT~AUR AU SH~ ATHH Table 7 The baseline system performance
» £ | - -
:Ej;ljll 2 % ¥~ ::g gig 8 . ixg :}W Experiment  Densities Senones WER (%) Accuracy (%)
oA - -
&55)%11 i E $ _ ig i 28 ¥~ ig ¥§ AW 43 Phonemes (without AUA, AWW, and ATY)
WAMALT~AUZKAIY AUP AW 1 64 500 31.2 68.8
J;_,;;}:A Iﬁ; AILJI?;‘ }V ?IYYLR 2 128 500 312 68.8
Sl AL T~ A A
Jedl AL T~AUSJAIY L AU 3 256 500 31.2 68.8
o MALT~AUSTAIYL AW 4 64 1000 31.0 69.0
5 128 1000 30.9 69.1
Fig. 1 Some entries of the baseline dictionary 6 256 1000 313 68.7
7 64 2000 31.1 68.9
8 128 2000 31.1 68.9
8 Experimental results 9 256 2000 3L5 68.5
46 Phonemes (with AUA, AWW, and AILY)
This section presents the experimental results based on the 10 128 1000 30.4 69.6
introduced MSA speech corpus. In this work, we used three
emitting states of HMM s that corresponds to the subphones
at the beginning, middle, and end of the phones. The acous-  Table 8 Rough WERs for a number of English corpora
tic models were calculated using context-dependent HMM Speech collection Vocabulary WER %
triphones. Our acoustic models are all trained using the
SphinxTrain for the phonetic tied-mixture (PTM) Pocket- ~ TIDigits 11 (zero-nine, oh) 0.5
Sphinx. The performance is measured based on different ~ Wall Street Journal read speech 5000
parameters, such as the number of Senones and the number ~ Wall Street Journal read speech 20,000
of Gaussian densities. Word Error Rate (WER) was used  Broadcast News 64,000+ 10
to evaluate the ASR performance in investigating the dif- ~ Conversational telephone speech 64,000+ 20

ferent cases. We initially evaluated the performance using
the phonemes set presented in Table 1. Regarding the pho-
nemes set, we evaluated the performance for two cases (43
phonemes and 46 phonemes). Figure 1 shows some entries
of the baseline dictionary.

We initially conducted the experiments without employ-
ing the phonemes (L:AUA, $:AWW, :ATY). In fact,
we wanted to measure the impact of these phonemes on the
overall performance. Then, for the best performing case,
we repeated an experiment with employing the phonemes
(©:AUA, $:AWW, —:AIY) as shown in Table 7. Hence,
there is a slight performance difference when combining

the short vowels with the long vowels. It seems that the dif-
ference (0.5%) is small but not significant. For investigating
the phonological rules, we used the baseline dictionary that
has no (:AUA, :AWW, :AIY) phonemes. It is worthy
to mention that the Phonemes set also includes one more
phoneme, which is SIL to handle the silent cases at the
beginning and the end of speech files.

This relatively low accuracy is reasonable since we
used a small size corpus. Ideally, ASR requires 200-300 h
speech corpus. The language models also require huge
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textual data (gigabytes of text) for reasonable performance.
It is reported in the Training Acoustic Model for CMUS-
phinx (2017) that the WER for 10-h task should be around
10%. For a large task, it could be around 30%. Table 8
shows the WER for some ASR systems using different
English speech corpora (Jurafsky and Martin 2009).

One more reason for the obtained relatively low accu-
racy is that the used corpus has no filler dictionary. The
filler dictionary generally contains noise and inhalation
speech that are appropriately handled during the training
phase. The fillers require indicating the noises and inhala-
tions in the transcription of the speech files, which is an
extremely difficult task for our corpus. The output of this
work is demonstrated in Table 9. Based on the obtained
results, no clear evidence that employed phonological rules
is of significant performance enhancement in the case of a
within-word pronunciation variation model. We emphasize
that this work is based on replacing the standard phonetic
transcription in the baseline dictionary by the proposed
phonetic transcription, as some well-known method is
based on adding the variants while, at the same time, keep-
ing the standard phonetic transcription.

9 The effect of diacritization

Diacritization is the process of marking the letters using
optional orthographic symbols that are called diacritics
(i.e. the short vowels). The Arabic formal text is generally
written without diacritics, which produces different pro-
nunciation forms. That is, the Arabic writing system allows
discarding short vowels and, hence, forcing the reader
to use the prior knowledge and the words context to infer
the missing diacritics. For the Arabic ASR, the problem
of short vowels is that they are generally pronounced, but
almost never written, which adds more challenges to the
learning process. The missing of short vowels may increase
the ambiguity in the acoustic model and, hence, produces
less than optimal performance. The study in (Vergyri and
Krichhoff 2004) indicates that the non-diacritized text
leads to problems for both acoustic and language modeling
and therefore may lead to a loss in recognition accuracy.

Similarly, it is reported in (Kirchhoff et al. 2002) that the
missing of short vowels leads to a significant increase in
both the language model perplexity and the word error rate.

The importance of diacritization is that it enhances the
supposed match between the phonetic transcription of the
training textual files and the corresponding speech files. In
fact, it is extremely important that the phonemes of the pro-
nunciation dictionary adequately represent the actual train-
ing speech. In the case of training using non-diacritized
text, many of phonetic segments will be lost because the
short vowels are not there. Despite short vowels that help
the reader to realize the meaning of a particular word, not
using fully diacritized text might lead to ambiguity as the
same word might have several meanings. For instance, the
word “4ia: J N P” has three different meanings based on
the short vowels (u) ) on the first letter:
(4, 43 ) JUNP,JANP,JINP) so it can
mean protection, paradise, and jinn, respectively. More on
Arabic diacritization and some other related challenges are
found in (Al-Anzi and AbuZeina 2015). On other hand,
obtaining a sizable diacritized text for ASR and NLP appli-
cations is extremely difficult as well as a time-consuming
task.

In this section, we present the performance using non-
diacritized text. The experimental results show that the
non-diacritized text system scored 81.2% while the dia-
critized text based system scored 69.1%. The dictionary
size in case of non-diacritized is 23,481 unique words,
however, the dictionary size of the base line is 37,158.
Even the diacritized case has less accuracy due to the slight
differences in diacritics; however, the non-diacritized case
might be adequate and faultless for the Arabic native speak-
ers. Regarding the execution time of both the training and
the decoding stages, we found that the non-diacritized case
required less execution time due to the reduced vocabulary.

10 Conclusion and future work

This paper presents an experimental ASR performance
evaluation using a set of Arabic phonological rules. We
investigated three well-known rules for within-word

Table 9 The Performance of

. Experiment The phonetic change Densities Senones WER (%) Accuracy (%)
the phonological rules

The Shadda rule
1 Remove ~ 128 1000 30.4 69.6
2 Duplicate the proceeding 128 1000 31.2 68.8

The Tanween Rule
3 Change (,5,0)to N 128 1000 31.0 69.0

The Solar letter rule
4 Remove L before Solar letters 128 1000 30.7 69.3
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pronunciation variations. We conducted the experiments
using a new continuous speech corpus that contains about
22.7 h of news transcription. The corpus was manually
diacritized. The experimental results reveal that employ-
ing the phonological rules does not clearly enhance the
ASR performance. We investigated three rules that include
Shadda, Tanween, and the solar letters. We emphasize
that we replaced, and did not add, the phonetic transcrip-
tion according to the phonological rules. Accordingly, the
output of this work pushes to rethink the importance of
phonological rules in ASR (i.e. for within-word pronuncia-
tion variations modeling). Hence, we recommend devoting
ASR research for the cross-word pronunciation variations
modeling as well as for finding the optimal phonemes set
of the Arabic. In addition to the phonological rules, this
paper presents an experimental evaluation of diacritized
and non-diacritized based text. The experimental results
show that the non-diacritized based system outperforms the
diacritized based system even with a smaller vocabulary.
However, the diacritized based system gives vowelized text
output, which is not obtained by a non-diacritized based
system.
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The Capacity of Mel Frequency Cepstral Coefficients
for Speech Recognition

Fawaz S. Al-Anzi, Dia AbuZeina

Abstract—Speech recognition is of an important contribution in
promoting new technologies in human computer interaction. Today,
there is a growing need to employ speech technology in daily life and
business activities. However, speech recognition is a challenging task
that requires different stages before obtaining the desired output.
Among automatic speech recognition (ASR) components is the
feature extraction process, which parameterizes the speech signal to
produce the corresponding feature vectors. Feature extraction process
aims at approximating the linguistic content that is conveyed by the
input speech signal. In speech processing field, there are several
methods to extract speech features, however, Mel Frequency Cepstral
Coefficients (MFCC) is the popular technique. It has been long
observed that the MFCC is dominantly used in the well-known
recognizers such as the Carnegie Mellon University (CMU) Sphinx
and the Markov Model Toolkit (HTK). Hence, this paper focuses on
the MFCC method as the standard choice to identify the different
speech segments in order to obtain the language phonemes for further
training and decoding steps. Due to MFCC good performance, the
previous studies show that the MFCC dominates the Arabic ASR
research. In this paper, we demonstrate MFCC as well as the
intermediate steps that are performed to get these coefficients using
the HTK toolkit.
features, Mel

Keywords—Speech  recognition, — acoustic

Frequency Cepstral Coefficients.

I. INTRODUCTION

SR is an attractive user-friendly technology to felicitate
human computer interface (HCI) in different domains. In
the last years, there has been a growing interest to reinforce
natural man-machine communication through speech
technology. In this regard, much research has been devoted to
introduce innovative ideas in the industry for automation
purpose (e.g. banking services, cars, control machines, etc.). In
general, sound is made out of vibrations of an object to
generate a type of energy. The energy causes a movement in
the air particles that propagate as audible waves. The air
particles movement keeps going until they run out of energy.
Humans can hear sound waves with frequencies between about
20 Hz (cycles per second) and 20 kHz. However, the most
sensitive limit of human hearing is in the 2000 - 5000 Hz
frequency range. In general, machine-learning systems perform
feature extraction process at the first place in order to produce
the feature values based on the input patterns, these speech
features are then pass to an ASR system.
MFCC is the classical front-end analysis in speech
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recognition to produce the sequence of real-valued numbers
that represent feature vectors based on the input signal. Since
1980, it has dominated the ASR feature extraction methods due
to its good performance. The success of MFCC makes it the
standard choice in the state-of-the-art speech recognizers such
as the CMU Sphinx [1], the HTK [2], and the Kaldi speech
recognizer [3]. The literature shows that there is a variety of
feature extraction methods; however, it is clearly observed that
MFCC is extensively used in the most speech classification
tasks. An example of another feature extraction method is
Perceptual Linear Prediction (PLP) [4]. In fact, previous
studies show that MFCC is an appropriate choice to maximize
the recognition performance as reported by [5]. It indicates that
the MFCC is characterized by better performance and ability of
the frequency domain to model adequately the sound.
Reference [6] indicated the MFCC and the relative spectral
analysis PLP are the most commonly used due to their ability
to provide more robust features in adverse conditions.
Similarly, Reference [7] demonstrated that the most of today’s
ASR systems are based on some types of MFCC, which have
proven to be effective and robust under various conditions.

The rest of this paper is organized as follows. In the next
section, we present some of the challenges of speech features.
In Section III, we present the background of MFCC technique
followed by the literate review in Section IV. Finally, we
conclude in Section V.

II. SPEECH FEATURES CHALLENGES

Due to the difficulties of handling speech features, it has
been long observed that ASR researches employ off-the-shelf
toolboxes for features extraction. It is clear that employing
MFFC, or even other speech features, for speech applications is
not a straightforward task since some of the intermediate
functions are difficult for non-specialist researchers. For
instance, writing a program for fast Fourier transform (FFT),
which is the heart of computing MFCC, requires highly
qualified scientists or engineers who have a solid background
in complex mathematics, and then, can understand and write
FFT program from scratch. No doubt, conducting valuable
research that includes speech processing (e.g. speech
recognition or speech synthesis) requires deep understanding of
signal processing. Speech features pose some challenges in
terms of the nature of the data. For instance, textual data or
even images features are constant, which remain fixed
wherever they appear. To clarify, the features of an article (i.e.
the words or the roots are always the same for a particular text;
however, speech features are not constant as they are
continuously changed according to different aspects such as
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gender, accent, and age, etc. Simply, it is hard to directly
compare speech features due to the (small) differences in
vibrations that lead to completely different sounds. The speech-
recording environment might have noise such as background
music, a second speaker, unwanted breathing, and be affected
by the quality of the microphone, or the health and
psychological state of person. Reference [8] has a thorough
study of the pronunciation variations sources that degrade the
performance of ASR systems. In fact, humans can easily
interpret signals by extracting relevant information; however,
this task is more complex when performed using signal
processing and machine learning algorithms. More problems
can be observed regarding the speech context. Sounds are quite
substantially changed by the surrounding context. The vocal
tract goes through different stages getting from ‘t’ to ‘a’ and
getting from ‘r’ to ‘a’, and the parameters during the transition
will be different as indicated in [9]. Moreover, sounds can last
different amounts of time. Deciding where one ends and the
next one starts is hard. Moreover, the speech extraction process
is a tricky task that requires care and skill. The input waveform
is sliced up into frames (usually of 20~30 milliseconds) to
generate speech spectrum, which is the distribution of energy
as a function of frequency for a particular sound source [10].
Therefore, the waveform is transformed into spectral features
(i.e. acoustic feature vectors), as shown in Fig. 1. The figure is
obtained from reference [11], which has more details of speech
and language processing. For general overview of the difficulty
to handle speech recognition, reference [12] elaborates on
some of the difficulties with ASR.
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Fig. 1 Extracting features by dividing the signal into frames

III. MFCC BACKGROUND

To compute the MFCC, the time domain representation of
the input speech signal is used to produce the spectral
properties, as the patterns are more evident in the frequency
domain. The MFCC consists of a set (39 coefficients) that
represents the speech signal by dividing it to a set of
overlapping short segments called frames. In particular, MFCC
coefficients represent the spectral envelope of the speech signal
on the Mel-frequency scale. Fig. 2 shows the steps to extract
the MFCC of a speech signal. For better performance, the
temporal properties might be considered to obtain the first and
the second derivative (named respectively AMFCC and
AAMFCC) of the first order 13 coefficients. We emphasize that
the first step, which is sampling and quantization, is performed
by the sound card (i.e. a hardware related issue) and is not a
part of the MFCC process. However, it is shown in the figure
as an indication of the nature of the input data for the Pre-
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emphasis stage. The goal of the sampling and quantization
(also called digitization) step is to convert the analog signal to
digital forms for further processing. The sampling rate is the
number of samples taken per second, while quantization is the
process of representing real-valued numbers as integers. It is
worthy to indicate that the MFCC process is not invertible; it is
impossible to get the signal back from the set of MFCCs.
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Fig. 2 Extracting features using MFCC algorithm

Reference [13] highlighted some reasons of MFCC
popularity in parametric representation of the spectrum as
follows. First, the calculation of these parameters leads to a
source-filter separation. Second, the parameters have an
analytically tractable model. Third, experience proves that
these parameters work well in recognition applications. The
following is a brief description of the tasks to extract the
speech features:

Pre-emphasis: Pre-emphasis is performed after the
digitization step. It aims at increasing the amplitude of high
frequency bands and decreases the amplitudes of lower bands.
That is, this stage is to attain the high frequency formants that
carry the relevant information. Without Pre-emphasis, it might
be difficult for the receiver to interpret the signal due to the
suppression during the sound production mechanism. Hence,
the purpose of Pre-emphasis is to apply to the signal with the
proper weight sometimes called alpha. The Pre-emphasis is
also considered as noise reduction module as it leaves the
desired signal untouched, but reduces the noise power
considerably.

Windowing: The pre-emphasized speech signal is subjected
to the short-time Fourier transform analysis with frame
durations of 20-30 ms, frame shifts overlap of around 10 ms. In
this stage, the speech signal is analyzed to extract the stationary
portion of speech using a window function, which can be
characterized by minimizing the discontinuities of the signal.

Discrete Fourier Transform: This stage is the basis of
spectral analysis to extract the speech features based on
magnitude spectrum computation. It is performed by
decomposing an N point time domain signal to obtain the
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magnitude frequency response of each frame. That is, it
calculates the N frequency spectra corresponding to the N time
domain signals

Mel Filter-bank: Computing the Mel frequency spectrum is
performed after the discrete Fourier transform by passing the
spectrum through Mel filters to obtain Mel spectrum. To
produce the filter-bank energies, a number of triangular filters
are used that are uniformly spaced on the Mel scale between
the lower and upper frequency. It is used to approximate the
frequency resolution of the human ear. That is, the Mel scale
approximates the sensitivity of the human ear. The Mel
frequency scale is linear up to 1000 Hz and logarithmic
thereafter.

Log of the Mel spectrum values: Mel filter-bank is used to
generate a range of natural logarithm values and replacing the
original values by this range. It is an approximation of the
spectrum to the Gaussian statistical distribution.

Inverse Discrete Fourier Transform: A set of low order
coefficients is compressed in this transform and used to convert
spectral information. This is called the Mel cepstrum
representation.

Deltas and Energy: The previous step provides the 12
cepstral coefficient for each frame. This step is to add the 13™
feature: the energy from the frame. It is useful to identify
phone identity.

To explain the output of the MFCC algorithm, we used a
small speech file that contains a single Arabic word “as’hum”
that means “stocks”. The speech waveform of this word is
shown in Fig. 3. In addition, the spectrogram of this word is
shown in Fig. 4. The spectrogram is a visualization tool that is
used to understand the information in the signal using time and
frequency. Acoustic phones and their properties are better
observed in spectrogram. The spectrogram representation of
the speech signal is based on short-time Fourier analysis. In the
spectrogram, if gray scale is used, the higher the amplitude (the
energy), the darker the corresponding region; however, if a
color scale is used, the blue represents the low energy, while
the red parts represent high energy [14].
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Fig. 3 A speech signal waveform of the Arabic single word “as’hum”
The HTK system was used to extract the MFCC speech

features of the single word speech file that is represented in
Fig. 3. The speech file is of length 0.323 seconds and uses a
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sampling rate of 16 kHz with 16-bit quantization for each
sample. Table I shows the first 12-order of the MFCC
coefficients after completing the feature extraction process.
Each column represents the 13 features (the 13™ feature is the
energy from the frame) of a 25 milliseconds frame.
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Fig. 4 The spectrogram of a single Arabic word speech file “as’hum”

TABLEI
MFCC OF A SINGLE WORD SPEECH FILE
Frame
Feat. 1 2 3 429 30

1 -1.81965 -3.15548 -3.76447 1.40033
2 -3.10861 -7.92128 -9.68467 1.19619
3 1.95010 -2.75036 -4.08556 2.44150
4 -12.21996  -14.16043 -15.84370 -8.50239
5 -8.21085 -10.14035  -13.00282 -11.45462
6 -14.98533 -13.45490  -17.62610 -0.93472
7 -22.24395 -23.61402  -13.59459 -10.85606
8 2.53291 -1.30409 10.01444 -4.10245
9 -8.75291 -14.95345 -3.51132 -15.78435
10 -7.62615 -4.33472 -2.60953 -13.07826
11 -4.17761 -6.58369 -8.04277 3.56489
12 -8.05171 -7.96873 -10.30831 -7.61198
13 80.21140 83.59767 86.78981 76.75751

TABLE 11

TYPICAL HTK SETTINGS — CONFIGURATION FILE

Comments
The format of the source file
Cepstral C, coefficient appended
10ms frame rate
Save the output file in compressed form
Attach a checksum to output parameter file
25ms window
Use a Hamming window
Set pre-emphasis coefficient
Number of filter-bank channels
Cepstral filtering coefficient
Number of cepstral parameters

Coding parameters
SOURCEFORMAT = WAV
TARGETKIND = MFCC 0
TARGETRATE = 100000.0

SAVECOMPRESSED =T
SAVEWITHCRC =T
WINDOWSIZE = 250000.0
USEHAMMING =T
PREEMCOEF = 0.97
NUMCHANS =26
CEPLIFTER = 22
NUMCEPS = 12

The extracted MFCC speech features shown in Table I were
extracted using the HTK-HCopy command and the default
parameters [2], as shown in Table II. A configuration file
(generally called config) is needed which specifies all of the
conversion parameters. The HCopy command is used as the
following, supposing that the input speech file is
“sample.wav’

HCopy —C config.txt sample.wav sample.mfc

However, the HCopy command creates a binary file (special
format non-text file) that contains the MFCC data. Therefore,
another option to obtain the MFCC data in textual form is by
using HTK-HList command as the following:

HList —C config.txt —r sample.wav
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IV. LITERATURE REVIEW

Based on a thorough review of Arabic speech recognition
literature, it is observed that MFCC is extensively used in most
studies of Arabic ASR. Table III shows some of the previous
studies. However, some of the studies employ other feature
extraction methods such as the first work in Table III, in which
the LPCC is the shorthand of linear prediction spectrum
coefficients, which is one of the famous speech features
extraction method. As illustrated, the information in the table
belongs to two main categories of speech recognition; isolated
and continuous speech recognition. Table III also reveals that
Arabic speech recognition is in row stages as most of works
depend on off-the-shelf tools (MFCC-based tools), which
reduce the opportunities to investigate different speech features
as well as reduce the opportunity to present innovative ideas
(i.e. featuring new methods).

TABLE Il
PREVIOUS STUDIES EMPLOYING MFCC

Isolated speech (digits or control command)

Reference Year Features
[15] 2001 LPCC
[16] 2003 MFCC
[17] 2003 MFCC
[18] 2006 MFCC
[19] 2007 MFCC
[5] 2007 MFCC
[20] 2008 MFCC
[21] 2008 MFCC
[22] 2009 MFCC

Continuous speech

Reference Year Features
[23] 2007 MFCC
[24] 2008 MFCC
[25] 2010 MFCC
[26] 2011 MFCC
[27] 2011 MFCC
[28] 2012 MFCC
[29] 2012 MFCC
[30] 2017 MEFCC

V. CONCLUSION

This paper demonstrates the MFCC speech features
extraction method as one of the most commonly used in ASR
systems. Compared to other speech features extraction
methods, MFCC is the standard choice for front-end features in
state-of-the-art ASR systems. According to our best knowledge
and the review that we performed on the previous studies of
Arabic ASR, we found that MFCC dominates the works in this
field. We employed the HTK system to demonstrate the
extraction process of MFCC speech feature vectors of a simple
speech file. As a future work, it is worth to continue this work
by conducting a practical research to compare MFCC with
other methods such as LPCC and PLP.
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such as corpora, phonemes, language models, acoustic models, and performance
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1 Introduction

Automatic speech recognition (ASR) is the process of converting spoken language (i.e.,
acoustic speech signal) into a machine-readable text. Hence, the interpretation of human
speech by a machine-learning algorithm is the goal of ASR systems. Currently, the fast
growth of technology is making man-machine interfaces increasingly useful and pervasive.
However, speech recognition is not an easy task and there is a long way to go to efficiently
utilize speech recognition to fulfil people needs. Despite the notable ASR research, perfect
speech-to-text conversion is still an unrealized vision. Speech processing is much
complicated than other pattern recognition problems such as text classification and image
recognition. While great success has been achieved in finding a particular word in a textual
collection or classifying an image in a database, locating a particular speech segment in a
speech file is still an active research area. Speech recognition is a multidisciplinary field,
which includes machine learning, phonetics, linguistics, signal processing, and statistics.
Accordingly, significant integration is required for positive outcomes.

Although significant research has been devoted to English ASR, less attention has been
paid to Arabic ASR. The Arabic language is one of the most commonly used languages
worldwide and is in need of precise speech-to-text converters. However, Arabic ASR
research is still behind compared to ASR research in other languages such as English. In
addition to the intrinsic challenges of Arabic, other logistical challenges are encountered,
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such as resource availability. The absence of a unified large continuous speech corpus is
an obstacle that might limit the research in this promising domain. Almost all Arabic
speech recognition studies are conducted using in-house small corpora. In contrast, English
ASR research has many common large corpora, such as North America business (NAB)
and Broadcast News switchboard (Rabiner and Schafer, 2007). Working on a common
corpus saves time and leads to gradual research enhancement since the outputs are
compared and improved. It is known in the speech recognition community that creating a
large speech corpus is a time-consuming and extremely expensive task. Consequently, it is
difficult and inconvenient for individuals to perform this task. Furthermore, (EImahdy,
2009) indicated that preparing large training corpora for dialectal Arabic acoustic modeling
is more difficult compared to Modern Standard Arabic (MSA).

Although isolated-word speech recognition is an important task for certain
applications, continuous and conversational speech recognition is of more interest.
Continuous and conversational ASR technology would make it possible to reduce the
amount of human-to-human communication and, therefore, reduce the number of
employees. For several years, two well-known ASR engines have been used for speech-to-
text conversion tasks: Carnegie Mellon University (CMU) Sphinx and the Cambridge
University Hidden Markov Model Toolkit (HTK). Both are statistic-based engines that are
based on Hidden Markov Models (HMMs). Developing a speech recognition engine,
starting from scratch, is a complex task and requires qualified programming experts;
therefore, most researchers use free (i.e., black box) research ASR engines, such as Sphinx
and HTK. However, several other techniques have been used in the literature, such as
artificial neural networks (ANNs) and support vector machines (SVMs). The Sphinx
engine supports Arabic scripts. However, the HTK accepts as input only Roman letters.
Therefore, for Arabic ASR, a transliteration process, such as that available in (ARABIC
TRANSLITERATION,2016), is required. Fig. 1 shows the architecture of a typical ASR
engine, which includes three knowledge databases: the acoustic model, which contains the
trained HMM; the language model, which represents the statistical word co-occurrences;
and the dictionary (also called pronunciation dictionary or vocabulary), which contains the
pronunciation of each word in terms of phonemes, which are the basic distinct units of
sounds. The pronunciation of a word is also called the phonetic transcription.

"-ipn}.n'n sigrl (:—— e

| - Dactiomary Knowledse
| =Language model |:'|.I|:J.|'|«.I'=|..'I\-
| = Acoustic modisls

l ll“'“'ﬁ-_ Best spoken

wiords sesguence
Features extraction

wlw2wi...

Fig. 1. Automatic Speech Recognition (ASR) Architecture

The goal of this paper is to present the recent advances in Arabic ASR, with a particular
focus on the essential components of a typical ASR. The topics include the corpora that are
used for both isolated words and continuous speech. The corpus information includes the
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vocabulary size, nature of the data, topics, and numbers of male and female speakers and
their ages. The paper also explores other topics, such as feature extraction methods,
classification approaches, phoneme sets, pronunciation dictionaries, language models, and
acoustic models. ASR mainly uses the Viterbi algorithm to map between acoustic model
parameters and the language phoneme set. Then, it uses this information to find the most
likely phoneme sequences, words, and sentence. An explanation of how the Viterbi
algorithm is employed, along with HMM matrices, is provided. An empirical study is also
presented for Arabic ASR using the free, off-the-shelf Soundflower tool.

The rest of this paper is organized as follows: The next section presents some speech
recognition applications, followed by the Arabic speech corpora in section 3. Section 4
presents the Arabic phoneme sets. In section 5, we present language models, followed by
acoustic models in section 6. Section 7 presents performance evaluation of ASR and an
empirical study in section 8. Finally, we present the study’s conclusions in section 9.

