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Abstract

Easy access to information is one of the key factors contributing to the economic and
social growth of societies in the modern era. Most of the available means of information
access like print media are useful only for the literate members of the society. Other
modes like television and radio are non-interactive and computers, although being
interactive are not suitable for the major portion of the society that is either not familiar
with its interface and usage or does not have access to it at all. One solution to this
problem can be a telephone based speech interface for human-computer interaction. As
an Automatic Speech Recognition System (ASR) is a key component of such an interface,
the prime impediment to the achievement of this goal in Pakistan is the lack of research
and local language resources for Urdu that are required for the development of an Urdu
ASR. On an abstract level a speaker independent automatic, continuous?! and
spontaneous? speech recognition system for local languages and its further adaptation
to telephone based interface is required as a first step towards achieving this goal.

CRULP is currently working on a project entitled “Telephone-based Speech Interfaces
for Access to Information by Non-literate Users” in collaboration with the Carnegie
Mellon University. The goal of this project is to investigate the use of speech interfaces
in a field-deployed system by providing easy access to medical information to lady
health workers in Pakistan. This will be achieved by developing a telephone based
dialogue system consisting of an Urdu Speech Recognition system and a Text to Speech
system that can interact with the health workers to answer their queries.

One of the main components of this system is a core Urdu Speech Recognition system
that can be trained with field specific data at a later stage. | have taken that to be the
goal of my MS Thesis. This thesis presents the design and development of a medium
vocabulary3 ASR system for spontaneous Urdu speech. The targeted domain is the
accent spoken by literate speakers in the suburban areas of Lahore. The system is
trained for continuous read as well as spontaneous speech and has been adapted to
home and office level back ground noise. In this initial phase the system is speaker
specific. This involves the design and development of speech corpora for read and
spontaneous Urdu speech, and ASR system training for Urdu. CMU Sphinx system has
been used as the primary training and recognition engine.

! Where words are not necessarily separated by silence i.e. a lexicon entry does not necessarily map onto an
individual utterance

% As naturally spoken by speakers in everyday life where the processes of planning and speaking go side by
side in contrast to reading out prepared data

*10,000 words, approximately
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Chapter 1
INTRODUCTION

The aim of Automatic Speech Recognition research is to develop computational techniques to
convert acoustic speech signals into strings of words. The problem of general speech
recognition has not been solved yet for any language. This means that there exists no such
versatile speech recognition system which can recognize the words spoken by any person, of
any gender, in any accent and at any rate of speech in any environment. Therefore the task of
speech recognition starts by making simplifying assumptions which manifest as the constraints
on the system. In other words, all the open ended variables are constrained to certain practical

limits which render the problem more feasible to tackle.

There are many areas where Automatic Speech Recognition (ASR) systems can play a pivotal
role in facilitating the daily activities, and where the current levels of accuracy that these
systems have attained can prove useful. One of these areas is speech based human-computer
interaction (HCI). This line of research promises to be of significant advantages in areas where
keyboards may not be appropriate and natural language communication is desired. This
includes control applications where hands and eyes may be busy at the same time and speech
becomes a good means of issuing the commands. In addition to this, such systems can be of
immense use for people with vision related disabilities, lack of motor control, crippled hands