2 Speech Recognition Applications

Commercial speech recognizers have provided successful business interactive
solutions in various industrial sectors, such as healthcare, telecommunication, banking and
finance, retail and mall management, education, hospitality, governmental institutions, and
travel (Emerging Technologies, 2016). In the last decade, great effort has been made to
include ASR in new technologies such as search engines, voice maps, and communications.
Recently, speech recognition has been used in security and protection fields for
authentication purposes (also called voiceprints). Findbiometrics lists five unique
applications of voiceprints: targeting of developers, hands-free interfaces, call center
authentication, proof of life, and multi-factor logical access control (Voice Month, 2016).
Nuance lists some benefits of using voiceprints, which include simpler authentication,
fraud prevention, and almost-instant return on investment (Nuance, 2016). Although the
utilization of voiceprints in the banking industry is not new, this technology has only
recently been transferred to Arab countries. For example, Kuwait Finance House (KFH)
uses a speech recognition platform for user authentication. This service was initially only
available to VIP customers and has recently been made available to KFH's entire customer
base, (Speech Recognition Case Study, 2016). Abu Dhabi Commercial Bank (ADCB) has
also adopted voiceprints (ADCB, 2016). Remarkably, the communication infrastructure
that already exists helps to spread the voiceprint biometric. Installing a new machine, such
as image scanner for reading fingerprints to be sent for authentication, is not necessary.
Primarily, main goal of ASR is to allow natural interaction between the user and the system
through a series of queries and responses.

The utilization of speech recognition in natural language processing (NLP) and
linguistic applications has been globally widespread. Arabic is no exception. There have
been efforts to utilize this technology for the Arabic language, which has more than 380
million speakers (Mubarak et al., 2014). Importantly, the Holy Quran, which was revealed
in Arabic, reinforces the interest in ASR research. The Holy Quran must be read in Arabic,
which makes this technology very important for serving millions of Holy Quran learners.
(Mohammed et al., 2015) presented a speech recognition technique for verification of
Quranic recitation in sound files and media. (Jamaliah et al., 2013) provided a structural
overview of a speech recognition system for Quranic verse recitation recognition with the
Tajweed rule-checking function. (EI Amrani et al., 2016) investigated the use of a
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simplified set of Arabic phonemes in the application of an Arabic Speech Recognition
system to the Holy Quran. The CMU Sphinx 4 was used to train and evaluate a language
model for the Hafs narration of the Holy Quran.

3 Arabic Speech Corpora

Conducting ASR research requires the identification of the type of speech as either isolated
words or continuous speech. Isolated-word speech (also called discrete-word speech)
contains pauses between digits or words; this constraint is not imposed on continuous or
conversational speech. Isolated-word speech recognition is characterized by
straightforward implementation compared to continuous speech recognition, which suffers
from the co-articulation phenomenon, which is the critical factor for continuous speech
performance. In general, other factors are known to reduce ASR performance, such as
varying acoustic conditions, pronunciation variations, dialects, accents, and ages, which
must be considered when preparing a continuous speech corpus. (Strik and Cucchiarini,
1999) presented various factors that affect the way in which words are pronounced, such
as assimilation, co-articulation, reduction, deletion, and insertion. The Arabic language has
even more challenges, such as morphological complexity and diacritization, wherein short
vowels are usually missed in formal writings. (Al-Anzi and AbuZeina, 2015) presented
some Arabic language challenges.

3.1 Isolated-word speech recognition

In this subsection, we present some isolated-word speech corpora, speech features, and
classifiers. In the literature, isolated-word size is generally represented using the number
of recorded speech files, while a continuous-speech size is represented using the number
of hours (the sum of the lengths of all recorded speech files). Table 1 summarizes some
isolated-word ASR research. It contains information regarding corpora, Mel-Frequency
Cepstral Coefficient (MFCC) and Linear Predictive Cepstral Coefficient (LPCC) features,
and HMM-based classifiers.

Table 1 Isolated-word ASR research

Reference Corpus Information, Features, Classifier/s
(Bahi and The training set is composed of 50 speakers, each of whom
Sellami,2001) uttered ten digits three times. The test set is comprised of
two groups of 30 speakers and 10 speakers. LPCC features
are used.
(Alimi and Jemaa, | Corpus information is not available. They used fuzzy neural
2002) networks for recognition of isolated words.
(Elmisery et al., Speech corpus consists of the 10 isolated digits, with 20
2003) repetitions for each digit, by a single male speaker. LPCC and
MFCC features are used.
(Amrouche et al., | The corpus contains of a total 1800 digits, which are
2003) pronounced by 60 speakers (30 males and 30 females). For
testing, they used 1000 digits, which are pronounced by 50




Theoretical and Practical Models for Arabic Speech Recognition

other speakers (25 males and 25 females). An ANN classifier
was used.

(Bourouba et al.,
2006)

The corpus consists of 92 speakers (46 male and 46 female),
who pronounce each word twice, where 20/92 of the corpus
is used for learning. (HMM, SVM) classifiers were used.

(Hyassat and Abu
Zitar, 2006)

The corpus contains approximately 1.5 hours of commands
and less than 1 hour of digits.

(Satori et al., 2007)

Training set: 300 tokens (10 digits * 5 repetitions * 6
Moroccan speakers). Testing set: 30 tokens of different
individuals.

(Haraty and El
Ariss, 2007)

128 words for training and another 7 words for testing.
Dynamic time warping (DTW) is used as a similarity measure
for classification.

(Essa et al., 2008)

The corpus consists of 600 utterances (10 speakers, 10

words, 6 repetitions), which are split into 300 utterances for
training and 300 utterances for testing. Neural networks are
used for recognition.

The corpus contains 59 Egyptian men (33 speakers for
training and 26 for testing). Speakers are asked to utter 16
sentences of proverbs.

The training set contains 340 tokens (17 speakers x 2
repetitions x 10 digits). For testing, 1,700 tokens (17 speakers
x 10 repetitions x 10 digits) were used. ANN was used for
classification.

The corpus was created from all 10 Arabic digits. Sixty
Moroccan speakers (35 males and 25 females) were asked to
utter all digits 5 times.

The corpus contains 3650 speech files, which were recorded
by 13 speakers. The training set contains 3000 speech files,
of which 650 were used for testing.

(Azmi et al., 2008)

(Alotaibi, 2008)

(Satori et al., 2009)

(Al-Qatab et al.,
2010)

3.2 Continuous speech recognition

Less progress has been made on Arabic continuous speech recognition than in the isolated-
word case because of the previously discussed difficulty regarding obtaining a continuous
speech corpus. However, considerable work has been initiated by the Linguistic Data
Consortium (LDC). The LDC is an open consortium of universities, libraries, corporations
and government research laboratories (About LDC, 2016). More information about LDC
Arabic speech corpora can be found in the LDC catalogue (Linguistic Data Consortium,
2016), which contains hundreds of (not free) holdings. One important contribution Arabic
speech recognition research is the work of IBM in the Gale project, which used LDC
corpora. The Gale project has many phases that gradually improve the performance. The
Gale acoustic training set is composed of approximately 1800 hours of transcribed Arabic
broadcasts and is provided by LDC. The published works that describe the phases include
the IBM 2006 Gale Arabic ASR system (Soltau et al. 2007), the IBM 2009 GALE Arabic
speech transcription system (Kingsbury et al., 2011), and the IBM 2011 GALE Arabic
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speech transcription system (Mangu et al., 2011). LDC also produced the CallHome (CH)
corpus of Egyptian colloquial Arabic (ECA) (CALLHOME, 2016). This corpus is a
collection of informal phone conversations between close friends or family members. This
corpus contains many sets, as shown in Table 2 (Kirchhoff et al. 2006).

Table 2 LDC ECA CallHome datasets

collection # of conversations # of words # of hours
train 80 146,298 14
dev 20 32,148 3.5
eval96 20 15,584 1.5
eval97 20 17,670 1.8
h5_new 20 16,752 1.8
evalo3 10 11,015 1.9

In speech recognition systems, it is highly recommended and more accurate to use large
speech collections. Reference (Jurafsky and Martin 2000) explains the meaning of large
vocabulary speaker-independent continuous speech recognition as follows: Large
vocabulary means that the corpus has vocabulary (unique words) of approximately 20,000
to 60,000 words. Speaker-independent indicates the classifier’s ability to recognize the
speech of people whose speech to which it has never exposed. Continuous means that the
speech is recorded according to the human natural language.

One of the earliest attempts to develop a speech corpus was made by (Siemund et al.
2002), who describe the OrienTel speech dataset. They indicated that the OrienTel dataset
represents the first effort to collect speech data on a large scale. The participants of
OrienTel collected standard and colloquial varieties of Arabic in Saudi Arabia, the UAE,
Egypt, Palestine, Tunisia and Morocco. The GlobalPhone project produced a read speech
corpus that was designed for the development and evaluation of large continuous speech
recognition systems (Schultz, 2002). (Alghamdi et al., 2008) presented a Saudi-accented
Arabic telephone speech database. It contains 96 hours of speech, which were collected on
a telephone network during 2002 and 2003 using 1033 native speakers (51% males, 49%
females). Reference (Kirchhoff et al., 2006) used the CallHome corpus for morphology-
based language models at different stages of Arabic ASR. New versions were used by
others; for example, (Emami et al., 2007) used a new LDC test set called Dev07, which
consists of 2.5 hours of speech (18186 words). The research work of (Emami et al., 2007)
consists of using neural network language models for Arabic ASR.

(Alghamdi et al., 2007) developed an MSA broadcast news speech recognition system.
The system trained on 7.0 hours of 7.5 hours of recorded speech and tested on the remaining
half hour. The corpus contains 235 news items, 41 of which cover sport news and the rest
of the items cover mainly economic news. Among the items, 88 were produced by female
speakers. (Hyassat and Abu Zitar, 2006) presented a Holy Quran corpus of approximately
18.5 hours in length. The main challenge is to develop a broadcast news corpus, since the
Holy Quran recordings already available. (Hyassat and Abu Zitar, 2006) indicated that it
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took approximately 732 working hours to build their Holy Quran corpus. (EImahdy, 2009)
used MSA acoustic models as multilingual models to decode Egyptian dialect. They chose
the Nemlar broadcast news speech corpus for building the acoustic models. The corpus
consists of 40 hours of MSA news broadcasts. The total number of speakers is 259, with a
lexicon of 62,000 words. (Selouani et al. 2010) presented an MSA continuous speech
corpus of 200 sentences, which are pronounced by 300 Algerian native speakers from
eleven regions of Algeria. (Abushariah et al., 2012) developed an Arabic ASR system
based on a phonetically rich and balanced speech corpus. That work was based on 8,043
utterances, which were gathered from eight (five male and three female) speakers and
resulted in approximately 8 hours of speech. The round-robin testing approach was applied.

The procedures that are applied to produce a continuous speech corpus are summarized
as follows: Multiple speech files are recorded (under the same conditions) from radio
and/or TV broadcast news. It is highly recommended to cooperate with local or
international radio and TV stations to obtain pre-recorded speech collections (e.g., parts of
their archives). This cooperation avoids the labor and cost of manually generating the
required speech corpora. If the lengths of the speech files are too long, the speech files split
into smaller speech files of 10-30 seconds. There is no problem with files being longer than
30 seconds, but the speech recognizer might fail to align the recordings with their phonetic
transcriptions during the training process. Hence, the process will be more productive and
efficient if the recordings are short. However, if the recordings are long, e.g., 10 minutes,
initial alignment might be fail, thereby causing a problem during the training process.
While recording to create a corpus, the following parameters are set, as indicated by Sphinx
(Frequently Asked Questions, 2016): Sampling Rate = 16 kHz (or 8 kHz, depending on the
training data), No. of Bits = 16 bits, No. of Channels = Mono (= single channel), and File
Format = “.wav”. Once the recordings have been obtained, the spoken words in the speech
files are transcribed and diacritized. Based on the diacritized text, the pronunciation
dictionary is produced. After this step, two models are created: the acoustic model and the
language model. The three knowledge bases (acoustic models, pronunciation dictionary,
and language model) will be ready for setting up and testing a continuous speech
recognition system.

4 Arabic Phoneme Set

A speech recognition task is generally performed using one of the three approaches based
on the basic units of classification. The units include words, syllables, and phonemes.
Word-based recognition has the drawback that it requires a large data set for training. A
syllable, which is a single unit of a written or spoken word, has a relatively smaller number
of units and syllable-based recognition runs faster than word-based recognition. However,
the recognizer, which depends on the distinctive unit of sound (i.e., phoneme), is a widely
used approach since it is easy to train, (Azmi et al., 2008). In research that uses isolated
words or continuous words speech, the phoneme set defined before the training stage if
phoneme method is used. Linguistics scholars generally define the phoneme set of a
particular language after studying and carefully classifying the speech voices. In this
section, we summarize the phoneme-based research that has been reported in the literature.

Speech recognition mainly consists of two stages: training and decoding. The training
stage requires two datasets: a set of speech files and a set of files that contain the phonetic
transcriptions of the speech files. There are various ways of obtaining phonetic
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transcriptions. The easiest is to use a phonetic dictionary in combination with a
transcription of the training text. Some ASR engines such as HTK have a tool for doing
this, or it can be prepared manually. Writing a phonetic dictionary is difficult, and if the
vocabulary has many words, it is time-consuming. For Arabic, it is reasonable to
approximate each character as a single phoneme. For instance, the phonetic transcription
of "kataba" is assumed to be "k atab a" (ARABIC TRANSLITERATION, 2016). This
method of transcription has two advantages: everyone uses it, so that data can easily be
made available to other people and it allows the researchers to use other people's data; and
it uses one Roman character for each Arabic character, unlike most of the other options.
However, there is a problem: it uses multiple non-alphabetic characters that have an
assigned meaning in some ASR engines. Another option for representing words in the
phonetic dictionary is to use Arabic characters such as "<&" with phonemes "K AE T AE
B AE", as an example. Reference (Ali et al., 2009) provides more information on how to
generate phonemes automatically for Arabic words (i.e., the phonetic dictionary).

Many studies have indicated that the Arabic language has 34 phonemes (28 consonants
and 6 vowels), such as (Essa et al. 2008), (Al-Qatab et al., 2010), and (Alghamdi et al.,
2007). However, the number of Arabic phonemes is debated by researchers. For example,
(Ali et al., 2009) used a phoneme set that contains 46 phonemes to develop a tool for
creating pronunciation dictionaries. The tool that was generated by (Ali et al., 2009) was
later used in other research, such as (Alghamdi et al., 2007) and (AbuZeina et al., 2011).
(Haraty and El Ariss, 2007) indicated that Arabic has at least one hundred twelve
phonemes, as they considered that every letter has four diacritics and, therefore, four
phonemes. (Alotaibi, 2008) used 37 MSA phonemes, as specified by LDC. (Elmahdy
2009) stated that MSA consists of 38 phonemes, of which 28 are original consonants, 4 are
foreign and rare consonants and 6 are vowels. Examples of entries from the pronunciation
dictionary that was produced by (Ali et al., 2009) are shown in Fig. 2 (a). Each word is
listed with its phonetic transcription (phonemes). The dictionary in Fig. 2 (a) is suitable for
CMU Sphinx. Fig. 2 (b) shows dictionary entries that are generated using Buckwalter
transcription, which is suitable for the HTK engine.

(a) Arabic-word-based dictionary (b) Buckwalter-transcription-based dictionary
pslss Y UH W RE: E IH M AiFtibaArFA A i Et i bah r F A
“*:-“—’ i Eg E ﬁ: ngiH i RiFtidaAli 2 i Et idah 1 i
silan : . - . -

Jelsh Y UH W BE: 55 IH L UH i?HElfailA;‘?‘litlnglAt
S35 Y UH W AE: K IH B }maréaa o anfa a
&EQYUHWREQIXAIUH AinxafaDat A 1 n X a abDat

Fig. 2. Example entries of a pronunciation dictionary (words and phonemes)

5 Language Models

In addition to constructing the pronunciation dictionary, the ASR training stage involves
declaring language models, which are also called grammars or probabilistic N-Grams.
Language models are mainly used to estimate the most likely co-occurring word sequence.
They are used with the acoustic model to recognize spoken words given the speech feature
vectors. Hence, the choice of language model is key to the performance of the ASR
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recognizer. The more constraints that are imposed on the range of possible utterances, the
more accurate the recognizer will be. There are many types of language models that can be
used. In general, three language model types are extracted from a set of training textual
transcriptions: In the first type, the target utterance may be an arbitrary sequence of words
that are drawn from the training textual transcription (which is called the "any word"
language model), as shown in Fig. 3. The language model in Fig. 3 contains Arabic words
that have been converted to English using the transliteration process that is described in
(Arabic Transliteration, 2016). In the second type, the target utterance must be one of the
training textual transcriptions, as shown in Fig. 3. In the figure, sentence 1 is shorthand for
a complete sentence; for simplicity, we used this format. The language model example that
is shown in Fig. 3 is related to the HTK ASR system.

(a) Any-word language model (b) Fixed set of sentences language model
SWORD = [EuyuwhbFa | Aljanuwbivyl | .. | tabgaY); SSENT = |sentence 1 | sentence 2|...| sentence n|;
(SEMT-START <SWORD> SENT-END) [SEMT-START SSENT SENT-ENDY)

Fig. 3. Examples of language models

The first type is almost completely unconstrained and leads to very poor accuracy.
(However, it allows researchers to experiment with the effects of different transcriptions
because it relies entirely on the acoustic model.) The other is very tightly constrained and
often leads to 100% accuracy. The third type of language model includes word co-
occurrences, which are called probabilistic N-grams, as shown in Fig. 4. The language
model in Fig. 4 is generated using the CMU statistical language tool (Building Language
Model, 2016) of the corpus that is described in Reference (Alghamdi et al., 2007). The
numbers beside the n-grams in Fig. 4 are related to the probabilities of the cases.

\1-grams: \2-grams: \3-grams:

-4.5936 L%yl -0.033{ -0.93%4 o}l 23555 0.0 -1.4602 ic.% ‘jj_c| ol
-4.5936 syl -0.052] -0.9394 sl jLsii 0. —1.4602 aass Ll _i&
-4.25924 11yl -0.249] -0.53%4 slawl L1565 0.00] -1.4602 Lgaiss ;3p 30y

Fig. 4. Example entries of a language model

The main purpose of the language model is to restrict the recognizer to choosing only
valid word sequences. (Al-Qatab 2010) demonstrated that one benefit of the language
model is to force the recognition process to follow certain rules to ensure better accuracy
of the recognition output. (Alotaibi, 2008) indicated that the absence of diacritics in Arabic
text decreases predictability in the language model. In general, much larger amounts of text
lead to the development of more powerful language models and enhance their performance.
In speech recognition, the N-gram language model is used to determine a contiguous
sequence of n items, which are called unigram, bigrams, or trigrams of the language text.
In the case of isolated-word speech recognition, context-free grammar is used. While
language models are mainly used in large continuous speech recognition systems, context-
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free grammar is used in speech recognition to predict subsequent words in small corpora
or in isolated-word speech recognition.

We use language models and grammars to limit the possible words that could be
considered to be the next word. However, (Building Language Model, 2016) indicated that
statistical language models generally describe complex types of language, whereas
grammars describe very simple types of language for command and control and they are
usually written by hand. It was also indicated in this reference that grammars usually do
not have associated probabilities for word sequences, but some elements might be weighed.
The perplexity is the common way of evaluating language models. It indicates the average
number of words that can follow a given word. (Selouani et al., 2010) used a bigram
language model for continuous Arabic speech recognition. (Alghamdi et al., 2007) used
both bigrams and trigrams for the language model. (Abushariah et al., 2012) used different
language models (bigram and context-free grammar) for a continuous Arabic speech
recognition system. (Hyassat and Abu Zitar, 2006) used a tool that is available in SPHINX-
IV to generate the N-gram language model. (Kirchhoff et al. 2006) used n-gram models of
up to order n = 6 to improve the perplexity of language models. (Emami et al., 2007)
indicated that neural network language models for Arabic broadcast news and broadcast
conversations outperform the 4-gram-based language model. (Al-Qatab et al., 2010)
represented an Arabic grammar file that contains words and commands in their isolated
word speech system. Reference (Vergyri et al., 2004) investigated the use of a morphology-
based language model at different stages in a speech recognition system for conversational
Arabic. (Satori et al., 2007) used a tool that is available in CMUSphinx to specify the
grammars of a spoken Arabic digit recognition system.

6 Acoustic Models

Acoustic models are important in ASR and might influence the performance of speech
recognizers. The main contribution of acoustic models is finding the most likely sentence
given a speech file, with the help of the language model. During training, a sufficiently
large speech corpus is used along with the corresponding phonetic transcriptions to
generate a statistical representation (based on the MFCC acoustic feature vectors) of each
phoneme. The overall statistical representations of the phonemes are called the acoustic
model. Hence, the speech collection used to train the acoustic model. The statistical
representations are commonly constructed using the HMM approach with Gaussian
mixtures (typically ranging from two to 64 Gaussian mixture distributions). The HMM
approach is a machine-learning tool that is employed in ASR training in two cases: The
first is within a single phoneme, using three states: beginning, middle, and end. The second
between three phonemes, which are called a triphone. It represents the statistical co-
occurrences of left and right phonemes. For example, a well-known acoustic model is 3-
emitting-state HMM (within-phoneme) for triphone-based HMM (to capture the context
between neighboring phonemes). However, triphones that are below a certain frequency
are excluded. Fig. 5 shows an example of the phoneme (SH:_%) with some surrounding
phonemes. Intuitively, the size of the training speech corpus affects the quality of the
produced acoustic model. However, preparing a large speech corpus is a difficult task,
especially for dialectical Arabic, since it difficult to produce the textual form of dialectical
speech. In addition, the number of speakers is an important factor for adequate ASR
performance. In general, ASR toolkits such as Sphinx and HTK have modules for training
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the acoustic models. Some studies indicated that there are performance differences between
using acoustic models that are based on vowelized (i.e., diacritized) and non-vowelized
transcripts.

dazi ENEHIHTTAHTIH
-3 EIHSHE A\ F

4 ETHEHR AA QAATIH
=i EAESHR AAF AE
Jax E AEEHGH An: L

Jizi E AESHEK AF: L UH

Fig. 5. Examples of triphones of the phoneme SH

MFCC is the commonly used acoustic feature extraction method, which was introduced
by (Davis and Mermelstein, 1980). However, there are other speech feature extraction
methods, such as linear predictive cepstral coefficients (LPCCs) and perceptual linear
predictive (PLP) coefficients. Hence, HMM parameters are trained using statistical
representations that are obtained from MFCCs. MFCCs are based on dividing a signal into
overlapping short frames that are represented using a 12-cepstral coefficient for each frame.
The 13th feature is the energy from the frame, which is useful for determining phone
identity. Fig. 6 (a) shows the steps for extracting the MFCCs of a speech signal [Rabiner
2004]. Fig. 6 (b) shows the feature vectors of a speech file after completing the feature
extraction process. Each column represents the 13 features of a 25.6-millisecond frame.
However, despite the popularity of MFCC, (Xiao and Qin, 2010) demonstrated that MFCC
does not fully reflect speech information because of noise effects. They presented a new
method for noise-robust speech recognition based on a hybrid model of HMM and Wavelet
Neural Network (WNN).

(a) MFCC extraction steps (b) MFCCs
Cont imuesan wielien MFCE T T
¥ L i = - | i AP
Sampling and e baration Duling wnd Bnawrgy = P — T — . ¥
' ¢ B
Proemphans Irvemse Dmercte Fourse Tramfam : - At xt - =
¥ ¥ - - -
‘i drong L o el el gt um: valep i '-\.--. -~ -
L ) t Io . e -
Dhsaris Fauniar Transiomn | — kel Fikior Bank |1 = I et -

Fig. 6. MFCC extraction and MFCCs

As HMM is extremely important in ASR, we provide a simple example to demonstrate
how an HMM model is utilized to compute the most likely hidden state sequence given
some observations. In general, an HMM model is described by the following parameters:
the number of states N, the state transition probabilities, the observation probability, and
the initial probabilities. Suppose that we have a system that describes student states. The
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states are {Studying, Working, and Sleeping} and the observations are {Fine, Scared, and
Tired}. Fig. 7 shows the parameters of the student HMM. In general, HMM parameters are
estimated using the Baum-Welch algorithm, which estimates the parameters of the acoustic
model.

A Hudden Markow Model [ [he parameters
Stafe transition matrx (A
| Mexl shuden) slate
Soudying [ ‘Workeeg .

Saud f r I
e Previom | Ssadying | 007 | 040
\ / student | Working | 060 | 008
/" , \ Sate | Sleeping | 032 | 058

& ", CHservahon probability matnx (B
WLELE
Working 717 T Seeping l ) | Studying | Working |
\ J | _Pine | Q48 | ol
e, { . y Oervanen Seared ol VL]
o \\_‘_._'_,..-'/I ! | | Tirasd [l VEL]
o g e ey Initial peohabilites
i e B 1 SRalg Prodals lity
P B VR S U = ) | Somdying | 173
Working | 1.3

Fine Scared Tired ' -
oL 41 "all.'h.]'l:li 173

Fig. 7. HMM with its parameters

Now, we need to answer the following question: “What are the most likely states if we
observe the student to be: Tired, Scared, and Fine?” This is similar to the ASR problem:
“What is the most likely sentence out of all sentences in the language L given some acoustic
input observations O?” The Viterbi algorithm used to find the most likely hidden states. It
also includes backtracking function that keeps track of which states seem to be the best at
each stage. The example is illustrated in Fig. 8. For illustration, at t=1, an initialization step
is performed as follows: al (Studying) = initial probability * probability of Fine
observation:1/3*0.45=0.1500; al (Working) = 1/3*0.11=0.0367; and ol (Sleeping) =
1/3*0.44=0.1467, where a is a variable that describes the probability at time t. The
maximum value of this variable is used at each subsequent t, as we will see next. At t=2,
a2 of Studying state for Tired observation is calculated as follows: a2 (Studying) = max
(al (Studying)* the probability of (Studying | Studying), a1l (Working)* the probability of
(Studying | Working), a1 (Sleeping)* the probability of (Studying | Sleeping))* probability
(Tired) = max (0.15%0.07, 0.0367*0.6, 0.1467*0.32)*0.29 = max
(0.0105,0.022,0.0469)*0.29 = 0.0136. We calculated one additional variable at t=3,
namely, o3: a3 (Sleeping) = max (02 (Studying)* the probability of (Sleeping | Studying),
02 (Working)* the probability of (Sleeping | Working), a2 (Sleeping)* the probability of
(Sleeping | Sleeping))* probability (Fine) = max (0.0136*0.33, 0.0495*0.34,
0.0079*0.08)*0.29 = max (0.0044,0.016,0.00063)*0.44 = 0.0076. The reset of calculations
is performed in the same way. Once the end of observations has been reached, the best
sequence is identified by backtracking to determine the sequence with the highest
probability. Hence, the student was {Studying, Sleeping, Working, and studying} for the
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observations {Fine, Tired, Scared, and Fine}. Fig. 8 shows the backtracking process, which
is indicated by stars.

T Stales =1 =2 | ped [ =i
a3 od

LB L1

-

Ii'

ai o4
L7 00005

a3 i
", QTS 5 L0 S
R
| Dbservamend | Oservanan? | Observation 3 | Clbeervation d
CHOETy i ol = | = I | i | o

Fine Tieed Fine Lomred

Fig. 8. Viterbi trellis for three states and four observations

7 Performance Evaluation

The performance of isolated-word speech recognition is generally measured using the
recognition accuracy rate, which is the percentage of correctly recognized patterns, such as
words or digits. However, in continuous speech, the word error rate (WER) is the common
metric for measuring ASR performance. WER is computed using the following formula:
WER=(S+D+I)/N, where S is the number of substitution word errors, D is the humber of
the deletion word errors, | is the number of the insertion word errors, and N is the humber
of words in the testing set. The word accuracy can be measured using the WER formula:
Word Accuracy = 1 — WER.

According to (Hyassat and Abu Zitar, 2006), the WER of MSA is in the range of 15—
20%. However, WER also depends on other parameters, such as the size of the training
corpus, the number of words in the dictionary, and the perplexity of the language model.
We emphasize that measuring performance requires showing whether the achieved
performance is statistically significant. It is noted that most Arabic speech recognition
studies do not conduct the appropriate statistically significant tests to prove their
performance. Therefore, a baseline system should be developed and tested, and the output
of the proposed method should be statistically compared with the baseline results to
determine the statistically significant enhancement. If the result does not show statistically
significant enhancement, then the enhancement is considered accidental and the proposed
method is not regarded as a strong method for enhancing the classification performance.
Reference (Plétz, 2005) describes how to perform statistical significance testing.

In this section, we present some performance evaluations for continuous speech
recognition, since it is of greater interest and is more challenging than isolated-word speech
recognition. (Kirchhoff et al. 2006) performed performance evaluation of morphology-
based language models for conversational ASR. WER improved by 1.8% and 1.5% on 2
different test sets. (Emami et al., 2007) achieved WER improvements of 0.8% and 3.8%
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for 2 different configurations of neural probabilistic models. (Alghamdi et al., 2007)
achieved a WER of 13.66% on a broadcast news corpus. (Hyassat and Abu Zitar, 2006)
achieved a WER of 46.182% using the Holy Quran corpus. (EImahdy, 2009) reported a
recognition accuracy of 99.34% for Egyptian Colloquial Arabic. (Selouani et al. 2010)
presented an accuracy rate of 91.65% for an MSA continuous speech corpus. Reference
(Abushariah et al., 2012) demonstrated WERs of 11.27% and 10.07% with and without
diacritical marks, respectively, for an MSA continuous speech corpus. Table 3 shows WER
results for multiple systems on different English speech corpora (Jurafsky and Martin
2000).

Table 3 WERs for ASR on different English corpora

Speech Corpus Vocabulary WER %
Tl Digits 11 zero-nine, oh 0.5
Wall Street Journal read speech 5,000 3
Wall Street Journal read speech 20,000 3
Broadcast News 64000+ 10
Conversational Telephone Speech (CST) 64000+ 20

8 Empirical Study

In this section, we evaluate the recognition performance of Arabic continuous speech using
the Soundflower Mac free utility. Soundflower is employed as a speaker-independent
continuous speech recognition system to evaluate the performance of Arabic ASR. The
speech corpus that is used in this work is an in-house corpus that contains 275 speech files,
which were recorded by 20 native Arabic speakers (10 male and 10 female). Each male
speaker uttered 15-speech items, while some of female speakers uttered less than 15 speech
items, as shown in Table 4. The speech files mainly contain MSA local and international
news and were recorded from the Al-Sabah TV channel in Kuwait. The speech files were
prepared in fixed lengths of 30-60 seconds. The speech items were sampled at 16 kHz and
sum up to 2.63 hours of speech. The training textual transcriptions of the speech files were
prepared by transcribing the speech files according to speakers’ utterances. Table 4
presents the corpus information.

Table 4 Corpus information

# | Gender | # of Speakers # of Speech Length (hour) | # of Unique Words
Files
1 Male 10 150 1.53 5,149
2 | Female 10 104 1.10 3,738
Total 20 254 2.63 8,887*

*the total number of unique words in the corpus is 7,386 because of common words

Fig. 9 shows an example of the Soundflower output of a speech file after the recognition
process. This textual output is aligned with the actual transcription to find D, S, I, and N,
which are used to calculate the WER through a previously outlined method. There are some
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recognition errors in the outputs in Fig. 9 (e.g., the word “a instead of “sLil). As in
any other classification or pattern recognition system, it is natural to have a nonzero
misclassification rate.

Transcription of a speech file

Jad Al yanll 5 dpalaiBY 5 dsalal) YLl 8 G S Laagdi ) 3 )L Auagill Jha b
slisad Gl jas im0 suma 5 Alle s dea ) Zlua 0l DU uel sendl oalia b juaa
S e )50 Gulaa Gty 5 2aaY) 58 ol s dgall (g o IS ) smny Sl & e
D58 Apald) 5 sl A gall 5555 (A aula AeY) Gudas (a5 deaall juals Zall) gans
Gl o155 G sill 5 7 sl (e de sane ) ALLYL jhia Juald

Soundflower output

&0 8 Untitled
1% | Geamap: : T - m.s 5 v [H

T e NI e ey

3 | ]
san ¥l [ el ] ] el ot i et Sl g Sl Ralafl 7 Ll i il g 01 gl
s sty | il Bl g |y e Bl s ol a2 LY e ay i g Ll
latly O el 2l gpaldl Jy gt Ul gy bl ] el Sl s oty smadF el Bl e B 1)
Lﬂ.- ol sy el sy g

Fig. 9. Example of Soundflower output

We evaluated the performances for three cases: male-only, female-only and mixed
(male and female) speech files. In the first case, the performance was measured using the
male speech files. That is, Soundflower was employed to measure the accuracies of the 150
speech files that correspond to the 10 male speakers. Table 5 shows the achieved results of
each speaker. The table also shows the accuracy range, which is [42.26%, 70.39%]. The
differences in the scored accuracies were related to several factors, such as the anatomy of
the speaker’s vocal tract, the speed of the speech, and the accent. Table 5 also shows that
the WER is 44.67% (= 100% - 55.33%).

Table 5 Accuracies for male-only speech

# Male Speaker # of Speech Files | Length (min:sec) | Accuracy (%)
1 Speaker 1 15 9:29 70.39
2 Speaker 2 15 10:12 48.80
3 Speaker 3 15 9:47 64.93
4 Speaker 4 15 8:46 59.07
5 Speaker 5 15 8:59 42.26
6 Speaker 6 15 9:55 54.67
7 Speaker 7 15 8:12 57.87
8 Speaker 8 15 8:30 55.16
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9 Speaker 9 15 9:36 44.58
10 Speaker 10 15 8:54 55.66
Total 150 92:20 Avg =55.33%

For female speakers, 104 speech files were used to evaluate the accuracy. Table 6
shows the accuracy of each of the 10 female speakers. The accuracy range was [46.52%,
68.73%]. This range is close to what we achieved for male speakers. This reveals that the
performances of male and female speech recognition are very close when the Soundflower
tool is used. This result calls for more research to determine the effect of acoustic
differences between male and female speakers on Arabic speech recognition. Table 6 also
shows that the WER is 43.03% (= 100% - 56.97%).

Table 6 Accuracies for female-only speech

# Female Speaker # of Speech Files | Length (min:sec) | Accuracy (%)

1 Speaker 1 3 2:00 60.51

2 Speaker 2 15 9:42 68.73

3 Speaker 3 15 10:34 57.19

4 Speaker 4 7 5:12 52.07

5 Speaker 5 15 8:00 56.53

6 Speaker 6 15 9:15 50.85

7 Speaker 7 15 8:45 46.89

8 Speaker 8 2 1:27 62.83

9 Speaker 9 2 1:29 67.63

10 Speaker 10 15 9:56 46.52
Total 104 66:20 Avg=56.97%

The average accuracies for the previous two cases indicate that female speech
recognition outperforms the male speech recognition. The third case separates the corpus
into male and female speech to find the accuracies separately. Finally, we evaluated the
mixed male and female case for all speech files. Table 7 shows the results of the mixed
case.

Table 7 Accuracies for mixed speech (male and female)

Gender # of Speakers | # of Speech Files | Length (min:sec) | Accuracy (%)

Male 10 150 92:20 54.66
Female 10 104 66:20 55.17
Male & 20 254 158:40 54.02
Female

Although gender is an important factor that must be considered in speech recognition,
the experimental evaluation did not show clear performance differences between using the
prepared corpus and the Soundflower tool. Despite this, we expect to obtain lower accuracy
in the case of female speech, as reported in the literature; for example, (Vergin et al. 1996)
found that female speech recognition performance is superior to male speech recognition
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performance. Nevertheless, we conducted our experiments on a small corpus. Thus, our
results are not generalizable to other cases of Arabic speech recognition. However, this
result motivates future research on investigating and enhancing the performance of Arabic
speech recognition.

9 Conclusions and Future Work

The review of the Arabic speech recognition literature shows that the research is still in the
raw stage, especially for continuous speech. Most of the research is focused on isolated-
word speech recognition. However, there are some research activities on continuous speech
recognition. The major obstacle is corpus availability. Hence, reinforcing Arabic speech
recognition requires the professionality production of large Arabic continuous speech
collections (i.e., corpora). The study also presents some ASR components such as
pronunciation dictionaries, language models, and acoustic models. The following are some
research topics for investigation. Although there are some studies regarding pronunciation
variations, such as (AbuZeina et al. 2011), more studies are needed to tackle this
phenomenon. The research could also investigate using long-distance word relationships
in language models. The traditional N-gram language models assume that a word is only
influenced by a few (typically one or two) proceeding words. However, it is much more
accurate to account for longer-distance constraints. Consideration of semantic relationships
is one option for enhancing ASR performance. A study of semantic and syntactic
relationships (e.g., WordNet) was presented in (Ruiz-Casado et al. 2007). The deep-neural-
network hidden Markov model (DNN-HMM) hybrid architecture has been employed for
Arabic (Dahl et al. 2012). Further research is needed to clarify the realistic Arabic phoneme
set. (Nahar et al. 2013) performed some preliminary work in this direction. However, an
method is needed for automatic extraction of Arabic phonemes using data-driven
approaches and clustering methods. Currently, research is being conducted on training a
recognizer using synthesized data. If this becomes possible, we could obtain as much data
as we want in a preferred domain or with a new, large vocabulary (Prof Allan Ramsay,
2016). Other research topics include diphone-based speech synthesis, measuring the
disfluency of speech-impaired patients (in particular, patients with Parkinson's disease),
and using deep neural networks to map acoustic events to phonemes rather than the more
traditional Gaussian-mixture models.
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ABSTRACT: Automatic speech recognition (ASR) has recently received significant
attention with respect to more convenient human-computer interaction. Despite the
successful implementation of ASR technology in different languages, employing this
technology in Arabic natural language processing (NLP) applications is limited and
constrained to a small vocabulary of isolated words such as digits and control
commands. Therefore, particular attention has been paid to promoting research in this
field to automate man-machine communication. We aim to examine the performance of
two popular ASR engines for identical Arabic speech collection. The ASR engines
include the Carnegie Mellon University (CMU) PocketSphinx and the Hidden Markov
Model Toolkit (HTK). In fact, performing an ASR task using different recognizers will
increase researcher knowledge regarding which engine is the best fit for particular
target applications, as well as enhancing research in this field. This paper includes an
experimental evaluation of both PocketSphinx and HTK recognizers using a new
“in-house” Arabic continuous speech corpus that contains 15.94 hours (12.74 hours for
training and 3.19 hours for testing). The vocabulary contains 30,986 words. In these
experiments, we used two text formats, Arabic characters for CMU Sphinx
(PocketSphinx decoder) and Roman characters for HTK (HVite decoder) because HTK
expects Roman characters. The experimental comparison shows that PocketSphinx
outperforms (even in a shorter time) HTK. In addition, this study shows the
intermediate steps for training the necessary models such as the acoustic model and the
language models.

Keywords: Arabic speech recognition, PocketSphinx, HTK, HVite, Buckwalter,
language model, phonetic dictionary.

1. Introduction. Arabic is the most widely
spoken Semitic language today that recently
has received significant attention for
automatic speech recognition (ASR). ASR is
a component of the natural language
processing (NLP), which is used to automate
the communication process between human
and machine, i.e., the man-machine
interaction. In this regard, much research has
been devoted to introducing innovative
technologies in dialogue systems for
automation purposes (e.g., banking services,
cars, control machines, etc.). However,
employing ASR technology in Arabic NLP
applications is still limited due to various
challenges about within the Arabic language
itself. For instance, it is difficult to obtain

corpora for dialects that are spoken rather
than written, i.e., there is no common writing
standard, difficulty in obtaining a sizable
diacritized text as Arabic allows writing
without diacritics, and an enormous number
of word forms due to the morphology
richness of Arabic. In fact, one of the most
difficult tasks in Arabic ASR is preparing a
large diacritized text for ASR systems, which
is a time-consuming preprocessing stage. In
order to promote research on the Arabic ASR,
we considered the corpora availability
problem by producing a manually diacritized
large-vocabulary speaker-independent
continuous speech  corpus for Modern
Standard Arabic (MSA). The contents of the
prepared corpus belong to general broadcast



news.
In this work, we used the prepared corpus for
an  experimental evaluation of two
off-the-shelf open source speech recognition
toolkits, namely the Carnegie Mellon
University (CMU) Sphinx [1] and the Hidden
Markov Model Toolkit (HTK) [2]. In fact, it
is important to find the performance of the
popular speech engines using an identical
speech collection because it reveals the
unique characteristics of each engine for
further understanding of their behavior in
NLP and ASR applications. With the growing
interest in ASR technology, it becomes more
important to evaluate recent ASR systems in
order to find the best-suited system for the
tasks in question. For instance, the study in
[3] demonstrated a large-scale evaluation of
open-source speech recognition toolkits that
include Sphinx, HTK, and Kaldi [4]. The
study in [3] indicated that Kaldi is better than
Sphinx and HTK in terms of results and
training recipes (for the German and English
languages).

The work with the Arabic ASR considers
one of two textual formats, either Arabic
characters or Roman characters. Accordingly,
there are two main approaches to address the
training with Arabic text. The first approach
considers using Arabic alphabet characters
such as the Sphinx recognizer; the second
approach uses Roman characters such as the
HTK recognizer. It is sometimes required to
convert Arabic characters into Roman
characters, especially when recognizers
assume that ASCII is used to write the
training textual files rather than Unicode.
HTK expects Roman characters, which
means that Romanization of the Arabic ASR
tasks must be completed. From the ASR point
of view, Romanization means that the
recognizer is trained on the Romanized
transcriptions of the data. In general,
choosing a recognizer on the basis of
accepting Arabic characters should have no
difference in performance since the core of
the algorithms of training and decoding are
the same in the different ASR engines. One
purpose of this work is to evaluate the
performance using the Sphinx and HTK

recognizers. Therefore, we choose
Buckwalter (BW) transliteration for the
Romanization process in the HTK recognizer.
There are many character options for
Romanization; however, BW transliteration
[5] is a good option for Romanization as it
has the following two advantages: namely, it
is popular, so the data can be easily made
available to others as well as making it
possible to use the data of other people.

In this paper, we demonstrate an
experimental evaluation of two cases; the
Arabic character-based recognizer is the
CMU Sphinx (PocketSphinx decoder), and
the Roman character-based recognizer is the
HTK version 3.4.1 (HVite decoder). However,
the HTK toolkit has another famous decoder,
which is ‘HDecode’, but in this work, we
used HVite. As future work, we will
aim at implementing HDecode for the Arabic
ASR. The CMU Sphinx toolkit includes the
latest available releases as follows:
‘Sphinxbase — S5Prealpha’, ‘PocketSphinx -
Sprealpha’, and ‘SphinxTrain - Sprealpha’.
For the experiments, we used a new
“in-house” continuous speech corpus that
contains 15.94 hours of MSA speech. The
training set contains 12.74 hours (1,611
speech files), while the testing set contains
3.19 hours (403 speech files). This study also
presents the intermediate steps to train the
models as well as the Romanization process.
For fairness in the comparison, we
emphasized that the training set and the
testing set are identical in both systems (i.e.,
the same wave files, the same diacritized text,
and the same phonemes set but with different
symbols). Based on our best knowledge, this
is the first attempt to experimentally compare
the Sphinx and HTK recognizers for
continuous Arabic speech.

This paper is organized as follows: Section
2 presents the literature review. In Section 3,
we present the phonemes and the
pronunciation dictionary. The language
models are explained in Section 4. The
implementation and the results of the
PocketSphinx and HTK recognizers are
presented in Section 5, followed by the
conclusion in Section 6.



2. Literature Review. Textual training data
are an essential part of any speech corpus as
they represent speech transcription. However,
not all open-source recognizers can handle
Arabic characters, which may lead to
complications in ASR implementation. In fact,
most of the current recognizers are designed
for the English language, which is sometimes
not compatible with the Arabic language due
to the character representations. The literature
shows that two types of textual data are used
according to the employed recognizer. If the
used recognizer supports Arabic characters,
then it is straightforward to use the Arabic
characters. However, if the recognizer cannot
handle the Arabic characters, then the choice
is to consider Romanization. In general,
Arabic ASR researchers use either Sphinx or
HTK for the recognition task. However, no
single work presents a comparison between
both systems, which is the motivation of this
work. Based on the literature, most Arabic
ASR studies employ the CMU sphinx engine
because it is compatible with Arabic
characters. However, few works have used
the HTK engine based on Romanization. For
instance, previous studies that used the CMU
Sphinx are as follows: Hyassat and Abu Zitar
in [6] employed Sphinx tools for the Holy
Quran speech recognition, Alghamdi et al. in
[7] used Sphinx tools for an MSA ASR
system, AbuZeina et al. in [8] used the
Sphinx  tool  for crossword  Arabic
pronunciation variation modeling for ASR,
AbuZeina et al. in [9] used the Sphinx tool
for within-word Arabic pronunciation
variation modeling for ASR, Abushariah et al.
in [10] used Sphinx tools for an Arabic ASR
system based on a phonetically rich and
balanced speech corpus, and Al-Anzi and
AbuZeina reported the most recent Arabic
ASR work [11] that is based on Arabic
characters.  They used the CMU
PocketSphinx to evaluate the impact of
phonological rules on the Arabic ASR.

The literature shows that employing
Roman characters for the Arabic ASR is less
than what was observed for the Arabic
characters. The following are results from

previous studies. Kirchhoff et al. in [12]
proposed the use of the Romanization method
for the transcription of the speech corpus.
Vergyri et al. in [13] used Romanized
transcriptions to train the speech recognizer.
Kirchhoff et al. in [14] used Romanized
transcription in language modeling for
large-vocabulary ~ conversational  Arabic
speech recognition. Satori et al. in [15]
introduced an Arabic voice recognition
system where both the training and
recognizing processes use the Romanized
characters. Elmahdy et al. in [16] used
Sphinx tools in addition to the SAMPA
Romanization method for dialectal Arabic
speech recognition. Al-Qatab et al. in [17]
employed HTK for a small corpus of
continuous speech and isolated words;
however, they did not indicate anything
regarding Romanization. The study in [18]
used BW Arabic transliteration for Tunisian
dialect dialogue systems. A recent work using
HTK was reported by Merad-Boudia et al. in
[19], and they employed the HTK engine for
a small corpus of isolated and connected
words. In summary, the literature shows that
no single work has conducted practical
research to evaluate the performance using an
identical speech corpus, which indicates the
importance and originality of this work.

3. Phonemes Set and Pronunciation
Dictionaries. In order to train the models for
ASR tasks, a speech corpus is required. This
contains a set of speech files and
corresponding textual transcription. The
textual transcription is used to find the
phonetic transcriptions through the phonemes
set. Therefore, defining the phonemes set is
the initial step in ASR work. A phoneme is
the basic unit of sound that ASR uses for
classification. While it is possible to use
words and syllables for ASR classification,
the phoneme approach is the most widely
used in recent ASRs. On the other hand, the
number of phonemes for Arabic is still a
debated matter. For instance, Alghamdi et al.
in [7] used 46 phonemes. Al-Qatab et al. in
[17] used 34 phonemes (28 consonants and 6
vowels). Elmahdy et al. in [16] indicated that



MSA consists of 38 phonemes, where 28 are
original consonants, 4 are foreign and rare
consonants, and 6 are vowels. Haraty et al. in
[20] indicated that Arabic has at least 112
phonemes, as they considered that every
letter has four diacritics and therefore four
phonemes. Alotaibi in [21] used 37 MSA
phonemes as given by the Language Data
Consortium (LDC).

Hence, the defined phonemes set in
addition to the corpus transcription are used
to generate the pronunciation dictionary that
contains the phonetic transcription. In this
work, the employed ASR recognizers have
the following two options to handle the
Arabic characters: the Sphinx recognizer
allows the wuse of Arabic characters.
Therefore, we do not need to consider
Romanization. However, HTK expects
Roman characters. That is, if the corpus
textual transcription is stored using the
standard Arabic characters set, then it needs
to be transcribed into something that HTK
can handle. For the Arabic ASR, BW

transliteration has a distinguished attribute in
which it uses one Roman character for each
Arabic character, making it reasonable to
approximate that each Arabic character
corresponds to a single phoneme. For
instance, the phonetic transcription of the
word "kataba," which means “he wrote,” is "k
atab a". However, BW uses a number of
non-alphabetic characters to consider in the
conversion process (e.g., BW uses “$” for the
Arabic letter ‘Sheen’ “U5” , which is a special
character in some recognizers such as HTK).
Hence, the conversion of the Arabic text to
BW transliteration requires a further step to
swap the non-alphabetic characters with some
other arbitrary characters. Of course, it is
straightforward to convert the Romanized
text back to the Arabic transcription in the
case of the need to output in Arabic. Table 1
shows the Arabic and Romanized characters
using BW transliteration. In the table, we
indicate some replacement cases.

TABLE 1. Buckwalter (BW) transliteration with some replacements

# | Arabic character Phoneme (BW) # | Arabic character Phoneme (BW)

1 / A 23 < k

2 / > (replaced to) O | 24 J [

3 ~ b 25 A m

4 < t 26 J n

5 < v 27 B) w

6 z Jj 28 & Y

7 z H 29 ° h

8 z X 30 & y

9 ) d 31 / | (replaced with) U
10 J * (replaced to) J | 32 £ G

11 , r 33 5] & (replaced with) W
12 J z 34 s } (replaced with) O
13 oY, s 35 g p
14 S $ (replaced to) C | 36 F

15 U S 37 5 N

16 s D 38 K

17 L T 39 a

18 5 Y4 40 u

19 s E 41 3 i
20 £ g 42 5 ~ (duplicate previous)
21 4 f 43 o (not used)
22 2] q 44 / > (replaced with) [




In fact, using either Roman or Arabic
characters is a non-issue since there is no real

difference between both types of transcription.

It is just a matter of handling the textual
characters. Therefore, the performance of the
ASR recognizer based on Arabic characters
should have no significant difference from
one based on Roman characters. However,
Romanization is harder to read for the native
Arabic  speaker. Of course, it is
straightforward to do the transliteration in
both directions in case of the need to output
in the Arabic transcription.

In addition to the phonemes set shown in
Table 1, we use three more phonemes to
represent the Fatha that proceeds Alif (') = &
as a single phoneme that is (aA), the Damma
that proceeds Waw (5) = s as a single
phoneme that is (uw), and the Kasra that
proceeds Ya (¢) = - as (iy). The reason
for handling these cases as a single phoneme

is that the pronunciation of the short vowels
is different when it proceeds the long vowels.
Hence, it will be correctly transcribed as
single phonemes. Therefore, we used 46
phonemes for the HTK system, 42 phonemes
in Table 1 (Shadda (£<>~) and Sukun (£<>0)
are discarded) in addition to the three
phonemes (aA, iy, and uw) and the sil
phonemes to indicate silence. In the Sphinx
system, decoding fails when the phonemes
set contains small letter and capital letter
symbols. For instance, it fails when the
phonemes set has a phoneme b and another
phoneme B. However, this problem has not
been observed in the HTK system. Hence, we
used a new phonemes set for Sphinx that
contains 45 phonemes (< is not counted since
it is duplicated) as shown in Table 2. The
phonemes set contains 46 phonemes as the
set that is used for the HTK system. Hence,
both systems have the same phonemes set.

TABLE 2. Proposed phonemes set for the Sphinx recognizer

# Letter | Phoneme | # Letter | Phoneme | # Letter | Phoneme
1 e E 17 D) R 33 ° H

2 / AA 18 J Z 34 g W

3 / 0 19 o S 35 & AY

4 3 EW 20 5] SH 36 & Y

5 / I 21 U= SS 37 AU

6 & EY 22 Ul DD 38 AWW

7 / A 23 L T 39 AIY

8 - B 24 L 77 40 g AU

9 5 P 25 £ AE 41 AW
10 < T 26 £ GH 42 Al
11 < TH 27 - F 43 5 duplicate
12 z J 28 Z] 0 44 t AUA
13 z HH 29 = K 45 £ AWW
14 z KH | 30 J L 46| ATY
15 J D 31 2 M
16 J DH 32 J N

The pronunciation dictionary is an ASR
component that contains the phonetic
transcription of each word. That is, each word
that appears in the training text is listed in the
dictionary in terms of  phonemes.
Nevertheless, generating a pronunciation
dictionary is a hard task due to the different

acoustic cases of pronunciations. In the case
of a large number of words (i.e., a sizable
vocabulary), it is quite time-consuming. In
this work, we used a Python program to
generate the pronunciation dictionaries for
both the Sphinx and HTK recognizers. In the
literature, there are various studies that



describe the rules to generate a pronunciation
dictionary for MSA. For instance, Ramsay et
al. [22] described a knowledge-based
approach to generate the phonetic
transcription for MSA. Ali et al. in [23]
presented a tool for generating phonetic
dictionaries for MSA.

Figure 1 shows entries of the dictionaries
that are used in this work. The figure shows
the phonemes sequence of each word that
appears in the training textual data. The
pronunciation of each word is used to model
the acoustic model during the training phase.
For instance, the word “32) 53 is mapped to
the sequence “A L W AU Z AUA R AU P”.
Hence, wherever this word appears, it is
replaced with the phonemes sequence in
order to produce the phonetic transcription of
the speech file. Each phoneme is then used to

train a part of the acoustic signal that
corresponds to a phoneme name. This process
(i.e., the training stage) is performed using
the Baum-Welch algorithm to create a single
hidden Markov Model (HMM) for each
phoneme in the phoneme list. The figure also
shows two sets of phonemes: the phonemes
set for Sphinx (on the left of the figure),
which is proposed in this work, and the HTK
set (on the right of the figure), which is based
on the BW transliteration. Creating a single
HMM model for each phoneme is called the
‘context-independent’ phase (CI). After the
CI stage, the training stage continues to
perform the untied ‘context-dependent’ phase
(CD) for creating triphones; finally, the tied
context-dependent phase is used for tying
some HMM states.

Arabic-based dictionary (for Sphinx)

Roman character-based dictionary (for HTK)

35055 ALWAUZAUARAUP
8 ALWAUZAIYR

28 ALWAUZAIYRAU
3503 ALWAUZAIYRAUP
203 ALW AU Z AlY R AW
203 ALW AU ZAIY RAI
5003 ALWAUZAIYRAIP

AlwazaArap AlwazaArap
AlwaziyrAlwaziyr
AlwaziyraAlwaziyra
Alwaziyrap Alwaziyrap
AlwaziyruAlwaziyru
AlwaziyriAlwaziyri
Alwaziyrip Alwaziyrip

In both implemented systems, we consider
the pronunciation case of Shadda as follows:
for the Shadda case, we first remove the
germination marker “Z” and then duplicate
the previous consonant. Another case where
an unnecessary symbol is deleted is the
‘Sukon’ “Z”. Ramsay et al. in [22] described
pre-processing cases that should be
considered for phonetic transcription. For
illustration, Figure 1 shows some cases where
the semi-vowels y, w and A are written with a
preceding short vowel, so it is assumed that
iy, uw and aA are two-character names for
the relevant vowels. The same is found in the
Sphinx dictionary (i.e., AUA, AWW, and
ALY).

FIGURE 1. Entries of the pronunciation dictionaries

4. Language Models. (LMs) are considered
to be a significant contribution to the
performance of NLP systems such as ASR
and machine translation. LMs have been
successfully applied in different linguistic
applications such as Part-of-Speech (PoS)
tagging, parsing, information retrieval, spell
correction, summarization, etc. In particular,
LM 1is a critical component in linguistic
applications producing sequences of words as
output. In the last few decades, extensive
research has been devoted to promoting new
techniques to compile LMs as well as to
address challenges such as missing n-grams.
In speech recognition, the ASR decoder uses
the information provided by the LM to find
the best possible word sequence of the testing



speech for transcription purposes. In general,
it is extremely important for language
applications to have the ability to predict the
next word given by the previous word(s), or
the history.

LMs can be either probabilistic or
non-probabilistic. The probabilistic LMs are
known as statistical LMs such as n-grams,
while non-probabilistic LMs are known as
‘any-word’ grammar. Any-word grammar
does not use probabilities of words. It is
unconstrained grammar that leads to very
poor accuracy in continuous ASR systems.
That is, any-word grammar relies entirely on
the acoustic model. On the other hand,
statistical language models are based on
computing the probabilities of all word
combinations (i.e., all possible word
sequences) in the training source text.
Statistical LMs are generally demonstrated
using ARPA format textual files that include
the statistical estimation of the desired
n-grams, typically up to 3-grams. Compiling
a statistical language model requires a large
number of words from different textual
resources. In addition, the data should not be
too specific to a particular domain; otherwise,
it will not generalize well to the sentences in
question.

During ASR decoding, the recognizer
employs the language model to transcribe
speech files using the acoustic model and the

pronunciation dictionary (i.e., the vocabulary).

Hence, the most likely hypothesis for each
testing speech file is generated as an output.
Employing language models reinforces the
speech recognition accuracy, as the more you
can constrain the range of possible utterances,
the more accurate the recognizer will be.
Based on the information provided in the
n-grams, the probability of a word sequence
is computed using the following formula
[25]:

n
Py = | [ Powicwl™) (1)
k=1
where ‘n’ is limited to include the history

of the word. Hence, the Chain Rule is applied
to compute the joint probability of words in a

sentence. LMs utilize the Markov assumption
to simplify data estimation. For instance, for
n=2, the bigram is calculated for the word
sequence as follows:

P(wywy) = P(wy [wy)P(wy) (2

For speech features, Mel Frequency
Cepstral Coefficients (MFCC) are the
classical front-end analyses used in speech
recognition to produce the sequence of
real-valued numbers that represent feature
vectors based on the input signal. Since 1980,
it has dominated the ASR feature extraction
method due to its good performance. The
success of MFCC makes it the standard
choice in the state-of-the-art speech
recognizers such as the CMU Sphinx, HTK,
and Kaldi speech recognizers. Reference [24]
has some details of MFCC. Given the speech
feature vectors, the most likely sequence of
words is estimated by the following [25]:

~ P(O|W)P(W)
W = argmaXy ey, T =
argmaxy,¢; P(O|W)P(W) 3)

Where W is the most likely recognized
words, P(O|W) is the probability of the
feature vectors, given a sequence of words
that is computed using the acoustic model,
and P(W) is the probability of the words
sequence that is computed using the language
model. P(0) is the probability of the
acoustic observation sequence and can be
ignored. Hence, the statistical LM has to be
computed first to decode the testing speech
files in ASR systems. The statistical n-grams
LM is trained by counting n-grams
occurrences in a large transcription corpus to
then be smoothed and normalized. Counting
and normalizing can train the n-gram models.
The following formula is used to estimate the
n-grams parameter [25]:

P(Wnlwryf—_]%]+1) _ Count(WhZy W)

“)

n—1
Count(Wp_n41

One major problem in LMs is unseen
words or n-grams that are found in the testing
set while out of vocabulary. Accordingly,



a probability of 0.0 is given to the items that
are not seen in the training data. That is, not
all n-grams will be present (i.e., not observed)
in the training data. One solution is
smoothing by assigning non-zero or small
probabilities to the unseen n-grams in which
all word sequences can occur with some
probability. Hence, smoothing provides a
better way of estimating the probability of
zero frequency n-grams that never occur in
order to produce generalized LMs.
Smoothing is also called discounting. When
creating a language model, it is more efficient
to use log probabilities rather than actual
probabilities due to the risk of numerical
underflow, especially for very long strings. It
is also efficient in ASR decoding algorithms
such as the Viterbi algorithm.

Creating an n-gram LM entails the
following three main steps: compute the word
unigram counts, convert the word unigram
counts into a vocabulary list, and generate
bigram and trigram (or more) tables based on
this vocabulary. As a preprocessing step, it is
essential to include special words such as <s>

in order to indicate the “start of sentence” and
the </s> to indicate the “end of the sentence”.
The CMU Cambridge University toolkits [26]
use the <UNK> token to indicate unknown
words, whereas HTK toolkits [2] use 'UNK
for the same purpose.

Sometimes ASR recognizers employ the
grammar of LMs for small applications with
limited isolated words. Such grammar is
simple and does not have probabilities; they
are designed according to the information that
is provided in the corresponding application.
That is, grammar mainly contains isolated
words such as commands, control words, and
digits. However, grammar might allow
sequences of words. Figure 2 shows a simple
grammar for ten digits that can be used in
continuous speech recognition to choose one
word or more from the list. The grammar is
written using JSGF format, as shown in
Figure 2. The star (*) in Figure 2 means zero
or more words. This is helpful when this
grammar is used in continuous speech in
order to recognize a sentence that has many
words.

Ten digit grammar (for Sphinx)

#JSGF V1.0;
grammar myGrammar;

public <command> = <word>* ;
<word>=( One | Two | Three | ... | Ten);

Ten digit grammar (for HTK)

($SWORD)

$WORD = (One | Two | Three | ... | Ten);

FIGURE 2. Any-word grammar for ten digits

Grammar is usually written by hand, or it
can be generated using a program. Most
grammar does not use probabilities; however,
some elements might be weighted. In fact,
grammar is rarely used in ASR systems since
the probabilistic models of a language are
more useful than the hard models (i.e.,
grammar) for legal sentences in various
languages.

There are a number of toolkits that are
used to compile LMs such as the
CMU-Cambridge LM toolkit [26], the
Cambridge University HTK language
modeling tools [2], and the SRI Language

Modeling Toolkit (SRILM) [27]. The
CMU-Cambridge toolkit uses the following
five commands to produce the LM dump file:
text2wireq, wifreq2vocab, text2idngram,
idngram2Ilm, and Im3g2dmp [28]. HTK
provides two approaches to generate n-grams.
The first method employs the HLStats
function, which is used exclusively to
compute the bigram language model (i.e.,
2-grams). The second method implements a
series of functions to compute n-grams. In
this work, we used the first approach (i.e.,
bigram statistical LM). In addition to
HLStats, HBuild is used to create the word



network that describes the allowable word
sequences, of course, with the corresponding
probabilities. Figure 3 shows a simple 3-gram

LM for three sentences as shown in the figure.
It was created using the CMU-Cambridge
toolkit.

A small corpus of three sentences
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FIGURE 3. Three sentences with the 3-grams LM using the CMU-Cambridge tool

For this work, we used 2-grams statistical
language models as shown in Figure 4 for
both systems. In fact, the 3-grams language
model is more commonly used for ASR
tasks; however, we used the 2-grams

language model in this work due to the
restriction of HVite. HVite uses 2-grams,
while HTK HDecode can use 3-grams.
PocketSphinx can use either 2-grams or
3-grams language models.

CMU-Cambridge tool HITK tool
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FIGURE 4. Parts of the 2-grams LM that are used in this work

5. Implementation of the Sphinx and HTK
methods. The Sphinx and HTK methods
used Cygwin, which is a Unix-like
environment for Windows. However, it is
preferred to run the command line in a
UNIX-based system rather than Cygwin that
is installed for the Windows environment.
Implementing Sphinx for Arabic ASRs
includes the steps described in [29]. The first

step includes creating the directory where the
files live. The files include the training and
testing speech files, the transcription of the
entire speech collection, and other necessary
files that are used for training and decoding.
In particular, the speech files are stored in the
wayv directory, while the efc directory has the
following files: the pronunciation dictionary,
the phonemes file, the list of fillers, the list of



files for training, the transcription for training,
the list of files for testing, and the
transcription for testing. Of course, the
language model also lives in the efc directory.
The following are the main commands (for
task1, for instance) that are used in Sphinx:

= § mkdir taskl (create the main
directory)

= §$ sphinxtrain -t taskl setup (create
the structure of the main directory)

=  § sphinxtrain run (start training, once
done, it provides the word error rate
(WER))

For HTK implementation, reference [30]
presents comprehensive details for training
and decoding as the following steps:

Step 1 - the Task Grammar, Step 2 - the
Dictionary, Step 3 - Recording the Data, Step
4 - Creating the Transcription Files, Step 5 -
Coding the Data, Step 6 - Creating Flat Start
Monophones, Step 7 - Fixing the Silence
Models, Step 8 - Realigning the Training
Data, Step 9 - Making Triphones from
Monophones, Step 10 - Making Tied-State
Triphones, and finally, Step 11 - Recognizing
the Test Data. In the previous sections, we
demonstrated some of the steps such as the
language model and pronunciation dictionary.
To train a model, a further set of files is
needed such as the following:

= words.mlf: this is just a rearranged
version of the training textual files,
= train.scp: a list of the training speech

file names,
= phonesO.mlf: the phonetic
transcriptions, obtained by

substituting the entries in the
pronunciation dictionary for the
words in the textual transcriptions,

= monophones0: list of the phones that
appear in phones0.mif,

= codetrain.scp: pairs linking .wav files
to .mfc files (the MFCC speech

features),

= proto.txt: the "flat start" file for the
hidden Markov models (HMMs),

= config.txt that contains some
parameters related to the speech
features.

After creating the necessary files in the
same directory where the speech files and the
speech features (.mfc) reside, it is possible to
start training. This produces trained models
that will be used for decoding. During
training, many functions are executed, such
as the HLEd and HERest functions. For
decoding, HVite is used.

To investigate the performance, we split
the speech corpus (15.94 hours) into two
parts including the training set that contains
12.74 hours (1,611 speech files) and the
testing set that contains 3.19 hours (403
speech files). That is, the testing set is 20% of
the overall speech corpus. The speech files
were prepared to have a fixed length between
10-40 seconds, mono, and sampled at 16 kHz.
The average length of the textual files is 55
words. The total number of speakers in the
corpus is 29 native Arabic speakers (19 males
and 10 females). In this work, we used three
emitting states of HMMs that corresponded to
the subphones at the beginning, middle, and
end of the phones. The acoustic models were
calculated using context-dependent HMM
triphones. Regarding Sphinx recognizers, the
acoustic models are trained wusing the
SphinxTrain for the phonetic tied-mixture
(PTM). However, other acoustic model types
can be used such as semi-continuous and
fully continuous models. The performance is
measured based on different parameters such
as the number of Senones and the number of
Gaussian densities. Table 3 shows the WER
for different cases.

TABLE 3. The performance of the Sphinx recognizer

Experiment Densities Senones WER (%) Accuracy (%)
1 8 500 22.6 77.4
2 8 1000 22.2 77.8
3 8 2000 21.5 75.5
4 16 300 21.8 78.2




5 16 1000 21.1 78.9
6 16 2000 20.7 79.3
7 32 500 21.8 78.2
8 32 1000 21.3 78.7
9 32 2000 21.3 78.7
10 64 500 21.9 78.1
11 64 1000 21.9 78.1
12 64 2000 21.9 78.1
13 128 500 21.7 78.3
14 128 1000 22.6 77.4
15 128 2000 22.1 77.9
16 256 500 21.8 78.2
17 256 1000 22.2 77.8

Table 3 shows that the best (lowest) WER
was found to be 20.7% using 16 Gaussian
densities and 2000 senones. We emphasize
that these results are based on the language
model that contains both the training and
testing transcriptions. However, if the langue
model contains only the training transcription,
the results will be less than what we scored in
Table 3. The reason for using the training and
the testing sets to create the language model
is that the language model requires a large
amount of data that is not available in our
work. During experiments, we considered
speeding up the execution time using the
PocketSphinx configuration (i.e., number of

parts to run Forward-Backward estimation =»
$CFG_NPART = 10; and how many pieces
to split decode in» $DEC_CFG_NPART =
10;). The number 10 is just an optional
number that can be fixed based on the user
preferences. This option is helpful since it
clearly reduces the execution time by
utilizing a number of processors in multicore
machines. For the HTK recognizer, we found
the performance to be less than what we
achieved using the Sphinx recognizer. The
WER is (100%-65.31%=34.69%). However,
the lowest WER in the Sphinx is 20.7%.
Figure 5 shows the HTK overall results.

Sun Jun 18 19:01:41 2017
Ref : words.mlf
Rec : recout.mlf

Date:

HTK Results Analysis

overall Results
SENT: %Correct=0.00 [H=0, S=403, N=403]
WORD: %Corr=67.50, Acc=65.31 [H=15582, D=1044, S=6459, I=506, N=23085]

FIGURE 5. Performance of the HTK recognizer

Regarding the output, Sphinx gives the
results using Arabic characters. However, the
HTK gives Romanized characters. Figure 6
shows an example of the output of the HTK
recognizer. In the figure, Arabic characters

(the upper part in Figure 6) represent the
transcription of a speech file after recognition,
and the lower English characters are the
Romanized text as recognized by the HTK
HVite decoder.



File: mfc/1323.mfc

[Ac=-232137.1 LM=-1930.4] (AcT=-30763.6)
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FIGURE 6. The recognition output of a speech file using the HTK

In this work, we used the default settings
of HTK. The default settings include the
thresholds for outlier removal (RO=100) and
the tree branch threshold (TB=350). TB is
used for the decision of tree clustering of
states. Both RO and TB affect the degree of
tying and therefore the number of states
output in the clustered system [30]. In future
work, it is worth evaluating the performance
using different values of RO and TB. It is
also worth employing the HDecode, which is
an HTK extension decoder released on a
restricted basis.

6. Conclusion. This work discusses the
implementation of two well-known speech
recognizers; the CMU Sphinx, and the HTK.
It includes a comparative study of both
recognizers using a continuous speech corpus
of MSA. The results show that Sphinx
outperforms the HTK recognizer. Sphinx is
also better in some issues such as handling
long speech files, since some of the long
speech files were discarded due to failure
execution using the HTK (i.e., the training
fails using long speech files). Sphinx is also
better in terms of execution time as it takes
less training and decoding time compared to
the HTK. Finally, we have found that it is
easier to perform an ASR task with Sphinx
than HTK. The only issue with Sphinx is that
it fails when the phonemes set has capital and
small letters. For instance, if we use the
character <B> to indicate a specific phoneme

and, at the same time, use the character <b>
to indicate another phoneme, then we get an
error during training. On the other hand, this
error did not appear in the HTK system. We
also have found that HTK is better
documented than Sphinx. In conclusion, more
research is required to understand the reasons
for the performance difference between both
systems.
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ABSTRACT

Large vocabulary speaker-independent continuous speech recognition systems have recently received
significant attention. However, speech recognition poses some challenges such as varying acoustic
conditions, dialects, and articulation at word’s boundaries. This study demonstrates a survey of Arabic
speech recognition that even has more challenges such as the optional diacritization of the Arabic script.
Even though Arabic is a live language that is spreading widely throughout a large area, the research
devoted to this technology still in the row stage compared to other languages such as English. In this paper,
we highlight the progress made so far in Arabic speech recognition field that include corpora, phonemes,
language models, acoustic models, and some promising research directions. This survey reveals that the
shortage of freely available continuous speech corpora disserve the research in this domain; it also shows

the need to compile large corpora as a key factor to promote the Arabic language research for effective
human-computer interaction.
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Abstract—Statistical language models have been widely used
in natural language processing (NLP) applications. N-gram has
long been proven as a useful words representation technique for
language models. However, n-gram assumes that the probability
of any word in a sequence of words depends only on the previous
n-1 consecutive words. Therefore, investigating the performance
of long distance dependencies (LDDs) is an important research
area to consider the words’ relationships beyond n-1 proceeding
words. LDDs aims at finding the words co-occurrences while
relaxing the consecutive constraint through a wider window
rather than two or three previous words. That is, LDDs are a set
of association rules that go beyond the scope of n-gram. One
possible use of LDDs is for N-best hypotheses rescoring in
automatic speech recognition (ASR) systems. In this paper, we
used a textual part of a speech corpus that contains 6,145 short
sentences (speech corpora usually have short sentences). The
experimental results show that the predictive Apriori data-
mining algorithm is a suitable candidate to generate the
frequently appeared LDDs that also contains consecutive and
nonconsecutive words’ relationships. The study also reveals that
extracting LDDs is a computation expensive task that requires
high performance computing (HPC) environment.

Keywords—Speech recognition, language model, n-gram, data
mining, predictive Apriori.

I. INTRODUCTION

Statistical language models, also called n-gram models, are
very popular and successfully used in different computational
linguistic fields. For example, statistical language models are
integral part of the state-of-the-art automatic speech
recognizers (ASR) systems such as Sphinx [1] and HTK [2].
Trigram is the basis of the classical language models that
assumes the next words is predicted based on the two
immediately preceding words. Hence, n-gram model assumes
that a word is only influenced by the (n-1) proceeding words,
typically one or two words. It is indicated in [3] that due to
memory and computation requirements, the value of (n) is
restricted to two or three for bigram or trigram language
models, respectively. In speech recognition community,
language models also called grammars. Despite language
models are known as probabilistic models, however, it could be
non-probabilistic (i.e. "any word" grammar).

Language modeling research has long history of
improvements as indicated by [4]. He indicated that there are
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many improvements over trigram simple model including
caching, clustering, higher-order n-grams, skipping models,
and sentence-mixture models. However, not all of the previous
methods proved to be useful. For example, reference [4]
showed that even using a very large corpus for n-gram model,
very small improvements occurred, where n is larger than 5.

Even the statistical language models are quite success and
have proven to be reasonable, however, longer contexts
deserved for better language modeling representation. Such
longer contexts (i.e. long words’ relationships) go by the name
of long-distance dependencies (LDDs) that obtained by looking
at a wider window beyond n-gram. Discussing LDDs is not
new, for example, it is indicated in [5] that the n-gram is weak
in terms of capturing LDDs. Therefore, it could be better and
more appropriate if the textual corpus used to extract long-
distance words relationships. This research discusses a new
knowledge-based method to mine the words co-occurrences
among a data collection of textual sentences.

In fact, employing LDDs is extremely important since it is
the key to the performance of many natural language
processing (NLP) applications such as ASR systems, parsing,
tagging, translation, etc. In this regard, the important aspect is
how to find such words-relationships and how to exploit them
in NLP systems. In this study, we propose using the predictive
Apriori data-mining algorithm to extract the LDDs. We also
propose an algorithm for scoring the N-best list of an ASR
system. Intuitively, the proposed method is not a replacement
of the celebrated conventional language models, but it is a
complementary knowledge base for farther enhancement.

The predictive Apriori algorithm used in this work is
available in Weka machine learning tool [6]. In fact, finding
LDDs is computational expensive and is feasible for small
textual corpora that have relatively short sentences. This is the
reason why we chose to demonstrate this work for ASR
corpora that usually have short recordings that corresponds to
short sentences. The reason of such short recordings is that the
speech recognizer should be able during training to align the
recordings with their phonetic transcription; if the recordings
are long then initial alignment might be fail and therefore
causing a problem during training process.

In the next section, we present the language models
limitations. Section 111 presents the literature review, followed
by the experiments setup and results in section IV and the ASR



N-best rescoring using LDDs in section V. We conclude in
section V1.

Il. LANGUAGE MODELS LIMITATIONS

The standard language model has some limitations and
constrains as demonstrated by a number of researchers. It is
indicated in [7] that words relevant to predicting the next word
might lay in any position beyond the scope of a word trigram.
The n-gram models are constrained in their inability to take
advantage of dependencies longer than n in a sentence [3]. The
work in [9] demonstrated two drawbacks when considering
neighbor words with fixed window size: 1) the actual relation
between words within the sentence is ignored, thus the long-
distance context cannot be captured for training. 2) Word
embeddings learned from flat context are not isomorphic
among languages due to the order difference between diverse
languages. The classic text representation methods seldom
consider the role of the words order in the texts for the
semantic representation, and it is supposed that the words are
independent of each other [10]. In the same meaning, reference
[5] demonstrated that the trigram model is unable to
characterize word dependence beyond the span of three
successive words.

The study in [8] used clustering as an alternative way of
dealing with the data sparseness problem to explore the
effectiveness of cluster-based higher-order n-gram models.
Similarly, the presented study in [11] shows that the language
models do not describe the constraint relationships between
words and words or sentences and sentences. They also
indicated that LDDs could be used in other domains such as
text classification, text clustering, text summarization, and so
on. For farther exploring the the deficiency of standard
language models, the work in [12] demonstrated that the n-
gram model works in terms of discrete units that have no
inherent relationship to one another. The work in [13]
presented that the local structure (n-gram) constraint is a key
limitation in many tasks, since natural language contains a
great deal of nonlocal structure (LDDs). The vector space
model (VSM) that is widely used for text representation in
information retrieval (IR) models assumes that words occur
independently (i.e. bags-of-words), which is not exactly
appropriate to natural language. It is demonstrated in [15] that
many of the context dependencies in natural language occur
beyond a three-word window.

Even the Arabic language is widely spoken by hundreds of
millions (approximately 400 millions); still, there is little
research to improve the the linguistic applications through
LDDs or lexical databases. Most research studies found in the
literature show that Arabic research focusses on the
conventional standard language models that restrict n-gram to
the neighboring words with fixed window size. That is, the
research in the Arabic language mainly discusses local
dependencies (i.e. short-distance model). For the above-
mentioned deficiencies of standard language model, we have
initiated this research.

I1l. LITERATURE REVIEW

Capturing long distance dependences was discussed in
many studies as follows. An empirical study was presented in
[6] on two techniques that used to generate LDDs;
linguistically motivated word skipping and predictive
clustering. They presented that the two techniques significantly
outperform word trigram. The work in [3] used dynamic cache
language models and context-free grammars to captures topic-
related dependencies of words within and across sentences.
Reference [10] proposed head-driven phrase structure grammar
(HPSG) for LDDs. HPSG includes three aspects: surface
oriented, constraint-oriented and strict lexicalism. A method for
capturing the long distance dependency presented in [5] as
word activation forces-based language model. A graph-based
long-distance dependency method for LDDs language models
presented in [11]. Reference [16] discussed the notion of using
probabilistic context free grammars for modeling LDDs. The
work in [13] showed how to account for the long distance
structure with Gibbs sampling, a simple Monte Carlo method
used to perform approximate inference in factored probabilistic
models. Reference [14] presents topical n-grams, a topic model
that discovers topics as well as topical phrases. Reference [15]
proposed a language modeling approach to capture the
preferred relationships between words over a short or long
distance through the concept of mutual-information (MI)-
Trigger pairs. A method based on extended the fixed
surrounding words presented in [9], the approach based on
learning distributed representations from dependency structure
of a sentence that can capture long distance relations. A method
for capturing the long distance common syntactical rules for
the Holy Quran was presented in [24].

IVV. EXPERIMENT SETUP AND RESLUTS

A. Data Set

In this section, we describe the corpus that used to generate
the LDDs. The corpus contains 6145 short sentences that
belong to sport and economy categories. The total number of
unique words in the vocabulary is 11,576. This textual
collection is a part of a speech corpus that contains 7.57 hours
speech recordings for training and testing. Naturally, the audio
files were not used in this study, as generating LDDs only
requires the transcription (i.e. the textual forms) of the 6,145
audio files. The maximum sentence’s length of the corpus is 30
words. The corpus was originally designed for Arabic
continuous speech recognition systems as described in [17].

It is worthy to indicate that we initially started working
using Reuters-21578 data set, but it was noticed that extracting
LDDs for long sentences with huge vocabulary is infeasible.
That is, we run the predictive Apriori algorithm to find LDDs,
but we had no results even with so long time waiting, therefore,
we stopped execution and moved towards a smaller corpus.
Therefore, for efficient extracting LDDs, a high performance
computing (HPC) environment is required especially for long
sentences.  Section VI explains how to exploit LDDs to
enhance ASR systems



B. Predictive Apriori

To extract the LDDs, we implemented the predictive
Apriori data-mining algorithm. In general, data mining
algorithms are used in many areas such as health, marketing,
communications, etc. For example, three algorithms (Apriori,
Predictive Apriori and Tertius) presented in [19] for analyzing
the information available on sick and healthy individuals and
taking confidence as an indicator, females were seen to have
less chance of coronary heart disease then males. For more
information on association rules, reference [20] has a survey on
such rules. The predictive Apriori algorithm is a Weka class
implementing the predictive Apriori algorithm to mine
association rules. It searches with an increasing support
threshold for the best 'n' rules concerning a support-based
corrected confidence value. The implementation of this
algorithm in Weka follows the reference [21], as the rule is
added if the expected predictive accuracy of this rule is among
the 'n" best and it is not subsumed by a rule with at least the
same expected predictive accuracy.

C. Implementation

The corpus described in the previous section was used to
obtain the best association rules. The Weka machine-learning
tool used to implement predictive Apriori algorithm. The
experiments were implemented using a relatively high-speed
machine with the following specifications: Intel(R) i7, CPU
3.4GHz, and 16.0 GB of RAM. However, for large data, HPC
is required. In our execution environment, it took about 130
processing hours to produce the best 300 rules as shown in Fig.
1. Nevertheless, it took few hours to generate the rules using
Apriori algorithm, as the n best rules are not sorted. The results
included two types of LDDs relations. The consecutive and the
nonconsecutive words relations. The following subsections
demonstrated examples of such relationships. Fig. 1 shows the
algorithm output starting from the highest accuracies. We
chose to extract the best 300 rules. In the figure, x is the
shorthand of word, so x5 means the word at the position 5.
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Fig. 1. 300 Best rules Using Predictive Apriori

Fig. 1 shows a part of the best 300 rules, even the rules
shown in Fig. 1 are related to consecutive rules; however, there
are some other rules that are related to nonconsecutive words
as shown in the following subsections. Despite we focus on
nonconsecutive  words  relationships; nevertheless, the
consecutive words relationships are also important for NLP
applications.

1) Consecutive Words Relations

The standard language model represents words
relationships of consecutive words. The predictive Apriori
algorithm provides similar relationships sorted based on
common rules found in the corpus. The only difference is that
the standard language models generate plain words sequences
with the corresponding probabilities, while the predictive
Apriori algorithm generate the association rules based on
words co-occurrences with the corresponding accuracies. Table
| presented some examples of such rules. The table also shows
the accuracies associated with each rule.

TABLE I. EXAMPLE OF CONSECUTIVE WORDS RELATIONS

Example
x5=4%ll 36==> x4=4 36 acc:(0.97338)
The rule indicates that the occurrence of word
2 (“43alP” ="percent”) at the fifth position in the
consecutive sentence occurred with the word (“&” =
words preposition means “in, at, on”) 36 times in the
entire corpus. The rule also shows that the
accuracy of this rule is 0.97. This rule is the
highest rule among the obtained rules.
x2=¢\& ;) x4=hiill 6 ==> x3=_\xul 6 acc:(0.87495)
3 The rules indicates that the word (“g &, ="rise”)
consecutive and the word (“Lall” = “0il”) associate with the
words word (“_\eul”= “prices™). This rule appears 6 times
in the entire corpus with accuracy equal to 0.87.
4 X1=2 3l X4=4 6 ==> X2=( X3=daalédll 6
consecutive acc:(0.87495)
words This rule shows the relation between four words.

Rule type

2) Nonconsecutive Words Relations

The nonconsecutive words includes associative rules
between two, three, and four words. Table Il presented some
examples of such relations. The table also shows the accuracies
associated with each rule.

TABLE Il EXAMPLE OF NONCONSECUTIVE WORDS RELATIONS
Rule type Example
x1=aW 4==> x4= sk 4 acc:(0.8333)
2 This rule shows the occurrence of a word at

nonconsecutive position # 1 and a word at the position # 4

words among the corpus sentences. These
nonconsecutive words relation appears 4 times
with accuracy of 0.833.
X1= Aa )l 5 3 ==> x3=lits x4= Juall 3
3 acc:(0.79997)

This rule shows a rule between a word at the
position #1 and a word at the position #3 and a
word at the position #4.

X2=aaill x3:‘_]3“>1\ X6=plall 5==>x5=125

4 acc:(0.8571)
nonconsecutive This rule shows a rule between a word at the
words position #2, a word at the position #3, a word at
the position #5, and a word at the position #6.

nonconsecutive
words

Even the examples provided show the relations up to four
words, however, more than 4 words relations can be extracted
if such co-occurrences found in the corpus.



V. N-BEST LIST RESCORING

Speech recognition is the process of converting speech into
machine-readable text. Three components are mainly used to
perform recognition task; the acoustic models, the
pronunciation dictionary, and the language model. An ASR
generally has the option to produce the N-best list that contains
the best recognition hypotheses. It is indicated in [21] that the
Viterbi speech-decoding algorithm is an approximation
algorithm. It actually computes an approximation of the most
probable word sequence, instead of computing the most
probable word sequence. The reason is that the pronunciation
variants probabilities’ mass is split up among different
pronunciations. Therefore, the Viterbi algorithm ignores the
correct word that has many-pronunciations and favor an
incorrect word with only one pronunciation path. Hence,
performance could be enhanced using N-best hypotheses
rescoring. Hence, we propose to exploit the extracted LDDs for
N-best list rescoring as shown in Fig. 2. The figure shows that
the ASR decoder (supposing) recognize a speech file as
Sentence 1. However, it might be better if the N-best list is
rescored using LDDs as a double check step to obtain better
results (it is supposed Sentence 4). The rescoring could be
based on counting the number of association rules in each
hypothesis. We have not empirically investigated the
performance using rescoring step as the number of the obtained
rules relatively low. However, it is a future research direction
to implement this method for large corpus with very rich rules.
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Fig. 2. Rescoring N-best list

Rescoring N-best list is not new. For example, Reference
[22] demonstrated the usefulness N-best rescoring using
syntactic trigrams. Reference [23] compared the efficacy of a
variety of language models for rescoring word graphs and N-
best lists generated by a large vocabulary continuous speech
recognizer. Hence, the main contribution of this work is to
develop an intelligent method that can raise the hypothesis
number four (as an example in the top part of Fig. 3) to be the
first choice as shown in the lower part of Fig. 3.
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Fig. 3. N-best list befor and after rescoring

VI. CONCLUSION

This study presents a new method to obtain the LDDs for
ASR N-best rescoring. The method based on predictive Apriori
algorithm that generate best association rules. The study shows
that generating LDDs is computational expensive and require
high-speed machines. It is a future research to utilize LDDs in
the implementation of speech recognition systems and other
NLP applications.
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Recognition Perfomance
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Abstract—although considerable research devoted to English
speech recognition, rather less attention paid to Arabic speech
recognition. The Arabic language is one of the most commonly
used languages worldwide that is in need for accurate audio to text
converters. In this paper, we evaluate the recognition performance
of the Arabic continuous speech using Soundflower Mac utility.
That is, Soundflower employed as a speaker-independent
continuous speech recognition system to evaluate the word error
rate (WER) and the accuracy of the Arabic speech. Hence, this
work has no acoustic training phase since the goal is to investigate
the trained models in an off the shelf tool. The study also contains
a comparative study of the speech recognition performance for
male and female native speakers. The experiments conducted
using a broadcast news modern standard Arabic (MSA) speech
corpus of 2.63 hours (10 male and 10 female speakers). The
experimental results show that the accuracy is 54.02 %, and the
accuracies of the male and female speakers are almost the same.

Keywords—Arabic, Speech, Recognition, Corpus, Soundflower.

l. INTRODUCTION

Automatic Speech recognition (ASR) has recently received
significant attention as one of successful trend in information
retrieval (IR) and intelligent systems. Converting speech into
text is an important since it felicitates deploying online audio
contents and make it more accessible. However, developing
high-quality speech recognition systems is a challenging task
and still is a promising research area. Recently, there has been
growing interest in speech recognition for the Arabic language
as one of the most common languages worldwide. In fact, there
is a real need for software tools to transcribe speech into text.
Moreover, Arabic is the language of the holy writings of Islam
(e.g. the holy Quran) that raises the demand for software to
dictate such huge speech resources. Reference [1] indicated that
ASR research is currently moving from mere speech-to-text
systems towards “rich transcription” systems, which annotate
recognized text with non-verbal information such as speaker
identity, emotional state for customer care purposes.

Nevertheless, speech recognition is not a straightforward
task, as it requires dynamic programming algorithms along with
different stages for training and decoding. Reference [2]
demonstrated why speech recognition is difficult; among the
reasons include body language, noise, differences between
spoken language and written language, etc. Therefore, obtaining
an accurate freely available software is difficult to achieve.
However, free and commercial software tools are available for
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Arabic speech recognition. In this paper, we consider
Soundflower [3] Mac utility that is a free, open-source speech
application. The goal is to employ this utility to evaluate the
performance of the Arabic speech recognition in terms of word
error rate (WER) and the recognition accuracy. The study also
aims at comparing the recognition performance of male and
female Arabic native speakers. Reference [4] indicated that the
performance of speech recognizers for female speakers is
usually worse than that obtained for male speakers. In fact, the
research in speech recognition contains different sources of
pronunciation variations such as continuous or isolated speech,
age, gender, emotion, dialects, noise, different accents, etc.
Reference [5] presented the main phonetic differences between
the speech of male and female speakers. The previous studies on
Arabic speech recognition has not considered speaker’s gender
on speech recognition. The little research in this domain
motivates the authors to to take over this research to find the
effect of gender in speech recognition.

We have organized the rest of this paper as follows. In the
next section, we present the literate review. In section 3, we
present speech recognition overview followed by the male and
female speech recognition in section 4. The speech corpus
information presented in section 5. The experimental results
presented in section 6. Finally, conclusion and future work
presented in section 7.

Il.  LITERATURE REVIEW

In this section, we survey the reported contributions of
Arabic speech recognition. Because speech recognition is a wide
multidiscipline topic that contains vast and diverse subtopics,
this literature focuses on the software tools developed for
dictating (i.e. audio-to-text) Arabic speech. Soundflower [3] is a
free audio system extension that allows applications to pass
audio to other applications as one usage option. However, it has
another option that is a speech to text converter with the
following characteristics based on [6]: Soundflower is a Mac
system extension, easy to use, simply presents itself as an audio
device, allowing any audio application to send and receive audio
with no other support needed.

Sakhr software company developed a commercial ASR [7]
engine that has some features such as noisy environments,
speaker independent, high accuracy, supports different Arabic
accents. The DARPA-funded Babylon project [8] contains
Arabic speech recognition as a part of the developed speech-to-
speech translation systems. Hidden Markov Model Toolkit



(HTK) [9] is a portable toolkit for speech recognition research.
However, the HTK assumes that the textual files written using
ASCI|I rather than Unicode, so if the training input text is stored
using the standard Arabic character set then it has to transcribe
to something that the HTK can handle. The obvious thing to use
is the Buckwalter transcription [10]. CMUSphinx toolkit [11] is
another option in the research community that used to build
speech recognition systems. CMUSphinx is an open source
speech software from Carnegie Mellon University (CMU) [12].
For example, Reference [23] employed CMUSphinx for cross-
word Arabic continuous speech recognition. Unlike HTK,
CMUSphinx does support Arabic language that used directly
within the CMUSphinx components such as phonetic
dictionaries and the language models. Choosing either HTK or
CMUSphinx depends on some aspects such as implementation
structure, supporting mobile platform, programming language,
etc. nevertheless, both well-known ASR engines share the
theoretical background for training and decoding that should
give relatively similar outputs.

As existing literature shows, little work devoted to serve the
Arabic language compared to the English language. Dragon [13]
is an example of software that used to convert audio text for
English. The developer [13] claimed that Dragon is the fastest
and most accurate way to interact with your computer.
Gotranscript [14] provides speech recognition service for
English. They listed some features of the product such as
uncompromising quality, rates within the budget, highly
accurate transcripts, timely and convenient delivery. Google
[15] cloud speech application program interface (API) enables
developers to convert audio to text by applying powerful neural
network models in an easy to use API. Reference [16] lists the
best 2016 voice recognition software for English. Reference [17]
compared the performance of three commercially available
continuous speech recognition software packages for the
English language. The packages include the IBM software that
was found to have the lowest mean error rate (7.0 to 9.1 percent)
followed by the L&H software (13.4 to 15.1 percent) and then
Dragon software (14.1 to 15.2 percent).

I1l.  SPEECH RECOGNITION OVERVIEW

Speech recognition mainly contains two stages, training and
decoding. The training stage requires two datasets: a set of
speech files and a set of files containing the phonetic
transcriptions of the speech files. There are various ways of
getting phonetic transcriptions. The easiest is to use phonetic
dictionary in combination with the training textual transcription.
Some ASR engines such as HTK have a tool for doing this, or it
can be prepared manually. Writing a phonetic dictionary is hard,
and if the vocabulary has many words then it will be quite time-
consuming. For Arabic, it is reasonable to approximate each
Avrabic character to a single phoneme. So, for instance, assuming
that the phonetic transcription of "kataba" is "k ata b a",
Buckwalter transcription [6]. This method of transcription has
two advantages, namely that everyone uses it, so that data can
easily be made available to other people and it let the researchers
to use other people's data; and that it uses one Roman character
for each Arabic character, which is helpful, and which most of
the other options don't do. There is, however, a problem, which
is that it uses a number of non-alphabetic characters that have a
reserved meaning in some ASR engines. Another option to

represent words in the phonetic dictionary is by using Arabic
characters such as "<& with the the phonemes "K AE T AE B
AE", as an example. Reference [18] has more information of
how generate phonemes (could say the phonetic dictionary) for
Arabic words. Of course, there are other ways to generate
phonetic dictionary for better performance. Linguistic scholars
and phonetic specialists might help to in this regards.

In addition to the phonetic dictionary, the training stage also
contains declaring language models that also called grammars.
There are all sorts of kinds of grammars to use. The choice of
the grammar is, indeed, the key to the performance of the
recognizer. The more of constrains in the range of possible
utterances, the more accurate the recognizer will be. In general,
one can extract two types of grammars from a set of training
textual transcription. One says that the target utterance may be
an arbitrary sequence of words drawn from the training textual
transcription (in short "any word" grammar); the other says that
it must be one of the training textual transcription. The first is
almost entirely not constraining, and leads to very poor accuracy
(but lets researchers experiment with the effects of different
transcriptions, because it relies entirely on the acoustic model);
the other is very tightly constraining, and often leads to 100%
accuracy. Naturally, there are other options to write grammars
such as probabilistic N-Grams, the well-known approach for
language modeling.

Using the phonetic transcriptions of the textual versions of
the training speech, the audio files, and the list of phonemes, we
can start training phase using the desired machine-learning tool
such as hidden Markov models (HMMs). The output of the
training stages is the acoustic models that used for testing, also
called decoding process. The grammars are required throughout
testing process. The testing stage employs a dynamic
programming algorithm such as Viterbi algorithm to find the
most likely phonemes sequence to find the textual words
sequence of the spoken words. In fact, speech recognition is a
complicated process that needs to handle different aspects such
as Gaussian mixtures model, speech features such as Mel-
frequency cepstral  coefficients (MFCCs), Baum-Welch
algorithm, triphone, pruning, etc.

MacOS recently introduced dictation (speech-to-text) as a
feature usable in any application that takes text as input [19].
Reference [19] presented some technical issues that help to run
Soundflower application. Fig. 1 shows the Soundflower starting

page.
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Figure 1. A snapshot of the Soundflower speech application

IV. MALE AND FEMALE SPEAKERS

One goal of this work is to investigate the speech recognition
performance of male and female Arabic speakers. The research



on Arabic speech recognition has tended to focus on mixed
male-female speech recognition rather than on gender based
speech recognition. That is, the training corpus usually has
mixed male and female speech that ignore the acoustic
differences between female and male voices. Vogt in reference
[20] indicated that the differences in speech features for male
and female speakers are a well-known problem and the gender-
dependent emotion recognizers perform better than gender-
independent ones. Reference [21] separated the training dataset
based on the gender. This separation yielded gender dependent
HMMs that found significantly improve the word recognition
accuracy over the gender independent method. Reference [4]
indicated that separating training corpora into male and female
acoustic-phonetic models is a common solution to enhance the
speech recognition performance.

V. THE SPEECH CORPUS

The speech corpus used in this work is an in-house corpus
that contains of 275 audio files recorded by 20 Arabic native
speakers (10 male and 10 female). Each male speaker utter 15-
speech items, while some of female speakers utter less than 15-
speech items (see Table I11). The speech files mainly contains
local and international news recorded from Al-Sabah TV
channel in Kuwait. The modern standard Arabic (MSA) is the
language used by all speakers. The speech file were prepared to
have a fixed length between 30-60 seconds. The speech items
sampled at 16 kHz and sum up to 2.63 hours of speech. The
training textual transcription of the speech files were prepared
by transcribing the audio files according to speakers’ utterance.
Table | composed of the corpus information. We emphasize that
the corpus prepared in this work used for testing. That is, we
have no training part in this work, as the goal is to investigate
the trained models in Soundflower.

TABLE I. THE CORPUS INFORMATION
#| Gender | Number of | Number of | Length Number of
Speakers | speech files | (hour) | Unique words
1 Male 10 150 1.53 5,149
2 | Female 10 104 1.10 3,738
Total 20 254 2.63 8,887*

*the number of unique words in the entire corpus is 7,386 because of
common words

VI. EXPERIMENTAL RESULTS

Using the speech corpus described in the previous section,
we evaluated the performance for three cases; male only, female
only and mixed case (male and female) speech files. The
accuracy used to measure the accuracy that based on WER. The
WER measured using the following formula [22]: WER=
(D+S+I)/N, where D is the deletion errors, S is the substitution
errors, | is the insertion errors, and N is the total number of labels
(i.e words) in the reference (actual) transcriptions. The accuracy
expressed as:

Accuracy = (1-WER) x 100%

Fig. 2 shows an example of the Soundflower output of a
particular speech file after recognition process. This textual
output aligned with the actual transcription to find D, S, I, N, to
calculate the WER according to what we have recognized, either
for a single speech file or for the entire speech files collection.
Of course, there are some recognition errors in Fig. 2 outputs

(e.g. the word “a<1). This is natural like any other classification
or pattern recognition system to have some misclassification
rate.
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Figure 2. An example of Soundflower output

In the first case, the performance measured using the male
speech files. That is, Soundflower employed to measure the
accuracy of 150 speech files that belong to 10 male speakers.
Table 11 shows the achieved results of each speaker. The table
also shows the range of accuracy [42.26%, 70.39%]. The
difference in the scored accuracy related to several factors such
as speaker’s anatomy of vocal tract, the speed of the speech, and
the accent. Table Il also shows that the WER is (100% - 55.33%
= 44.67%). For the used wave files that is between 30-60
seconds length, the results presented in Table Il and Table 11
show the range of accuracies starts at (almost) 40% up to 70%.
Hence, it might be a future work to investigate the performance
using less or more wave files lengths.

TABLE Il ACCURACY FOR MALE ONLY SPEECH

# Male Number of Length Accuracy

Speakers speech files | (min:sec) (%)

1 Speaker 1 15 9:29 70.39

2 Speaker 2 15 10:12 48.80

3 Speaker 3 15 9:47 64.93

4 Speaker 4 15 8:46 59.07

5 Speaker 5 15 8:59 42.26

6 Speaker 6 15 9:55 54.67

7 Speaker 7 15 8:12 57.87

8 Speaker 8 15 8:30 55.16

9 Speaker 9 15 9:36 44.58

10 Speaker 10 15 8:54 55.66
Total 150 92:20 Avgerage =55.33%

For female speakers, 104 speech files used to evaluate the
accuracy. Table 11l shows the accuracy of each person of 10
female speakers. The accuracy range was [46.52%, 68.73%)].
This range is close to what we achieved for male speakers. This
reveals that the male and female speech recognition is very close
in the case of using Soundflower tool. This result calls for more
research to find the effect of acoustic differences between male
and female speakers on Arabic speech recognition. Table 111 also
shows that the WER is (100% - 56.97% = 43.03%).

TABLE IIl. ACCURACY FOR FEMAL ONLY SPEECH

# Female Number of Length Accuracy
Speakers speech files | (min:sec) (%)

1 Speaker 1 3 2:00 60.51

2 Speaker 2 15 9:42 68.73

3 Speaker 3 15 10:34 57.19

4 Speaker 4 7 5:12 52.07




5 Speaker 5 15 8:00 56.53
6 Speaker 6 15 9:15 50.85
7 Speaker 7 15 8:45 46.89
8 Speaker 8 2 1:27 62.83
9 Speaker 9 2 1:29 67.63
10 Speaker 10 15 9:56 46.52
Total 104 66:20 Average=56.97%

The average of accuracies for the previous two cases
indicates that the female speech recognition outperforms the
male speech recognition. The third case separates the corpus for
male and female speech to find the accuracy separately. Finally,
we evaluated for the mixed male and female case for all speech
files combined. Table IV shows the results of the mixed case.

TABLE IV. ACCURACY FOR MIXED MALE AND FEMALE SPEECH
Gender | Total number Number of Length Accuracy
of speakers speech files (min:sec) (%)
Male 10 150 92:20 54.66
Female 10 104 66:20 55.17
Male & 20 254 158:40 54.02
Female

Fig. 3 shows the information provided in Table IV as a
bar chart graph. The figure shows that the accuracy for Arabic
speech is relatively low as the maximum-scored accuracy was
54.02%. The WER of the mixed speech corpus found to be
(100% - 54.02% = 45.98%). However, we conducted our
experiments on a small corpus that is unacceptable to generalize
for the overall Arabic speech recognition. This result motivates
the research to investigate and to enhance the performance of
Avrabic speech recognition.
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Figure 3. The accuracies of different testing cases

Even though gender is an important factor that has to
consider in speech recognition. However, the experimental
evaluation did not show clear performance differences using
both the prepared corpus and the Soundflower tool. Despite we
expect to have less accuracy in the case of female speech, as
reported in some literature such as [4], it found that the female
speech recognition performance outperforms the male speech
recognition performance.

VII. CONCLUSISON AND FUTURE WORKS

The study demonstrated the performance of speaker
independent Arabic continuous speech recognition. A free MAC
software tool used to find the recognition accuracy. It found that
the maximum-scored accuracy is 54.02% for mixed speech of
male and female. The experimental results did not show obvious
difference between the accuracies based on the gender. As a

future work, we propose more investigation of the effect of
gender on Arabic speech recognition.
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Abstract—Arabic automatic speech recognition (ASR) is a
successful application of natural language processing (NLP).
However, Arabic formal text is generally written without
diacritics, which produces different pronunciation forms. That is,
the Arabic writing system allows discarding short vowels and,
hence, forcing the reader to use the prior knowledge and the
words context to infer the missing diacritics. For speech
recognition, there are two options for textual training data; either
diacritized (also called vowelized) or non-diacritized text.
However, using non-diacritized text may introduce a challenge
for Arabic ASR as missing the short vowels may lead to some
confusion in the learning process. This ambiguity produces a less
than optimal acoustic model that is one of the most important
components of ASR systems. In this paper, we present the
performance using diacritized and non-diacritized text. In the
experiments, we used the Carnegie Mellon University (CMU)
PocketSphinx speech recognizer. We also used a new “in house”
modern standard Arabic (MSA) continuous speech corpus that
contains 13.5 hours for training and 4.1 hours for testing. The
text of the corpus was manually diacritized. For acoustic
modelling, we used the phonetic tied-mixture (PTM). The
experimental results show that the non-diacritized text system
scored 76.4% (i.e. 1-word error rate (WER)) while the diacritized
text based system scored 63.8%. Even the diacritized case has less
accuracy due to the slight differences in diacritics; however, the
non-diacritized case might be adequate and faultless for the
Arabic native speakers.

Keywords— Arabic; speech;
vowels

recognition; diacritics; short

l. INTRODUCTION

Automatic speech recognition (ASR) is of particular
interest to human computer interface (HCI) and natural
language processing (NLP). Recently, Arabic large-vocabulary
speaker-independent continuous speech recognition system has
recently received significant attention in the NLP research
community. However, Arabic ASR poses some challenges
such as the difficulty to obtain corpora for dialects that are
spoken rather than written (i.e. no common standard for
writing), difficulty in obtaining a large diacritized text as the
Avrabic allows writing without diacritics, and enormous number
of word forms due to the morphology richness of the Arabic.
Recently, there has been much interest in diacritization for
better performance in ASR systems. Diacritization is the
process of marking the letters using optional orthographic
symbols that are called diacritics or short vowels. For Arabic
ASR, the problem of short vowels is that they are generally
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Dia AbuZeina
Department of Computer Engineering
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pronounced, but almost never written. The study in [1]
indicates that the non-diacritized text leads to problems for
both acoustic and language modeling and therefore may lead to
a loss in recognition accuracy. Similarly, it is reported in [2]
that missing of short vowels leads to a significant increase in
both the language model perplexity and the word error rate.

The importance of diacritization is that it enhances the
supposed closely match between the training textual files and
the corresponding speech files. In fact, it is extremely
important that the phonemes of the pronunciation dictionary to
adequately represent the actual training speech files. It is
indicated in [3] that the performance of ASR is improved by
shrinking the mismatch between the speech and the text used in
training the acoustic model. In the case of training using non-
diacritized text, many of phonetic segments will be lost
because the short vowels are not there. Despite short vowels
help the reader to realize the meaning of a particular word,
however, not fully diacritized text might lead to ambiguity as
the same word might have several meanings. For instance, the
word “4a: jnp” has three different meanings based on the short
vowels (u:<,a:%,i:5) on the first letter: (A, 4, 4
jinp) that means (protection, paradise, jinn), respectively. In the
previous ward, the Buckwalter scheme was used for Arabic
transliteration [4]. More on Arabic diacritization and some
other related challenges are found in [5]. Reference [5] mainly
discussed the differences in the pronunciation and the meaning
of a particular word according to its diacritization.
Nevertheless, obtaining a sizable diacritized text for ASR and
NLP applications is extremely difficult as well as time-
consuming task. This is the motivation of this work as we
produced a manually diacritized continuous speech corpus for
the modern standard Arabic (MSA).

In this paper, we employed the latest Carnegie Mellon
University (CMU) PocketSphinx ASR engine [6] for exploring
the Arabic ASR performance based on diacritized and non-
diacritized text. PocketSphinx includes the latest available
releases as follows: sphinxbase - 5Sprealpha, PocketSphinx -
5prealpha, SphinxTrain - 5prealpha. In the experiments, we
used a new “in house” diacritized text corpus that contains 13.5
hours for training and 4.1 hours for testing. This study also
presents the intermediate steps for training and decoding such
as the proposed and used phonemes set, the pronunciation
dictionary, the acoustic model, and the language model. We
emphasize that this work is a preliminary step toward further
research using the newly created corpus. This corpus has been
fully supported by Kuwait University. The size of the corpus in




this work is 17.6 hours; however, we aim at increasing the size
to about 30 hours.

In next section, we present the literate review. In section IlI,
we present the phonemes set followed by a background of
acoustic models in section IV. The proposed method is
described in section V and the experiment results in section VI.
Finally, we conclude in section VII.

Il. LITERATURE REVIEW

Despite that Arabic is one of the popular languages.
However, little research has been devoted to tackle the
different ASR aspects such as the dialects, the diacritization,
and the morphological complexity. In this literature, we focus
on the studies that consider diacritization. The study in [7]
demonstrates a news transcription system for MSA. It
compares the performance using diacritized and non-diacritized
text for broadcast news. The word recognition accuracy of the
non-diacritized case outperforms the diacritized case. This is
due to the errors that are introduced by missing of the short
vowels in the diacritized case. However, this might be not a
problem since the Arabic native speakers can infer the missing
short vowels based on the prior knowledge and the words
context. The studies in [8][9] presents methods for capturing
the acoustic differences (pronunciation variations) at cross-
words and within words for Arabic ASR systems.

The study in [2] demonstrates a comparison between script
transcriptions (i.e. non-diacritized) and romanized transcription
that is phonologically rich by vowels information. The
romanized transcription case outperforms the standard Arabic
script that has no diacritics. The work in [10] produces three
different speech diacritized corpora that include a holy Qur’an
corpus, a command corpus, and a digits corpus. The results
were demonstrated based on the diacritized text. The
experimental results in [11] show that the non-diacritized case
slightly outperforms the diacritized text case for a phonetically
rich and balanced Arabic speech corpus. The Sphinx tools
along with SAMPA Romanization method were used in [12]
for dialectal Arabic speech recognition. The research in [13]
found that the diacritized text improved the acoustic model
more than undiacritized orthography. Most of the previous
works were performed using relatively small corpora; however,
we used a larger corpus to explore the effect of diacritization
on Arabic ASR.

IIl.  PHONEMES SET

The phoneme is the basic unit of speech that represents a
distinctive sound of the language's phonology. Hence, a change
of a particular phoneme in a word makes a change in the
meaning of the word. Phonemes play a vital role in the
performance of ASR and text to speech systems. In this work,
we propose a phoneme set that is used to evaluate the
recognition performance of the prepared corpus. The
pronunciation dictionary is prepared using the proposed
phonemes set by a mapping process between the Arabic letters
(the language’s vowels and consonants) and their
corresponding  phonemes. However, in some cases,
morphologically driven rules are used for phonetic rich
dictionary. In addition, some pronunciation exceptions might

be manually processed for better acoustic representation. The
studies [14] and [15] elaborate on Arabic phonemes and the
pronunciation rules.

In general, creation a dictionary of a particular language
requires linguistic experts and deep knowledge of the language
sounds. However, the choice of the phoneme in the phonemes
set is not straightforward as it has some constraints. For
instances, it should represent the relevant information of the
language sounds, it should consider the surrounding context
between the letters, and it should carefully estimate the starting
and the ending of the letters. No doubt, the phonemes that are
used to represent the training words characterize the quality of
the acoustic models and, therefore, the overall performance.
Table | shows the phonemes set used in this work. It contains
46 phonemes. In addition to the Arabic letters, the table
includes the short vowels that are Fatha (<), Damma (<), and
Kasra (z). In this work, we discarded the Shadda (&) as our
experimental evaluation showed that it has no difference in the
performance. We also used three phonemes to represent the
Fatha that precedes Alif (') =» L as a single phoneme that is
(AUA), the Damma that precedes Waw (s) = & as a single
phoneme that is (AWW), and the Kasra that precedes Ya ()
= - as (AlY). The reason of handling these cases as a single
phoneme is that the pronunciation of the short vowels is
different when it precedes the long vowels. Hence, it would be
correctly transcribed as single phonemes.

TABLE I. THE ARABIC LETTERS AND THE PHONEMES SET
# Letter Phoneme # Letter Phoneme
1 3 E 24 L Y74

2 | AA 25 ¢ AE

3 i ) 26 ¢ GH

4 3 EW 27 < F

5 | | 28 S Q

6 s EY 29 4 K

7 | A 30 Jd L

8 o B 31 . M

9 3 P 32 o N
10 & T 33 ° H
11 & TH 34 K} W
12 z J 35 s AY
13 c HH 36 s Y
14 ¢ KH 37 N
15 3 D 38 N
16 3 DH 39 c N
17 B R 40 & AU
18 J Z 41 & AW
19 o S 42 = Al
20 S SH 43 & ignored
21 o SS 44 L AUA
22 Ua DD 45 K AWW
23 L TT 46 (= AlY

The selection of a phoneme symbol is an optional and it
does not matter what phoneme symbol is used for an individual
letter. In the training stage, each phoneme is modelled using a
sequence of Hidden Markov Model (HMM) states for
computing the acoustic model. In the decoding stage, the
phoneme is initially recognized and then used to find the most
likely spoken words based on the best-matched phonemes



between the speech file in question (the observations) and the
trained HMMs of the acoustic model.

IV. AcousTIC MODELS

The training stage of an ASR system consists of building an
acoustic model that is a major component of ASR engines.
Acoustic models statistically represent the relationships
between the speech signals and the language phonemes. These
representations come into the form of probabilistic matrices
that are known as three matrices: initial probability, transition
probability, and the observation likelihoods or emission
probability. There are different methods to train acoustic
models; the most common method is HMM. It has been long
observed that the HMM based acoustic models successfully
implemented in the state of the art speech recognizers.
However, there are other approaches such as artificial neural
networks (ANN) [16] and support vector machine (SVM) [17].

CMU Sphinx speech engines support three types for
acoustic modeling. For instances, the CMU Sphinx
configuration file “Sphinx_train.cfg” has the commands to
enable or disable the desired acoustic model. The types of
acoustic models include the traditional fully continuous, the
semi-continuous, and the phonetic tied-mixture (PTM) models
[18]. Despite the common implementation of fully continuous
and semi-continuous in Arabic ASR, however, PTM has less
experimental studies for Arabic speech recognition. PTM is a
recent method that compromises between important factors
such as speed and performance. It is characterized by fast
decoding as well as its ability to handle large amount of speech
collections.

Hence, PTM might be good option if the decoding time is
more important than the accuracy. There are some advantages
of PTM based acoustic models. For instance, the PTM model
consider pronunciation variations modeling such the work in
[19]. Reference [19] proposes a state-dependent PTM model
with variable codebook size to improve the coverage of
phonetic variations while maintaining model discriminative
ability. One reason of speed is that the PTM model used
relatively low fixed Gaussians that speed up the recognition
time.

In the decoding stage, the HMM states of each phoneme is
compared with the query acoustic feature vectors to find the
best-matched phonemes and, then, likely sequence of words.
The HMMs parameters are estimated using special algorithms
such as Baum-Welch re-estimation and expectation
maximization (EM). The corpus vocabulary and the size of the
speech corpus determines some training parameters such as the
number of Senones (tied-state) and the number of Gaussians.
Table 11 shows the approximation humber of Senones and the
densities according to the vocabulary and the size of some
English speech corpora [20].

TABLE II. APPROXIMATION NUMBER OF SENONES AND DENSITIES
Vocabulary Hours Senones Densities Example
20 5 200 8 Tidigits I?!glts
Recognition
100 20 2000 8 RM1 Command
and Control

WSJ1 5k Small
Dictation
WSJ1 20k Big
Dictation
HUB4
Broadcast
News
Fisher Rich
Telephone
Transcription

5000 30 4000 16

20000 80 4000 32

60000 200 6000 16

60000 2000 12000 64

V. PROPOSED METHOD

We evaluated the Arabic ASR performance using the
prepared corpus. We got the speech files that belong to MSA
broadcast news form As-Sabah TV [21] in Kuwait. The first
step was the preprocessing that includes segmenting the long
speech files into short segments of 30-60 seconds. The
produced speech files cover different news stories and it sums
up to 17.6 hours of 29 speakers (19 male speakers and the rest
are for female speakers). The speech files were sampled at 16
KHz mono. A silence of 0.1 seconds at the beginning and at the
end of each speech file. We collected 1660 speech files that
were transcribed and manually diacritized. We divided the
speech files into two parts; the training set that contains 1,269
(13.5 hours) speech files and the testing that contains 391
speech files (4.1 hours). Hence, the testing part is 23% of the
overall corpus, which follows the training-testing splitting
percentage that is usually used in world of statistical
classification (i.e. 20% ~ 25%). The vocabulary size of the
training set is 29,843 words. The proposed method is
summarized in the algorithm in Fig.1.

Part One
=  Prepare the speech collection.
Prepare the transcription of the speech files.
Diacritize the textual transcription
Define the phonemes set.
Create the pronunciation dictionary.
Define the number of Gaussians.
Define the senones (n_tied_states).
Train the acoustic models.
Prepare the language model.
= Run PocketSphinx for training and decoding.
Part Two
=  Repeat the pervious steps without diacritization.

Fig. 1. The proposed method

In addition to the previous steps, the CMU SphinxTrain
performs some internal tasks such as computing features from
audio files, training context independent models, training
context dependent models, build trees, prune trees, lattice
generation, lattice pruning, and finally decoding using the
trained models. Once having the trained acoustic model, the
PocketSphinx is used for decoding by use other components
such as the pronunciation dictionary and the language model.

VI. EXPERIMENTAL RESULTS

This section presents the experimental results based on the
introduced MSA speech corpus. We conducted the experiments
for two cases, diacritized and non-diacritized text. In this work,



we used three emitting states of HMMs that corresponds to the
subphones at the beginning, middle, and end of the phone. The
acoustic models were calculated using context-dependent
HMM triphones. Our acoustic models are all trained using
SphinxTrain for PTM PocketSphinx. For language model, we
used the CMU language toolkit [22] to calculate the statistical
N-grams (i.e. 1-grams, 2-grams, and 3-grams) based on the
corpus transcription. The pronunciation dictionary was
generated using a Python based program. The total number
unique words in the diacritized based system is 29,843 while it
is 19,581 words in the non-diacritized case.

The word error rate (WER) was measured for different
parameters such as the number of the Gaussian densities and
the number of the Senones. The PocketSphinx configuration
file indicates that the PTM based models have to use the same
initial and final Gaussian densities, 256 Gaussians as indicated
in [20]. However, we investigated different values as indicated
in Table Ill. In Table Il1l, we demonstrate the WER and the
accuracy achieved for different parameter settings. The lowest
WER is 36.2% and it achieved using 64 Gaussians densities
and 1000 Senones. We investigated a wide range of parameters
to clarify its effect on the performance as shown in the table.

TABLE II1. THE DIACRITIZED BASED PERFORMANCE
Experiment Densities Senones WER (%) | Accuracy (%)
1 64 200 37.0 63.0
2 128 200 36.8 63.2
3 256 200 36.6 634
4 64 500 364 63.6
5 128 500 63.5 63.5
6 256 500 36.5 63.5
7 64 1000 36.2 63.8
8 256 1000 36.8 63.2
9 256 2000 36.8 63.2
10 256 3000 36.9 63.1
11 256 4000 37.1 62.9
12 256 5000 374 62.6
13 256 6000 375 62.5
14 256 7000 38.0 62.0
15 256 8000 38.2 61.8
16 256 9000 384 61.6
17 256 10000 38.7 61.3

This low accuracy is reasonable since we used a relatively
small size corpus. Ideally, ASR requires 200-300 hours speech
corpus. It is indicated in [23] that at least 1 gigabyte of texts for
language models and 50 hours for acoustic models are required
for reasonable performance. It is also reported in [20] that the
WER for 10-hours task should be around 10%. For a large task,
it could be around 30%. Table IV shows the WER for some
ASR systems on different English speech corpora [24].

TABLE IV. ROUGH WERS FOR A NUMBER OF ENGLISH CORPORA
Speech collection Vocabulary WER %
TI Digits 11 (zero-nine, oh) 0.5
Wall Street Journal read speech 5,000 3
Wall Street Journal read speech 20,000 3
Broadcast News 64000+ 10
Conversational Telephone Speech 64000+ 20

One more reason for the obtained relatively low accuracy is
that the used corpus has no filler dictionary. Filler dictionary
generally contains noise and inhalation speech that are
appropriately handled during the training phase. The fillers
require indicating the noises and inhalations in the transcription
of the speech files, which is an extremely difficult task for our
corpus. It is worthy to point out to a recent study [25] of Arabic
ASR that considers the impact of phonological rules on Arabic
ASR performance.

For non-diacritized case, Table V shows the performance
using different densities and Senones. The lowest WER is
23.6% that achieved using 128 Gaussians densities and 500
Senones as highlighted in Table V. Therefore, the information
in Table V indicates that the best accuracy is achieved using
128 densities and 500 Senone, which might be the performance
of the baseline for future work. Of course, this result belongs to
the used corpus that contains 17.6 hours. Other Arabic speech
corpora might have different results. Regarding the execution
time of the training and the decoding stages for both diacritized
and non-diacritized system, we found that the execution time of
non-diacritized case was clearly less than the diacritized case.

TABLE V. THE NON-DIACRITIZED BASED PERFORMANCE
Experiment Densities Senones WER (%) | Accuracy (%)
1 8 200 27.8 72.2
2 16 200 25.7 74.3
3 32 200 24.8 75.2
4 64 200 24.3 75.7
5 128 200 24.1 75.9
6 256 200 23.9 76.1
1 8 500 26.9 73.1
2 16 500 24.8 75.2
3 32 500 24.2 75.8
4 64 500 23.9 76.1
5 128 500 23.6 76.4
6 256 500 23.7 76.3
1 8 1000 26.4 73.6
2 16 1000 24.7 75.7
3 32 1000 23.9 76.1
4 64 1000 23.9 76.1
5 128 1000 23.7 76.3
6 256 1000 23.8 76.2
1 8 5000 25.9 74.1
2 16 5000 24.9 75.1
3 32 5000 24.0 76.0
4 64 5000 24.2 75.8
5 128 5000 24.5 75.5
6 256 5000 25.6 74.4
1 128 10000 26.3 73.7
2 256 10000 28.0 72.0

In ASR, the training phase is time-consuming. Hence, we
consider speeding up the execution time using an option in
CMU PocketSphinx. The configuration file is called
“sphinx_train.cfg”. This file has an option for multiprocessing
mode. The two options that can be used for reducing the
training and the decoding time are as follows. $CFG_NPART
= 10 =>» the number of parts to run Forward-Backward



estimation; $DEC_CFG_NPART = 10 =» how many pieces to
split decode in. The number 10 is specified by the user
according to the desired factor to reduce the execution time.
The default values of these two parameters is 1. This option is
helpful since it clearly reduces the execution time by use a
number of processors in multicore machines. We also
conducted some experiments to compare the execution time of
the continuous and PTM based acoustic models. We found
that the PTM based acoustic model has less execution time.
The PTM based acoustic model is three times faster than the
continuous acoustic model.

VII. CONCLUSION

This paper presents an experimental evaluation of Arabic
ASR performance using a new continuous speech manually
diacritized corpus. In the experiments, we consider two cases
of the Arabic text; diacritized and non-diacritized. The
experimental results show that the non-diacritized based
system outperforms the diacritized based system even with a
smaller vocabulary. However, the diacritized based system
gives vowelized text output, which is not produced by a non-
diacritized based system. As a future work, it is worthy to
reinvestigate and analysis the main conclusion of this work;
which indicates that the accuracy of using diacritized text is
lower than the accuracy of using non-diacritized text.
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Abstract—Speech recognition has recently received significant
attention for better automation of customer service interfaces.
However, compiling accurate acoustic models is still poses some
challenges due to the variety of speaking styles and the
pronunciation variations phenomenon. In the last decade, the
traditional fully continuous and the semi-continuous acoustic
models dominate the acoustic modeling work for speech
recognition. However, the later phonetic tied-mixture (PTM)
acoustic model has been less implemented for Arabic compared
to the fully continuous and semi-continuous models. In this
paper, we experimentally evaluated the speech recognition
performance based on the PTM based acoustic models. We
employed the Carnegie Mellon University (CMU) PocketSphinx
speech recognizer using a modern standard Arabic (MSA)
continuous speech corpus. The corpus contains 13.5 hours for
training and 4.1 hours for testing. The experimental results show
that the the PTM and semi-continuous models have almost same
accuracy that is more than the fully continuous acoustic model.
However, the PTM acoustic model has less execution time
compared to the semi-continuous model. The experiments were
conducted for different training setting parameters such as the
number of Gaussians and the number of tied states (Senones).

Keywords— Arabic; speech; recognition; phonetic tied-mixture;
acoustic model

l. INTRODUCTION

Automatic speech recognition (ASR) has recently attracted
much attention for more convenient in  human-
computer interaction (HCI). Speech recognition aims at
converting the spoken language into machine-readable format.
For this task, a speech recognizer generally employs several
components such as pronunciation dictionary, language model,
and acoustic model. The effective implementation of acoustic
modeling is a critical process that aims at capturing the realistic
acoustic features of the speech signal. The ASR training phase
includes hidden Markov model (HMM) [1] parameters
estimation that produces the learned acoustic models. That is,
HMM is the popular method to implement acoustic models.
The types of acoustic model include the traditional fully
continuous, the semi-continuous, and the phonetic tied-mixture
(PTM) models. Despite the common implementation of fully
continuous and semi-continuous in Arabic ASR, however,
PTM has less experimental studies for Arabic speech
recognition. PTM is a recent method that compromises
between important factors such as speed and performance.
Regardless of the method used to implement the acoustic
model, the training of ASR includes the optimal estimation of
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Department of Computer Engineering
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the acoustic parameters based on the input acoustic feature
vectors, especially for large vocabulary continuous speech
collections.

Fully continuous acoustic models use a large number of
Gaussians to compute the score of each frame. In contrast, the
semi-continuous models use extremely less Gaussians, of
course, on the account of the accuracy. However, for
insufficient training speech collections, semi continuous might
give better performance than the fully continuous models. It is
indicated in [2] that the use of limited number of mixture
densities can not only improve the performance but also
significantly reduce the amount of computation. Semi
continuous is also good for memory constraint cases such as in
mobile devices. For handling such constraints, PTM was
released to enhance the performance in the semi-continuous
models as well as reducing the heavy use of the computational
resources in the fully continuous models. That is, PTM models
are somewhere between semi-continuous and fully continuous
models, offering the speed of the continuous models with the
ability to effectively use large amounts of training data. That is,
PTM model aims at reducing the number of parameters of
continuous model while significantly reducing the execution
time (i.e. the training and decoding time) [3].

This study aims at demonstrating an experimental study of
modern standard Arabic (MSA) speech recognition
performance based on different acoustic models. We prepared
a corpus of Arabic continuous speech that contains 13.5 hours
for training and 4.1 hours for testing. We used a pronunciation
dictionary based on a proposed phonemes set that contains 44
phonemes. In this work, we used the latest CMU speech
recognizer, the PocketSphinx. This tool includes the latest
available releases as follows: Sphinxbase - 5prealpha,
PocketSphinx - 5prealpha, Sphinxtrain - 5prealpha [4]. We
demonstrate the results for different training settings such as
different number Gaussians, tied states (Senones), and parts to
run Forward-Backward estimation run training in parallel to
fully load the machine processing units.

In next section, we present the literate review. In section 3,
we present the phonemes set followed by a background of
acoustic models in section 4. The proposed method is described
in section 5 and the experiment results in section 6. Finally, we
conclude in section 7.

Il.  LITERATURE REVIEW

There are quite studies in Arabic ASR employing semi-
continuous and fully continuous acoustic models. For



instances, Reference [5] demonstrated an ASR study for the
Arabic speech. It used five-state HMM for triphone continuous
acoustic models, with 8 and 16 Gaussian mixture distributions.
The acoustic model of Reference [5] was then used in other
publications such as [6] and [7]. Reference [8] employed CMU
Sphinx tools for three different acoustic models that belong to
three different speech collections. Reference [9] used CMU
Sphinx tool for Arabic speech recognition. They developed
three acoustic models for three different speech collections.
They demonstrated the performance using using different
number of Gaussians. Reference [10] used continuous based
acoustic models for a phonetically rich and balanced Arabic
speech corpus.

The following are some studies that discuss the three
above-mentioned acoustic models. Reference [11] indicated
that the impression that continuous HMMs are the best choice
of acoustic model, however, semi-continuous might have an
advantage in small amount of training data due to the need for
estimating a large number of parameters. Reference [12] used
semi-continuous HMM to reduce the number of parameters
and the computational complexity. Reference [13] highlights
the problem when using fully continuous with limited training
data. In indicated that when large number of basic HMMs has
only a few observations in the training data, then the sparse
mixture-weight distributions cannot be estimated robustly and
are expensive to store. In PTM based model, the number of
Gaussians is reduced according to the shared triphone states of
the same phoneme. There are some studies employed this
method. For instances, Reference [14] showed that PTM
systems, if properly trained, can significantly outperform the
currently dominant state clustered HMM-based approach.
Reference [15] presented that the PTM based acoustic model is
easily trained, reliably estimated, and enable the decoder to
perform efficient Gaussian pruning.

IIl.  PHONEMES SET

The phoneme is the basic unit of speech that describes the
pronunciation of a word. It is also the basic unit that is used for
speech recognition in ASR. It is used to represent the
language’s vowels and consonants thorough straightforward
one-to-one rules. The pronunciation dictionary is prepared
using the phonemes set by mapping the words pronunciations
(e.g. Arabic letters ) to their corresponding phonemes based on
the given phonemes set. However, in some cases,
morphologically driven rules are used for phonetic rich
dictionary. In addition, the pronunciation exceptions might
manually processed for better acoustic representation. In
general, the creation a dictionary requires linguistic experts and
deep knowledge of the language sounds.

The selection of a phoneme symbol is an optional and it
does not matter what phoneme symbol is used for an individual
letter. Each phoneme is modelled using a sequence of HMM
states in the acoustic model that is later used to find the most
likely spoken words based on the best-matched phonemes.
However, the choice of the phoneme in the phonemes set is not
straightforward as it has some constraints. For instances, it
should represent the relevant information of the language
sounds, it should consider the the surrounding context between
the letters, and carefully estimating the start and the end of the

letters. Table I shows the phonemes set used in this work. It
contains 46 phonemes.

TABLE I. THE ARABIC LETTERS AND THE PHONEMES SET
# Letter Phoneme # Letter Phoneme
1 . E 24 L 77

2 1 AA 25 ¢ AE

3 i ) 26 4 GH

4 3 EW 27 q E

5 | | 28 a8 Q

6 s EY 29 4 K

7 ) A 30 J L

8 o B 31 . M

9 B P 32 o N
10 & T 33 > H
11 & TH 34 B) W
12 z J 35 s AY
13 - HH 36 < Y
14 ¢ KH 37 N
15 3 D 38 N
16 3 DH 39 N
17 B R 40 AU
18 B) Z 41 & AW
19 s S 42 o Al
20 U SH 43 & ignored
21 U= SS 44 L AUA
22 Ua DD 45 E AWW
23 L TT 46 = AlY

IV. AcousTIC MODELS

The essence of this work is that the growing amount of
training speech collections adds more complexities for efficient
parameter estimation methods in speech recognition.
Intuitively, the goal is, hopefully, to decrease the error rate as
well as to minimize the processing time in large vocabulary
ASR systems. Acoustic model is a major component of ASR
engines that statistically represents the relationship between the
speech signals and the phonemes. HMM is one most common
type of acoustic models to compile the statistical representation
of each phoneme. It has been long observed that the HMM
based acoustic models successfully implemented in the state of
the art speech recognizers. However, there are other
approaches such as artificial neural networks (ANN) [16] and
support vector machine (SVM) [17].

CMU Sphinx speech engines support all acoustic modeling
types. For instances, the configuration file “Sphinx_train.cfg”
of the CMU PocketSphinx has the commands to enable of
disable a particular acoustic model type as shown in Fig. 1. The
figure shows that the corresponding system implements PTM
based acoustic model since the PTM command is enabled. It
also shows that the PTM model is supported in PocketSphinx.
However, the reader can check the CMU Sphinx website to
investigate the latest versions and updates.

#$CFG_HMM_TYPE =".cont.’; # Sphinx 4, PocketSphinx
#$CFG_HMM_TYPE =".semi.’; # PocketSphinx
$CFG_HMM_TYPE ="ptm."; # PocketSphinx

Fig. 1. CMU configuration settings for acoustic models



In the decoding process, the HMM states of each phoneme
is compared with the query acoustic feature vectors to find the
probabilities of the best matched phonemes using specials
algorithm. The HMMs parameters are estimated using the
training speech files and the corresponding text transcription.
The size of corpus vocabulary as well as the the size of the
speech corpus determines some training parameters such as the
number of Senones and the number of Gaussians. Table Il
shows the approximation number of Senones and the densities
according to the vocabulary and the size of some English
speech corpora [18].

TABLE II. APPROXIMATION NUMBER OF SENONES AND DENSITIES

Vocabulary | Hours | Senones Densities

20 5 200 8

Example
Tidigits Digits
Recognition
RM1
Command and
Control
WSJ1 5k
Small
Dictation
WSJ1 20k Big
Dictation
HUB4
Broadcast
News
Fisher Rich
Telephone
Transcription

100 20 2000 8

5000 30 4000 16

20000 80 4000 32

60000 200 6000 16

60000 2000 12000 64

The major difference between the three acoustic modeling
is related to the accuracy and the processing time. The fully
continuous model is assigned a separate Gaussian mixture
model for each Senone which hugely increase the the
Gaussians in the model. On the other hand, the semi-
continuous model allows sharing the Gaussians that increases
the computations speed. Still, the semi-continuous is more
flexible that performs well in the limited amount of training
speech hours. PTM model is in between that used relatively
low fixed Gaussians that speed up the recognition time. PTM is
characterized by fast decoding as well as its ability to handle
large amount of speech training collections. Hence, the model
selection is based on the speech and accuracy constrains.
Hence, PTM might be good option if the decoding time is more
important than the accuracy. The PTM model has been farther
enhance for better pronunciation variations modeling such the
work in [19]. Reference [19] proposes a state-dependent PTM
model with variable codebook size to improve the coverage of
phonetic variations while maintaining model discriminative
ability.

V. PROPOSED METHOD

Preparing a continuous speech corpus is extremely difficult
task that demand so much time. It require different phases such
as collecting the audio files, segmentation, transcription, and
diacritization. Hence, most of the Arabic ASR research studies
employed small corpus of isolated words. For this reason, we
compile a continuous speech corpus that contains 105,531
words (22,545 unique words) of 1660 speech file. We got the

speech files form As-Sabah TV [20] in Kuwait. We performed
a preprocessing to divide the file into short files of 30-60
seconds. The speech files cover different news stories and it
sums up to 17.6 hours of 29 speakers (19 male speakers and the
rest are for female speakers). We split the the corpus into two
parts, 13.5 hours for training (1,269 speech files) and 4.1 hours
for testing (391 speech files). The speech files were sampled at
16 KHz mono. A silence of 0.1 seconds at the beginning and at
the end of each speech file. The proposed method is
summarized in the algorithm shown in Fig.2.

= Prepare the desired speech collection.

=  Prepare the textual transcription of the collected
speech files.

= Define the phonemes set.

Based on the training textual transcription and the

phonemes set, create the pronunciation dictionary.

Define the senones (n_tied_states).

Train the desired acoustic models.

Prepare the language model using CMUCLMTK [21]

[Optional for speed] How many parts to run Forward-

Backward estimation in.

=  [Optional for speed] Define how many pieces to split
decode in.

Fig. 2. CMU configuration settings for acoustic models

The CMU Sphinxtrain is used for training by performing
the following steps: computing feature from audio files,
training context independent models, training context
dependent models, build trees, prune trees, lattice generation,
lattice pruning, and finally decoding using the trained models.
The PocketSphinx is used for decoding using the learned
acoustic model and the other components such as the
pronunciation dictionary and the language model.

VI. EXPERIMENTAL RESULTS

This section presents the experimental results based on the
introduced MSA speech corpus. The performance is measured
based on different parameters such as the number of Senones
and the number of Gaussians. The PocketSphinx configuration
file indicates the following constrains regarding the number of
Gaussians:

= For fully continuous models, the initial has to be less
than the final number of densities.

= For semi-continuous models, the initial and final
models have the same density.

= For PTM models, the initial and final models have
the same density.

= If you are training semi-continuous or PTM model,
use 256 Gaussians [18].

Word Error Rate (WER) was used to evaluate the ASR
performance for different acoustic models. Table Il shows the
WER and the accuracy for the fully continuous model based on
different values of Senones and densities. The performance is
low for all investigated parameters. The lowest scored WER is
55.9%. This is reasonable since we used a relatively small size
corpus. Ideally, ASR requires 200-300 hours speech corpus.
One more reason for this low accuracy result is that the used
corpus has no filler dictionary. Filler dictionary generally



contains noise and inhalation speech that are not considered as
phonemes.

TABLE III. THE CONTINUOUS BASED PERFORMANCE
Experiment Densities Senones WER (%) | Accuracy (%)
1 128 200 44.1 55.9
2 1216 1000 42.3 57.7
3 1232 1000 42.0 58.0
4 12256 1000 43.6 56.4

5 12256 5000 89.8
6 12256 200 42.2 57.8

Table IV shows the results of the semi-continuous based
models. The results are slightly better than the PTM based
model that are shown in Table V. It is clear that the size of the
used corpus is suitable for semi-continuous model. The best
WER is 64.0% at 256 Gaussians and 1000 Senones.

TABLE IV. THE SEMI-CONTINUOUS BASED PERFORMANCE
Experiment Densities Senones WER (%) | Accuracy (%)
1 256 200 36.8 63.2
2 256 1000 35.8 64.2
3 256 2000 35.9 64.1
4 256 3000 36.1 63.9
5 64 500 36.2 63.8

6 32 1000

Table V shows the results using PTM based acoustic
models. The best WER was found to be 63.5% using 256
Gaussians and 500 and 750 Senones. The experimental results
show that the PTM based system is noticeably faster than the
semi-continuous based model.

TABLE V. THE PTM BASED PERFORMANCE
Experiment Densities Senones WER (%) | Accuracy (%)
1 256 200 36.6 63.4
2 256 500 36.5 63.5
3 256 750 36.5 63.5
4 256 1000 36.8 63.2
5 256 2000 36.8 63.2
6 256 3000 36.9 63.1
7 256 4000 37.1 62.9
8 256 5000 37.4 62.6
9 256 6000 37.5 62.5
10 256 7000 38.0 62.0
11 256 8000 38.2 61.8
12 256 9000 38.4 61.6
13 256 10000 38.7 61.3

We also considered speeding up the execution time using
CMU PocketSphinx configuration (i.e. number of parts to run
Forward-Backward estimation= $CFG_NPART = 10; and
how many pieces to split decode in=» $DEC_CFG_NPART =
10;). This option is helpful since it clearly reduces the
execution time by utilizing a number of processors in multicore
machines.

VIIl. CONCLUSION

We evaluated the performance of three different
implementations of acoustic models that include semi-
continuous, fully continuous, and PTM acoustic models. We
employed CMU PocketSphinx with a speech corpus that
contains 17.6 hours of Arabic speech. The results show that the
semi-continuous acoustic model slightly outperforms the PTM
acoustic models. However, the PTM has less execution time.
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Abstract—Statistical N-grams language models (LMs) have
shown to be very effective in natural language processing (NLP),
particularly in automatic speech recognition (ASR) and machine
translation. In fact, the successful impact of LMs promotes to
introduce efficient techniques as well as different types models in
various linguistic applications. The LMs mainly include two types
that are grammars and statistical language models that is also
called N-grams. The main difference between grammars and
statistical language models is that the statistical language models
are based on the estimation of probabilities for word sequences
while the grammars usually do not have probabilities. Despite
there are many toolkits that are used to create LMs, however,
this work employs two well-known language modeling toolkits
with focus on Arabic text. The implementing toolkits include the
Carnegie Mellon University (CMU)-Cambridge Language
Modeling Toolkit and the Cambridge University Hidden Markov
Model Toolkit (HTK) language modeling toolkits. For
clarification, we used a small Arabic text corpus to compute the
N-grams for 1-gram, 2-gram, and 3-gram. In addition, this paper
demonstrates the intermediate steps that are needed to generate
the ARPA-format LMs using both toolkits.

Keywords— Arabic; language model; grammar; N-grams;
perplexity

l. INTRODUCTION

Language models (LMs) are of significant contribution to
the performance of natural language processing (NLP) systems
such as automatic speech recognition (ASR) and machine
translation. LMs have been successfully applied in different
linguistic applications such as Part-of-Speech (PoS) tagging,
parsing, information retrieval, spell correction, summarization,
etc. In particular, LM is a critical component in linguistic
applications that produce sequences of words as output. In the
last decades, extensive research has been devoted to promote
new techniques to compile LMs as well as to address some
challenges such as missing some of n-grams. In speech
recognition, the ASR decoder uses the information that is
provided in the LM to find the best possible word sequence of
the testing speech for transcription purpose. In general, it is
extremely important for the language applications to have the
ability to predict the next word given the previous word(s), or
the history.

LMs can be either probabilistic or non-probabilistic. The
probabilistic LMs are known as statistical LMs, such as N-
grams, while the non-probabilistic is known as “any-word”
grammar. Any-word grammar does not use probabilities for
words. It is unconstraint grammar that leads to very poor
accuracy in continuous ASR systems. That is, any-word
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Dia AbuZeina
Department of Computer Engineering
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grammar relies entirely on the acoustic model. On the other
hand, statistical language model is based on computing the
probabilities of all word combinations (i.e. all possible word
sequences) in the training source text. Statistical language
models are generally demonstrated using ARPA format textual
files that include the statistical estimation of the desired N-
grams, typical up to 3-grams. No doubt, compiling a statistical
language model requires a large number of words from
different textual resources. In addition, the data should not be
too specific to a particular domain; otherwise, it will not
generalize well to the sentences in question.

During ASR decoding, the recognizer employs the
language model to transcribe speech files using the acoustic
model and the dictionary (vocabulary). Hence, the most likely
hypothesis for each testing speech file is generated as an
output. Employing language models reinforces the speech
recognition accuracy as the more you can constrain the range
of possible utterances, the more accurate the recognizer will be.
Based on the information that is provided in the N-grams, the
probability of a words sequence is computed using the
following formula [1]:

Pewp) = | [Powilwt)
k=1

Where n is limited to include the words’ history. Hence, the
Chain Rule applied to compute joint probability of words in
sentence. LMs utilize Markov assumption to simplify data
estimation. For instance, for n=2, the bigram is calculated for
the words sequence as follows:

P(wywy) = P(w; lwy)P(wy)

This work aims at demonstrating the process of computing
the N-grams for small Arabic text corpus that contains five
sentences using two well-known toolkits. The toolkits are the
Carnegie Mellon University (CMU) -Cambridge language
modeling toolkit [2] and the Cambridge University Hidden
Markov Model Toolkit (HTK) language modeling tools [3]. Of
course, there are other popular tools such as the SRI Language
Modeling Toolkit (SRILM) [4]. For clarification, we
demonstrate all intermediate steps that are required to produce
the language models, which include model estimation using the
training data. This work also demonstrates some grammars that
are mainly used for isolated words such as digits and control
commands. The implementation requires to run the command
line under UNIX. In this work we used Cygwin which is a
Unix-like environment for Microsoft Windows.



In next section, we present the literate review. In section 3,
we present the grammars followed by the background of N-
gram language models in section 4. In section 5, we present
HTK toolkits followed by CMU-Cambridge toolkits in section
6. Finally, we conclude in section 7.

Il. LITERATURE REVIEW

The literature shows that LMs have been exploited in many
linguistic applications. For instances, Reference [5] used
CMU-Cambridge language modeling toolkit LM for
continuous Arabic ASR. Reference [6] augmented naive Bayes
models with statistical N-gram language models to address
short-comings of the standard naive Bayes text classifier.
Reference [7] proposed a model, called emoticon smoothed
language model for Twitter sentiment analysis. Reference [8]
investigated the document categorization task with statistical
language models. Reference [9] reported the benefits of
largescale statistical language modeling in machine translation.
Reference [10] proposed to use a new statistical language
model that is based on a continuous representation of the words
in the vocabulary for machine translation. Reference [11]
employs statistical language models in temporal action
detection. Reference [12] explores recent advances in recurrent
neural networks for large scale language modeling. Reference
[13] employs statistical LMs for large statistical machine
translation task. Reference [14] explores the application of
neural LMs to machine translation. Reference [15] employs
LMs for text summarization.

Ill.  GRAMMARS

In this section, we demonstrate the grammars language
models. Such grammars are simple that do not have
probabilities and are designed according to the information that
is provided in the corresponding application. That is, grammars
mainly contain isolated words such as commands, control
words, and digits. However, grammars might allow sequences
of words. Fig. 1 shows a simple grammar for ten digits that can
be used in continuous speech recognition to choose one or
more words from the list. The grammar is written using JSGF
format as shown in Fig. 1.

#JSGF V1.0;

grammar myGrammar;

public <command> = <word>*;

<word>=( One | Two | Three | ... | Ten);
Another form of the ten digits grammar

$WORD = (One | Two | Three | ... | Ten);

($WORD)

Fig. 1. A part of any-word grammar for ten digits

Grammars are usually written by hand or it can be
generated using a program. Despite most of grammars do not
use probabilities, however, some elements might be weighted.
In fact, grammars are rarely used in ASR systems since the
probabilistic models of a language is more useful than the hard
models (i.e. grammars) of the legal sentences in the languages.

IV. N-GRAMS LANGUAGE MODELS

Statistical N-grams language models are the most widely
used language model in speech recognition. That is, the goal of
LM is to compute the probability of a sentence or sequence of
words. The most likely sequence of words is estimated, given
the speech feature vectors, is given by [1]:

w= argmaxw = argmax P(O|W)P(W)
WeL P(0) WeL

Where w is the most likely recognized words, P(O|W) is
the probability of the feature vectors, given a sequence of
words that is computed using the acoustic model, P(W) is the
probability of the words sequence that is computed using the
language model. P(0) is the probability of the acoustic
observation sequence and can be ignored. Hence, the statistical
language model has to be computed at the first place in order to
decode the testing speech files in ASR systems. The statistical
N-grams language model is trained by counting N-grams
occurrences in a large transcription corpus to be then smoothed
and normalized. N-gram models can be trained by counting and
normalizing. The following formula is used to estimate the N-
grams parameter [1]:
Count(Wh=i . iwy)

n-1 —
PO |wizien) = Count(Wi=4,

One major problem in LMs is unseen words or n-grams that
are found in the testing set while, at the same time, out of
vocabulary. Accordingly, a probability of 0.0 is given to the
items that are not seen in the training data. That is, not all n-
grams will be present (i.e. not observed) in the training data.
One solution is smoothing by assigning non-zero or small
probabilities to unseen n-grams in which all word sequences
can occur with some probability. Hence, smoothing provides a
better way of estimating the probability of zero frequency n-
grams which never occur in order to produce generalized LMs.
Smoothing is also called discounting. When creating a
language model, it is more efficient to use log probabilities
rather than actual probabilities due to the risk of numerical
underflow especially in very long strings. It is also efficient in
ASR decoding algorithm such as Viterbi algorithm.

Creating an N-grams language model follows three main
steps that are: compute the word unigram counts, convert the
word unigram counts into a vocabulary list, and generate
bigram and trigram (or more) tables based on this vocabulary.
As a preprocessing step, it is must to include special words
such as <s> to indicate for the “start of sentence” and the </s>
to indicate for the “end of the sentence”. CMU-Cambridge
toolkits uses <UNK> token to indicate for unknown words
whereas HTK toolkits uses 'NUNK for the same purpose. In
order to demonstrate the process to create a statistical language
model for Arabic text, we prepared a small set that contains
five sentences to demonstrate the required steps. The training
data set is shown in Fig. 2. The sentences include 22 unique
words.

ey A0y LA N D T SR ey

Fig. 2. A small corpus tha contains three sentences



V. THEHTK TOOLKITS

HTK provides two approaches to generate N-grams. The
first method employs HLStats function, which is used
exclusively to computer bigram language model (i.e., 2-grams).
The words probabilities is computed using the following
formula [16]:

o _ (NG, = DY/NE
v6) = {500

Where N(i, j) is the number of times word j follows word i
and N (i) is the number of times that word i appears. D is the
discount constant that has a default value 0.5. t is a threshold
that is used to ensure that all bigram probabilities for a given
history sum to one. The LMs that is generated using HLStats
use probabilities as base-10 logs.

if N(i,j) >t
otherwise

The second method implements a series of functions to
computer N-grams. In this work, we implement the second
method that is demonstrated by HTK toolkit in [16] to compute
N-grams for general N-grams. That is, it is not restricted for
bigram as the case in HLStats method. However, the second
method is not one command as the case in HLStats, but it
requires several steps to compute N-grams as the following
[16]: LNewMap to prepare an initial empty word map file. This
can help to add future n-gram files without having to rebuild
existing ones. The created word map file contains just a header
and no words. LGPrep to process the training text data to
produce all newly encountered words and the identifiers that
the tool has assigned them. LGList contains the collected N-
grams (3-grams in our case) as shown in Fig. 3.

TRRT Sourpca: 1M

Fig. 3. A part of the the 3-grams in the triaing data

LGCopy is employed to derive a sequenced set of N-grams
files. The word list should be supplied in a spate file that
contains the system’s vocabulary. The unknown word symbol
defaults to "UNK. LGList saves the new word map containing
the new class symbols (M'UNK in this case) and only words in
the vocabulary. LFoF produces a frequency of frequency
(FoF) table for the chosen vocabulary list. Finally, LBuild
builds the actual language model. Fig. 4 shows a part of the
generated 3-grams language model using ARPA format.

The 3-grams shows in Fig. 4 shows the contents of the N-
grams language model along with the corresponding
probabilities of the 1-grams cases (23 unigrams), 2-grams cases

(contains 4 bigrams), and 3-grams cases (2 trigrams). The
ARPA format shown in Fig. 4 is the language model form that
is generally used in in speech recognition systems. In Fig. 4,
the probabilities (in term of logio) are stored on the left of the
n-grams while the back-off weight (in terms of logao) is stored
on the right of the word(s).

Fig. 4. A part of the 3-grams using HTK toolkit

VI. THE CMU-CAMBRIDGE TOOLKITS

We used the CMU-Cambridge toolkit to compute the N-
grams for the dataset that is described in section 4. In
particular, we computer the 1-grams, 2-grams, and the 3-grams.
The CMU-Cambridge toolkit uses the following five
commands to produce the LM dump file: text2wfreq,
wfreg2vocab, text2idngram , idngram2im, Im3g2dmp [17].
The outputs of the previous commads are shown in Fig. 5.

text2wfreq

text2idngram

wfreg2vocab

Fig. 5. The outpus of three commands to generat LM

The descriptions of the CMU-Cambridge toolkits command
is as follows: text2wfreq: list of every word which occurred in
the text, along with its number of occurrences. wfreq2vocab:
a vocabulary file. text2idngram: list of every id n-gram which



occurred in the text, along with its number of occurrences.
idngram2Im : a language model, in either binary format, or in
ARPA format. Im3g2dmp: convert the language model file
from ARPA format to DMP format. Fig. 6 shows the outputs of
the previous commands. This is a 3-gram language model,
based on a vocabulary of 22 words. We highlight that the
output of the text2idngram command is the 3-grams occurred
in the source text. For instance, the sequence 18 4 10 reprents
the trigram “Isell LBVl 5 and it occurs two times as
indicated in the Fig. 5, the right colmun.

The ARPA-standard format LM that is shown in Fig. 6
contains 23 items of the 1-grams, 26 items of 2-gram, and 28
item of the 3-grams. For each n-gram, the value on the left
represents the actual probability while the value on the right
represents the back-off weights. According to the LM in Fig. 6,
the actual probability of the word “sL=®Y1 s -0.9853 (in logio
format). The probability in standard from is 10%5%=0.101.
The LM also shows that the probability of the 3-gram “ s«
sl SLaBYP s greater than the 3-gram “cul S Jlilall «35 5 as
the actual probability of the first 3-gram is (10°17%1) 0.6666

while the prbability of the second 3-gram is almost zero (10
99.9990)_

e lmow o b
C
n

Fig. 6. A part of the the 3-grams using CMU-Cambridge toolkit

Perplexity are the most common metrics used to evaluate
N-grams LM. Perplexity is defined in terms of the inverse of
the average log likelihood per word. It is an indication of the
average number of words that can follow a given word, a
measure of the predictive power of the language model. It is a
way to measure the quality of a model independent of any NLP
system. The lower perplexity system is considered better than
one of higher perplexity. The perplexity formula is:

1

PPW)=N |/
w) P(wl,w2,...,wy)

Where PP is the perplexity, P is the probability of the word
set to be tested W=w1, w2, ... , wy, and N is the total number

of words in the testing set. Since we used a very small data set,
we did not evaluate the perplexity in this work.

VII. CONCLUSION

This paper demonstrates two well-known LMs toolkits; the
CMU-Cambridge and HTK toolkits. We used a small data set
to demonstrate the steps to compute N-grams. We also
highlight the basic concepts of the grammars language models
that is rarely used in NLP systems. As a future work, we
recommend to investigate new research directions to run NLP
systems while skipping the language models. That is,
evaluating the performance if we employ an ASR system that
entirely use acoustic models.
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ABSTRACT

Markov chain theory is an important tool in applied probability that is quite useful in modeling real-
world computing applications. For a long time, rresearchers have used Markov chains for data modeling
in a wide range of applications that belong to different fields such as computational linguists, image
processing, communications, bioinformatics, finance systems, etc. This paper explores the Markov chain
theory and its extension hidden Markov models (HMM) in natural language processing (NLP)
applications. This paper also presents some aspects related to Markov chains and HMM such as creating
transition matrices, calculating data sequence probabilities, and extracting the hidden states.
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Markov chains, Hidden Markov Models, computational linguistics, pattern recognition, statistical

1. INTRODUCTION

Markov chains theory is increasingly being adopted in real-world computing applications since
it provides a convenient way for modeling temporal, time-series data. At each clock tick, the
system moves into a new state that can be the same as the previous one. A Markov chain model
is a mathematical tool that capture the patterns dependencies in pattern recognition systems. For
this reason, Markov chain theory is appropriate in natural langue processing (NLP) where it is
naturally characterized by dependencies between patterns such as characters or words.

Markov chains are directed graphs (a graphical model) that are generally used with relatively
long data sequences for data-mining tasks. Such tasks include prediction, classification,
clustering, pattern discovery, software testing, multimedia analysis, networks, etc. Reference [1]
indicated that there are two reasons of Markov chains popularity; very rich in mathematical
structure and work well in practice for several important applications. Hidden Markov models
(HMM) is an extension of Markov chains that used to find the hidden system’s states based on
the observations.

In order to facilitate the research in this direction, this paper provides a survey of this so popular
data modeling technique. However, because of the wide range of the research domains that use
this technique. We specifically focus on the linguistics related applications. Reference [2] list
some domains that utilize Markov chains theory which include: physics, chemistry, testing,
speech recognition, information sciences, queueing theory, internet applications, statistics,
economics and finance, social sciences, mathematical biology, genetics, games, music, baseball,
Markov text generators, bioinformatics. Reference [3] lists the five greatest applications of
Markov chains that include Scherr’s application to computer performance evaluation, Brin and
Page’s application to PageRank and Web Search, Baum’s application to HMM, Shannon’s
application to information theory, and Markov’s application to Eugeny Onegin.



This paper is organized as follows. The next section presents a background of Markov chains
theory. Section 3 highlights the main concepts of HMM followed by a literature review of
Markov chains and HMM in section 4. Finally, we conclude in section 5.

2. MARKOV CHAINS

Markov chains are quite useful in modeling computational linguistics. A Markov chain is a
memoryless stochastic model that describes the behaviour of an integer-valued random process.
The behaviour is the simple form of dependency in which the next state (or event) depends only
on the current state. According to [4], a random process is said to be Markov if the future of the
process, given the present, is independent of the past. To describe the transitions between states,
a transition diagram is used to describe the model and the probabilities of going from one state
to another. For example, Figure 1 shows a Markov chain diagram with three states (Easy, Ok,
and Hard) that belong to exam cases (i.e. states). In the figure, each arc represents the
probability value for transition from one state to another.

(7~

Eazy [r— Hard

S

Figure 1. A Simple Markov chain with three states

The Markov chain diagrams are generally represented using state transition matrices that denote
the transition probabilities from one state to another. Hence, a state transition matrix is created
using the entire states in the system. For example, if a particular textual application has a
training data that contains N states (e.g. the size of lexicon), then the state transition matrix is
described by a matrix A= {aij} of size N*N. In matrix A, the element aij denote the transition
probability from a state i to a state j. Table 1 shows how the state transition matrix used to
characterize the Markov diagram shown in Figure 1. That is, the matrix carries the state
transitions probabilities between the involved states (Easy, Ok, and Hard). For illustration, the
P(E|H) denote to the probability of the next exam to be Easy given that the previous exam was
Hard.

Table 1. A state transition matrix of three states

Next Exam
State Easy (E) Ok (O) Hard (H)
Easy (E) P(E|E) P(O|E) P(H|E)
Previous Exam | Ok (O) P(E|O) P(O|O) P(HIO)
Hard (H) P(EH) P(OJH) P(H|H)

In Table 1, the sum of the probability values at each row is 1 as the the sum of the probabilities
coming out of each node should be 1. Hence, P(E|E)+P(O|E)+P(P(H|E) equal 1. Markov chain is
a worthy topic that has many details. For examples, it contains discrete-time, continuous-time,
time-reversed, reversible, and irreducible Markov chains. The case shown in Figure 1 is
irreducible case, also called ergodic, where it is possible to go from every state to every state.



To illustrate a simple Markov chain data model, a small data set contains two English sentences
used to create a transition matrix based on the neighbouring characters sequences. The sentences
are inspirational English quotes picked from [5]:

(1) Power perceived is power achieved. (2) If you come to a fork in the road, take it.

Figure 2 shows the transition matrix of these quotes by counting the total number of occurrences
of the adjacent two character sequences. It is a 19 x 19 matrix where the value 19 is the total
number of unique characters appeared in the sentences (i.e the two quotes). In this example,
creating transition matrix is case insensitive where D is same as d, as an example. In addition, a
space between two words discarded and not considered in the transition matrix. Figure 2 also
shows that the maximum number in the matrix’s entries is 3 (a highlighted underlined value)
which means that moving from character e to r (e=»r) is the most frequently sequence appeared
in this small corpus. The words that contains this sequence are :{ Power (two times) and
perceived}.

acdefhikmnoprstuvwy
a 01100001 0000000000 0
c 0O0OOC1010000100000000
d OOODODOO0O0OO0ODO0DO0O0OODODOO O
e 0020001000003 00010 0
f OOOOOOODO0ODO0D1000000O00DO
h 00010010 0000000000O0 O
I 0001100001 000110100
k O0O0O1000000000O0DO0O0O0 DO
m 000100000 0CO0CO0OO0CODO0OO0OO0O O
n 0O0O0CO0OO0O0COO0OOCOODODOOODOOO O
o 1000000010001 00102 0
p 0O0CO0C10000O0CO0OC200000000
r 01000001 0010000000 0
s 0O0OOCOOOCOOOOOODOOODOOOO
t 10000100001 0000000 0
u 00OCOOOCOOOOODODOOODOOOOO
v 000200000 00O0CO0OCOOQOCODOOOQ O
w 000200000 000O0CO0OCODOO0OO O
y O00O0COO0O0CODO0OO0O100O0O0O0DO0ODO0OOQO

Figure 2. A transition matrix of two characters sequences

Based on the information provided in the transition matrix shown in Figure 2. It is possible to
answer some questions related to the given data collection. Among inquires, what is the total
number of the two characters sequences appeared in the given data set? What are the two
characters sequences that did not appear in the data collection? What is the least frequently two
characters sequences in the data set? Accordingly, Markov chains are used as prediction systems
such as weather forecasting. Therefore, it is possible to predict the tomorrow’s weather
according to the today’s weather. For example, if we have two states (Sunny, Rainy), and the
requirement is to find the probability P(Sunny|Rainy), Markov chains make it possible based on
the information provided in the probability transition matrix. Another example of the using
Markov chains is banking industry. A big portfolio of banks is based on loans. Therefore,
Markov chains are used to classify loans to different states such as Good, Risky, and Bad loans.

For simplicity, the information presented in Figure 2 shows the transition matrix based on total
number of occurrences. Figure 3 shows the same information but using probabilities instead of



the number of occurrences. That is, it contains the probability of moving from one character to
another. As previously indicated, the sum of entries at each row is equal 1. In Figure 3, any
matrix entry that has 0 means that there is no transition at that case. Similarly, if the matrix
entry is 1, it means that there is only one possible output of that state. For example, the character

[IPSi] [

0” comes after “y”, and this is the only possible arc of the state “y”.

a c d e f h i k m n o p T 3 t u v Wy
a 0 033 033 0O 0 0 0 033 0 0 o 0 0 0 0 0 0 o 0
c o 0 0 033 0 033 O 0 0 0 0330 O 0 0 0 0 o 0
d 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
e 0 0 029 0O 0 0 014 O 0 0 0 0042 O 0 0 014 0 O
f o 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 o 0
h o 0 0 0.5 0 0 0.5 0 0 0 0o 0 0 0 0 0 0 o 0
i 00 0 017 017 O 0 0 0 01 0 0O 0 017 017 0 017 0 O
k 00 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
m o o0 0 1 0 0 0 0 0 0 0o 0 0 0 0 0 0 o 0
n o 0 0 0 0 0 0 0 0 0 0o 0 0 0 0 0 0 o 0
o 017 O 0 0 0 0 0 0 017 O 0 0017 O 0 017 0 033 0
p 0 0 0 033 0 0 0 0 0 0 0670 O 0 0 0 0 0 0
r 0033 0O 0 0 0 0 0322 0O 0 03220 O 0 0 0 0 0 0
s o o0 0 0 0 0 0 0 0 0 0o 0 0 0 0 0 0 o 0
t 033 0 0 0 o0 033 0 0 0 0 0330 O 0 0 0 0 o 0
u o 0 0 0 0 0 0 0 0 0 0o 0 0 0 0 0 0 o 0
v 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
w o 0 0 1 0 0 0 0 0 0 0o 0 0 0 0 0 0 0 0
Y o 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 o 0

Figure 3. A probability transition matrix of two characters sequences

3. HIDDEN MARKOV MODELS

Hidden Markov models (HMM) is an extension to Markov chains models as both used for
temporal data modeling. However, the difference is that the states in Markov chain models are
directly observed while they are hidden in the case of HMM. We explain the concept of HMM
based on Figure 1 that shows a three exam’s states Markov diagram. As a very simple example,
supposed that a student’s parents want to know the levels (i.e the difficulty) of their son’s
exams, naturally, it is possible to recognize the exam as Easy or Ok if the son feels Fine.
Similarly, it is possible to recognize the exam as Hard if the son looks Scared. From the parents’
point of view, the required states (i.e. Easy, Ok, or Hard) are hidden. However, they directly
observe the student’s reaction or feeling. Hence, the parents might use the observed reaction as
an indication to know the hidden states. HMM is described using three matrices: the initial
probability matrix, the observation probability matrix, and the state transition matrix. Figure 4
shows a HMM diagram that shows the states and the observations. In the figure, each arc
represents the probability between the states and between the states and the observations.
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Figure 4. A HMM diagram with the transition and the observation arcs

Based on the information provided in the matrices, either Baum-Welch (also called any path) or
Viterbi (also called best path) algorithms used to find the probability scores during recognition
phase. Figure 5 shows the trellis diagram for exam states HMM. While Baum-Welch algorithm
is used to compute the recognitin probability of a sequence, Viterbi is used to find the best-state
sequence associated with the given observtatin, this procoss is also known as back-trakcing.
Hence, after computing the observations sequence probability and finding the maximum
probability (supposed the star in Figure 5), the Viterbi algorithm leads the process back to
identify the states (sources) from which the observations sequence have been emitted. In Figure
5, the maximum probalities supposed to be achieved at the states shown using the dotted lines:
Ok, Easy, Hard, respectively.
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Figure 5. Trellis diagram of three states HMM

4. LINGUISTIC APPLICATIONS

In the literature, there are quite many works on modeling content dependencies for linguistics
applications. Markov chain models and HMMs are of great interest to linguistic scholar who
primarily work on data sequences. Even though this study focuses on linguistic applications,
however, Markov chains used to model a variety of phenomena in different fields. The
following are some of studies employed Markov chains. We intentionally ignored the references
as the literature has too many studies employed Markov chains:

image processing, text and image compression, video segmentation forecasting,
networking, signal processing, communications, software testing, genetics, bioinformatics,
genome structure recognition, anomaly detection, tumour classification, water quality,
epidemic spread, wind power, malicious and cyber-attack detection, traffic management,
physics, chemistry, mathematical biology, games, music, multimedia processing, business



The following two subsections include some of the linguistic studies that utilized Markov chain
theory. Linguistic applications topics mainly include (but not limited) speech recognition,
speech emotion recognition, part-of-speech tagging, machine translation, text classification, text
summarization, optical character recognition (OCR), named entity recognition, question
answering, authorship attribution, etc. For the reader who interested in NLP, Reference [6] is a
good reference as it demonstrates a thorough study of NLP (Almost) from Scratch.

4.1. Markov chains based research

The literature has a large number of studies that employ Markov chains for NLP applications.
The following are some linguistic related applications. Reference [7] proposed a word-dividing
algorithm based on statistical language models and Markov chain theory for Chinese speech
processing. Reference [8] presented a semantic indexing Markov chains algorithm that uses
both audio and visual information for event detection in soccer programs. Reference [9]
investigated the use of Markov Chains and sequence kernels for the task of authorship
attribution. Reference [10] implemented a probabilistic framework for support vector machine
(SVM) that allows for automatic tuning of the penalty coefficient parameters and the kernel
parameters via Markov chain for web searching via text categorization. Reference [11]
demonstrated an automatic video annotation using multimodal Dirichlet process mixture model
by collecting samples from the corresponding Markov chain. Reference [12] used a linguistic
steganography detection method based on Markov chain models. Reference [13] showed how
probabilistic Markov chain models can be used to detect topical structure in large text corpora.

Reference [14] proposed a method of recognizing location names from Chinese texts based on
Max-Margin Markov Network. Reference [15] utilized Markov chain and statistical language
models in a linguistic steganography detection algorithm. Reference [16] proposed a Markov
chain based algorithm for Chinese word segmentation. Reference [17] presented two new
textual feature selection methods based on Markov chains rank aggregation techniques.
Reference [18] proposed a Markov chain model for radical descriptors in Arabic Text Mining.
Reference [19] presented statistical Markov chain models for the distributions of words in text
lines. Reference [20] proposed a method for handwritten Chinese/Japanese text (character
string) recognition based on semi-Markov conditional random fields (semi-CRFs). Reference
[21] presented a Markov chain method to find authorship attribution on relational data between
function words. Reference [22] utilized a probabilistic Markov chain model to infer the location
of Twitter users. Reference [23] proposed a Markov chain based technique to determine the
number of clusters of a corpus of short-text documents. Reference [24] proposed a Markov
chain based method for digital document authentication. Reference [25] used Markov chain for
authorship attribution in Arabic poetry.

4.2. Hidden Markov models based research

Linguistic HMM based research has been for long an active research area due to the rapid
development in NLP applications. The literature has many studies as follows. Reference [26]
proposed to extract acronyms and their meaning from unstructured text as a stochastic process
using HMM. Reference [27] proposed a morphological segmentation method with HMM
method for Mongolian. Reference [28] employed HMM for Arabic handwritten word
recognition based on HMM. Reference [29] presented a scheme for off-line recognition of
large-set handwritten characters in the framework of the first-order HMMs. Reference [30]
proposed the use of hybrid HMM/Artificial Neural Network (ANN) models for recognizing



unconstrained offline handwritten texts. Reference [31] used HMMs for recognizing Farsi
handwritten words.

Reference [32] describes recent advances in HMM based OCR for machine-printed Arabic
documents. Reference [33] proposed a HMM based method for named entity recognition.
Reference [34] combined text classification and HMM techniques for structuring randomized
clinical trial abstracts. Reference [35] employed HMM for medical text classification. Reference
[36] propose text (sequences of pages) categorization architecture based on HMM. Reference
[37] described a model for machine translation based on first-order HMM. Reference [38]
introduced speech emotion recognition by use of HMM. Reference [39] presented a HMM
based method for speech emotion recognition. Reference [40] discussed the role of HMM in
speech recognition. Reference [41] indicated that almost all present day large vocabulary
continuous speech recognition (LVCSR) systems based on HMMs. Reference [42] presented a
text summarization method based on HMM. Reference [43] presented a method for
summarizing speech documents using HMM. Reference [44] used HMM for part-of-speech
tagging task. Reference [45] presented a second-order approximation of HMM for part-of-
speech tagging task.

5. CONCLUSIONS

This work demonstrates the potential and the size of Markov chains research. The study reveals
that the Markov chain and HMM is of high important for linguistic applications. Similarly,
Markov chains are also widely used in many other applications. For future work, it worthy to
explore the power of Markov chain in new linguistic and scientific directions with more details.
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ABSTRACT

Speech recognition poses some interesting challenges such as
varying acoustic conditions, dialects, and articulation at word’s
boundaries. Large vocabulary speaker-independent continuous
speech recognition systems have recently received significant
attention. In this paper, we present a survey of Arabic speech
recognition that even has more challenges such as the optional
diacritization of the Arabic script. Even though Arabic is a live
language that is spreading widely throughout a large area, the
research devoted to this technology still in the early stages
compared to other languages such as English language. In this
study, we highlight the progress made so far in Arabic speech
recognition field that include corpora, phonemes, language
models, acoustic models, and some promising research
directions. This survey reveals that the shortage of freely available
continuous speech corpora deserves more research attention in
this domain. It also shows a need to compile large corpora or a
benchmark as it will be a key factor to promote the Arabic
language research for effective human-computer interaction.

Keywords
Arabic language; speech recognition; corpus; phoneme; language
model

1. INTRODUCTION

Having human speech interpreted by a computer is called
Automatic Speech Recognition (ASR). It is defined as the process
of converting spoken language (sound waves) into a machine-
readable text. With the fast growth of powerful communication
devices, it is making man-machine interfaces even more valuable
and pervasive. Developing commercial speech recognizers have
been shown to be successful business interactive solutions in
various industry sectors such as healthcare, telecommunication,
banking and finance, retail and mall management, education,
hospitality, governmental institutions, and travel,[1]. In the last
decade, there has been great enthusiasm by developers to have
this attractive property that can be of great advantage in the new
technologies such as search engines, voice maps,
communications, etc. Recently, speech was used in security and
protection fields for authentication purposes (also called
voiceprints). Findbiometrics list five unique applications of
voiceprints; targeting the developers, hands free interface, call
center authentication, proof of life, and multi-factor logical access
control [2]. Nuance lists some of benefits of using voiceprints that
include simpler authentication, wipe out fraud, and almost-instant
return on investment [3]. Even though the utilizing of voiceprint
in banking industry is not new, this technology has been
transferred to Arab countries. For examples, Kuwait Finance
House (KFH) uses a speech recognition platform for users’
authentications. The service that was initially only available to
VIP customers is now in the process of being rolled out to KFH's
entire customer base, [4]. Abu Dhabi Commercial Bank (ADCB)
has also turned to voiceprints, [5]. Fortunately, the
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communications infrastructure that already exist help to spread the
voiceprint biometric rather than installing a new machine such as
image scanner to read the fingerprint before sending the figure
print for authentication.

In fact, globally utilizing speech recognition in natural language
processing (NLP) and linguistic applications has pushed to utilize
this technology for the Arabic language that has more than 380
million speakers [6]. Most importantly, the holy Quran that was
revealed in Arabic has to be read in Arabic by the entire Muslim
world. This constraint might reinforce Arabic speech research,
and therefore the technology to server the holy Quran readers and
learners. Reference [7] presented a speech recognition technique
for verification of Quranic recitation of sound files and media.
Reference [8] provided a structural overview of speech
recognition system for developing Quranic verse recitation
recognition with Tajweed checking rules function.

However, speech recognition is not an easy task and there is a
long way for efficiently utilizing speech recognition to fulfil
people requirements. Despite the successive research attempts, the
high accurate transcription of human natural spoken words
(speech-to-text) is still a difficult task problem. In fact, speech
processing is much complicated than other pattern recognition
problems such as text or images classification. For illustration,
while locating a particular text or an image has achieved great
success, locating a particular speech segment of a particular word
in a speech collection audio file is still an active research problem.

Speech recognition is classified as a multidiscipline field that
includes machine learning, phonetics, linguistics, and signal
processing. Accordingly, significant integration is required for
satisfied performance. Unfortunately, while the remarkable
evolution in the research toward enhanced ASR; Arabic research
is still behind when compared to other languages such as English.
In general, varying acoustic conditions, pronunciation variations,
dialects, accent, age and others factors are all degrade the
performance. Reference [9] presented various factors that affect
the way in which words are pronounced such as assimilation, co-
articulation, reduction, deletion, and insertion. The Arabic
language has even more challenges such as morphological
complexity and diacritization wherein short vowels are usually
missed in formal writings.

In addition to the Arabic intrinsic challenges, there are some other
logistic researching challenges such as resources availability. The
absence of unified large continuous speech corpora is an obstacle
that might restrain the research in this flourishing domain. It has
been noticed that almost all-Arabic speech recognition studies
have been investigated using in-house small corpora. This is
unlike English language that has many common large corpora
such as North America business (NAB) and Broadcast News
switchboard, [10]. Working on common corpora saves time as
well as gradually enhance the research since the outputs can be
compared and improved. It is known in speech recognition



community that creating a large speech corpus is time demand and
extremely expensive task. Consequently, it is hard and might be
inconvenient for individuals to perform such task. Reference [11]
indicated that preparing large training corpora for dialectal Arabic
acoustic modeling is too difficult compared to Modern Standard
Arabic (MSA).

Even though-isolated words speech recognition is an important
task for some digits and commands applications, the continuous or
conversational speech recognition has had even more interest. For
several years, there have been two well-known ASR engines that
are used for speech-to-text task; Carnegie Mellon University
(CMU) Sphinx and the Cambridge University Hidden Markov
Model Toolkit (HTK). Both are statistical based engines that are
based on Hidden Markov models (HMMs). Developing a speech
recognition engine is a complex task and requires highly expert
staff; therefore, most researchers used the free (black box) Sphinx
and/or HTK engines. However, some other techniques have been
used in the literature such as artificial neural networks (ANNs)
and support vector machines (SVM). Sphinx engine does support
Arabic, but HTK does not support Arabic and conducting speech
recognition research requires a transliteration process on the
training text that can be performed, as an example, using the
transliteration system available at [12]. Figure 1 shows the
architecture of an ASR that include three knowledge databases:
the acoustic models contains the trained HMMSs, the language
mode represents the statistical words co-occurrences, and the
dictionary (also called pronunciation dictionary or vocabulary)
has the pronunciation of each words in terms of phonemes, the
basic unit of sounds.
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Figure 1. Automatic Speech Recognition (ASR) Architecture

The goal of this paper is to present the recent advances in Arabic
ASR with a particular highlight of the essential components of a
typical ASR. The topics include the corpora used for both
isolated-words and continuous speech. The corpora information
include vocabulary size, nature of data, topics, speakers, number
of male and female, age, etc. features extraction methods,
classification  approaches, phonemes sets, pronunciation
dictionary, language models (LMs). The paper also includes some
new directions that could be investigated for Arabic.

This paper is organized as follows. The next section presents the
Arabic speech corpora of both isolated-words and continuous
speech. Section 3 presents the phonemes set and pronunciation
dictionary, followed by language models in section 4. The
performance evaluation is demonstrated in section 5, and the
conclusion and future works are presented in section 6.

2. ARABIC SPEECH CORPORA

The preliminary work in speech recognition requires in the first
place to specify the type of speech; either isolated-words or
continuous speech. Therefore, the speech corpora will be the first

topic to be discussed in this survey. In isolated-words speech (also
called discrete words), a pause are existed between digits or words
while such constraint is not existed in continuous or
conversational speech. Isolated-words speech recognition is
characterized by easy to implement when compared to the
continuous speech recognition that it suffers from co-articulation
phenomenon, the critical factor for recognition results and
performance.

2.1 Isolated-words speech recognition

In this subsection, we present the isolated-words corpora, the
speech features, and the classifiers used. In general, isolated-
words size is represented using the number of recorded speech
files while continuous speech file is represented using the number
of hours (all recorded speech files length). In the following,
MEFCC is the shorthand for Mel-Frequency Cepstral Coefficients,
the widely used features for speech recognition; LPCC is the
shorthand of Linear Predictive Cepstral Coefficients. The research
contributions presented in Table 1 are date ordered, the earliest
first. Otherwise indicated, all the researches listed in Table 1 are
categorized as isolated-words speech recognition, MFCC features,
and HMM-based classifiers.

Table 1. Isolated-words corpus information

Ref. Year
[13] 2001

Corpus Information, Features, Classifier/s
The training set is composed by 50 speakers each of
them uttered three times the ten digits. The test set
comprises two groups, 30 speakers and 10 speakers.
LPCC features were used.

[14] | 2002 | They used fuzzy NNs for recognition of isolated
words. Cannot have access to the paper to present

corpus information.

[15] 2003 Speech corpus consists of the 10 isolated digits, with
20 repetitions for each digit, using single male

speaker. LPCC and MFCC features were used.

[16] | 2004 | The corpus contains of a total 1800 digits
pronounced by 60 speakers (30 males and 30
females). For testing, they used 1000 digits
pronounced by 50 others speakers (25 males and 25

females) .NNs classifier was used.

[17] | 2006 | The corpus consists of 92 speakers. (46 male and 46
female) pronounce each word two times where
20/92 of the corpus used for learning. (HMM,SVM)

classifiers were used.

[18] | 2007 | Training set: 300 token (10 digits * 5 repetitions * 6
Moroccan speakers). Testing set: 30 token of

different individuals.

[19] | 2007 128 words for training and other 7 words for testing.
Dynamic time warping (DTW) was used as

similarity measure for classification.

[20] 2008 The corpus consists of 600 utterances (10 speaker,
10 words, 6 repetitions) split into 300 utterances for
training and 300 utterances for testing. NNs was

used for recognition.

[21] | 2008 | The corpus contains about 1.5 hours of commands

and less than 1 hour of digits.

[22] | 2008 | The corpus contains Egyptian 59 men, (33 speakers
for and 26 for testing). Speakers asked to utter 16

sentences of proverbs.

[23] 2008 The training set contains 340 tokens (17 speakers x
NNs 2 repetitions x 10 digits). For testing 1,700 tokens
(17 speakers x 10 repetitions x 10 digits) were used.
NNs was used for classification.




[24] | 2009 The corpus was created from all 10 Arabic digits. A
number of 60 Moroccan speakers (35 males and 25

females) were asked to utter all digits 5 times.

[25] | 2010 | The corpus contains 3650 speech files recorded by
13 speakers. Training set contains 3000 speech files

and 650 for testing.

2.2 Continuous speech recognition

The research contribution toward continuous Arabic speech
recognition is less than what we have seen in isolated-words that
make sense as previously indicated regarding the difficulty of
preparing a continuous speech corpus. However, there is
considerable work initiated by the Linguistic Data Consortium
(LDC). The LDC is an open consortium of universities, libraries,
corporations and government research laboratories, [26]. More
information about LDC Arabic speech corpora can be found at
LDC catalog [27] that contains hundreds of (not free) holdings.
One of important Arabic speech contribution is the work fielded
by IBM in the Gale project that used LDC corpora. Gale project
has many phases that gradually improve the performance. The
Gale acoustic training set composed of approximately 1800 hours
of transcribed Arabic broadcasts provided by LDC. The published
work the described the phases include: The IBM 2006 Gale
Arabic ASR System [28], The IBM 2009 GALE Arabic speech
transcription system [29], and the IBM 2011 GALE Arabic speech
transcription system [30]. LDC produced CallHome (CH) corpus
of Egyptian Colloquial Arabic (ECA) [31]. This corpus is a
collection of informal phone conversations between close friends
or family members. This corpus has many sets as shown in Table
2,[32].

Table 2. LDC ECA CallHome datasets

collection Number of Number of Number of
conversations words hours
train 80 146,298 14
dev 20 32,148 3.5
eval96 20 15,584 1.5
eval97 20 17,670 1.8
h5 new 20 16,752 1.8
eval03 10 11,015 1.9

In speech recognition systems, it is highly recommended and even
more accurate to use large speech collections. Reference [33]
explains the meanings of large vocabulary speaker-independent
continuous speech recognition as follows. Large vocabulary
means that the corpus has vocabulary (unique words) of about
20,000 to 60,000 words. Speaker-independent is the classifier’s
ability to recognize the speech of people whose speech has never
been exposed before. The continuous mean that the speech is
recorded according to the human natural language.

One of the earliest attempts to develop a speech corpus was made
by reference [34] who describes the OrienTel speech dataset.
They indicated that the OrienTel is the first time makes an effort
to create speech data on a large scale. The participants of OrienTel
collected standard and colloquial varieties of Arabic in Saudi
Arabia, the UAE, Egypt, Palestine, Tunisia and Morocco.
GlobalPhone project produced a read speech corpus that was
designed for the development and evaluation of large continuous
speech recognition systems, [35]. Reference [36] presented a
Saudi accented Arabic telephone speech database. It contains 96
hours that was collected on a telephone network during 2002 and

2003 using 1033 native speakers (51% males, 49% females).
Reference [32] used CallHome corpus for morphology-based LMs
at different stages of Arabic ASR. New versions were used by
authors as Reference [37] used a new LDC test set called Dev07
that was distributed by LDC in March 2007 and consisting of 2.5
hours of speech (18186 words). The Reference [37] research work
consists of using neural network LMs for Arabic ASR. Reference
[38] developed an MSA broadcast news speech recognition
system. The system was trained on 7.0 hours of a 7.5 hours and
tested on the remaining half an hour. The corpus contains a total
of 235 news items, 41 news items cover sport news and the rest of
the items cover mainly economic news. Among the speakers, 88
of the news items were by female speakers. Reference [21]
presented a Holly Qura’an corpus that contains about 18.5 hours.
However, the actual challenge is developing a broadcast news
corpus since the holy Quran recordings are already available.
However, Reference [21] indicated that it takes about 732
working hours to build their holy Quran corpus. Reference [11]
used MSA acoustic models as multilingual models to decode
Egyptian dialect. They chose the Nemlar broadcast news speech
corpus to build the acoustic models. The corpus consists of 40
hours of MSA news broadcast. The total number of speakers is
259 with a lexicon of 62,000 words. Reference [39] presented a
MSA continuous speech corpus composed of 200 sentences
pronounced by 300 Algerian native speakers selected from eleven
regions of Algeria. Reference [40] developed an Arabic ASR
system based on phonetically rich and balanced speech corpus.
That work was based on 8,043 utterances gathered from 8 (5 male
and 3 female) speakers resulting about 8 hours of speech. The
round robin testing approach was applied.

The speech dataset is used to train the acoustic models that are the
statistical representations of the MFCC speech features vectors.
Hence, the acoustic models represent the statistical co-occurrences
between phonemes. HMM is one of the most common type to
represent acoustic models as the example represented Figure 2. In
the figure, each number represents a phoneme and the all three
phonemes represent what is called triphone that represents a
phoneme surrounded by specific left and right phonemes. There
are even more details as each phoneme is internally represented
using three states (beginning, middle, end) using mixture density
Gaussian distributions. Hence, Figure 2 shows how HMMs used
to represent acoustic models.

Figure 2. HMM-based Triphone

The procedures that can be applied to produce a continuous
speech corpus are summarized as follows. A number of audio files
are recorded (under equal conditions) from radio and/or TV
broadcast news. It is highly recommended to cooperate with local
or international stations of radio and TVs to get some prerecorded
speech collections (e.g. a part of the archive). This cooperation
avoids the labor and cost intensive manual generation to produce
speech corpora. If the lengths of audio files are too long, these
audio files should be split into small audio files of 10-30 seconds.
In fact, there is no problem to have more than 30 seconds, but the
speech recognizer might fail during the training process to align
the recordings with their phonetic transcription. Hence, it will be



productive and efficient if the recordings are short. However, if
the recordings are long say 10 minutes, initial alignment might be
fail and therefore causing a problem during training process.
During recording to create a corpus, the following parameters are
set as indicated by Sphinx [41]: Sampling Rate = 16 kHz (or 8
kHz, depending on the training data), No. of Bits = 16 bits, No. of
Channels = Mono (= single channel), and File Format =
“.wav”. Once have the recordings completed, the spoken words in
the audio files are transcribed and then diacritized. Based on the
diacritized text, the pronunciation dictionary is produced. After
this step two models can be created, the acoustic model and the
language model. The three knowledge bases (acoustic models,
pronunciation dictionary, and language model) will be ready for
setting up and testing a continuous speech recognition system.

3. ARABIC PHONEMES SET

Speech recognition task is generally performed using one of three
approaches based on the basic units of classification. The units
include words, syllables, and phonemes. Word-based recognition
has a drawback that it needs large number of data for training. A
syllable that is a single unit of written or spoken word has
relatively smaller number of used units and runs faster than word-
based recognition. However, the recognizer which depends on the
distinctive unit of sound (i.e., phoneme) is a wide spread approach
since it is easy to train, [22]. Either making a research using
isolated words or continuous words speech, phonemes set has to
be defined before training stage, of course if the research is based
on phoneme-based method. Language linguistics define the
phoneme set of a particular language after studying and careful
classification of speech sounds. In this section, we demonstrate
the phonemes-based research that found in the literature. Many
studies indicated that Arabic language has 34 phonemes (28
consonants and 6 vowels) such as References [20], [25], and [38].
However, the number of Arabic phonemes is a debated by
researchers. For example, Reference [42] used a phoneme set that
contains 46 phonemes for developing a tool that is used to create a
pronunciation dictionary. The tool generated by Reference [42]
had later used in some researches such as Reference [38] and
Reference [43]. Reference [19] indicated that Arabic has at least
one hundred twelve phonemes as they considered that every letter
has four diacritics, therefore, four phonemes. Reference [23] used
37 MSA phoneme as given by Language Data Consortium (LDC).
Reference [11] indicated that MSA consists of 38 phonemes, 28
are original consonants, 4 are foreign and rare consonants and 6
are vowels. An example of pronunciation dictionary’s entries as
produced by Reference [42] is shown in Figure 3. It shows some
words and the phonetic transcription (the phonemes) of each
word.

215 Y UHW AE: EIHM
4213 Y UHW AE: JHIH H
$)%Y UHW AE: Z 1Y
Jal3 Y UH W AE: SS TH L UH
«SI3Y UH W AE: K IH B
&3Y UH W AE Q IX Al UH

% s

4x29Y UH W AE Q IX Al UH H UH

Figure 3. Some entries of a pronunciation dictionary

4. LANGUAGE MODELS

Language models is a statistical component of automatic speech
recognition systems that is used to estimates the most likely co-
occurring sequence of words (possible words) in the language. In
combination with acoustic models, language models are used to
recognize the spoken words given the sequence of speech signal
features vectors. Reference [15] indicated that the language model
can be incorporated to constrain the recognizer to recognize only
valid word sequences. Reference [25] demonstrated that one
benefit of the language model is to reduce the search recognition
probability by forcing the recognition to follow certain rules to
ensure a better accuracy in the recognition output. Reference [23]
indicated that the absence of diacritics in Arabic text decreases
predictability in the language model. In general, much larger
amounts of text leads to develop more powerful and enhance the
goodness of the language models. In speech recognition, N-grams
language model is used to indicate for a contiguous sequence
of n items that are also called unigram, bigrams, and trigrams of
the language text. In case of isolated words speech recognition,
context free grammar is used. While language models are mainly
used in large continuous speech recognition systems, Context-
Free Grammar is also used in speech recognition to to predict
subsequent words in small corpora or isolated words speech
recognition. As language models Context-Free Grammar is used
to reduce the possible words to be considered as a next
word. While statistical language models generally describe
complex language, Reference [44] indicated that grammars
describe very simple type of the language for command and
control, and they are usually written by hand. Therefore,
grammars usually do not have probabilities for word sequences,
but some elements might be weighed. The perplexity is the
common way to evaluate N-gram language model, it is an
indication of the average number of words that can follow a given
word. Reference [39] used a bigram language model for
continuous speech recognition of the Arabic language. Reference
[38] used both bi-grams and trigrams for the language model.
Reference [40] used different language models (bigram and
context free grammar) for continuous Arabic speech recognition
system. Reference [21] used the tool available in SPHINX-IV to
generate the N-grams language model. Reference [32] used n-
gram models up to an order of n = 6 for improving the perplexity
of the language models. Reference [37] indicated that using of
neural network language models for Arabic broadcast news and
broadcast conversations outperforms the 4-Grams based language
model. Reference [25] used an Arabic grammar file that contains
some words and commands to be represented in their isolated
words speech system. Reference [45] investigated the use of
morphology-based language model at different stages in a speech
recognition system for conversational Arabic. Reference [18] used
the tool available in CMUSphinx to specify the grammars of
spoken Arabic digits recognition system. Figure 4 shows an
example of the entries in a language model generated using CMU
statistical language tool [44] of the corpus produced by Reference
[38]. The number besides the n-grams in Figure 4 is related to the
probabilities of occurring for each case.



\1-grams:

-4.5936 syl -0.0530
-4.5936 _ 151 -0.0529
~4.2924 g1iyy1  -0.2492

\2-grams:

-0.9394 ojasl 25135 0.0104
-0.9394 izl HLsitl 0.0377
-0.5394 :Lawf L35 0.0017

\3-grams:

~1.4602 ises giz] ols
-1.4602 zis% Lawl 2
-1.4602 Liajdes s 3as )yl alls

Figure 4. Some entries of a language model

5. PERFORMANCE EVALUATION

The isolated-words speech recognition is generally measured
using recognition accuracy rate that is the percentage of correctly
recognized patterns such as words or digits. However, in
continuous speech, word error rate (WER) is the common metric
to measure performance of ASRs. WER is computed using the
following formula: WER=(S+D+I)/N, Where: S is the number of
substitutions words errors, D is the number of the deletions words
errors, 1 is the number of the insertions words errors, N is the
number of words in the testing set. The word accuracy can be
measured using WER formula: Word Accuracy = 1 — WER.

Reference [21] said that the WER of MSA is in the range: 15—
20%. However, WER depends on some other parameters such as
the size of training corpus, the number of words in the dictionary,
and the perplexity of the language model. We emphasize that
measuring performance is required to show if the achieved WER
is statistically significant. It has been noticed that the majority of
Arabic speech recognition authors do not use the appropriate
statistical significant test to prove their performance. Therefore, a
baseline system should be developed and tested, and then the
output of the proposed method is compared with the baseline
results to find the statistically significance enhancement. If the
result does not have statistically significant enhancement, then the
enhancement is considered accidental and the proposed method is
not as strong method to enhance the classification performance.
Reference [46] has a description how to perform a statistical
significant test.

In this section, we present some of performance evaluations of
continuous speech since it has more interest and challenge than
isolated-words speech recognition. Reference [32] performed
performance evaluation for morphology based LMs. The WER
improved by 1.8% and 1.5% for two different test sets. Reference
[37] achieved WER improvements by 0.8% and 3.8% for 2
different configurations of neural probabilistic models. Reference
[38] achieved a WER of 13.66% of broadcast news corpus.
Reference [21] achieved a WER of 46.182% using the holy Quran
corpus. Reference [11] reported a recognition accuracy of 99.34%
for Egyptian Colloquial Arabic. Reference [39] presented an
accuracy rate of 91.65 % for MSA continuous speech corpus.
Reference [40] demonstrated a WER of 11.27% and 10.07% with

and without diacritical marks respectively for MSA continuous
speech corpus. Table 3 shows some of WER for some systems on
different English speech corpora, [33].

Table 3. WERSs for a number of ASRs (English corpora)

Pronunciation Corpus Vocabulary WER %
TI Digits 11 zero-nine, oh 0.5
Wall Street Journal read speech 5,000 3
Wall Street Journal read speech 20,000 3
Broadcast News 64000+ 10
Conversational Telephone 64000+ 20
Speech (CST)

6. CONCLUSION AND FUTURE WORKS

The review of Arabic speech recognition shows that the research
is still in the raw stage specially the continuous speech type. Most
of the research attempts belong to isolated-words speech
recognition. However, there are some research activities towards
continuous speech recognition. The major obstacle is the corpora
availability. Hence, reinforcing Arabic speech recognition needs
affording the professionality producing of large Arabic continuous
speech collections (corpora).

The following are some research topics that can be investigated
for Arabic. Even there are some studies regarding pronunciation
variations such as Reference [43], more studies are needed to
tackle this phenomenon. The researches could also investigate
using long distance words relationships in the language models.
The traditional N-grams language models assume that a word is
only influenced by a few proceeding words, typically one or two.
However, it is much better to account for longer-distance
constraints. Data mining association rules algorithms such as
Apriori could help to find some words association rules. Then, N-
best ASR hypotheses can be used in combination with words
association rules for rescoring the ASR outputs for better
accuracy. The semantic relationships can also be used to enhance
ASR performance. The semantic and syntactic relationships can
be obtained using knowledge bases such as WordNet [47]. The
syntactic relationships can be obtained in combination of part of
speech tagging and data mining algorithms. The deep neural
network hidden Markov model (DNN-HMM) hybrid architecture
is another direction that can be employed for Arabic [48]. Further
research is needed to clarify the realistic Arabic phoneme set.
Reference [49] had some preliminary work in this direction.
However, an approach is needed for automatic extracting the
Arabic phonemes using data-driven approaches and clustering
methods. There has been current research to train a recognizer
using synthesized data, because if it is possible then we could get
as much data as we want in a preferred domain or with a new and
large vocabulary,[38].
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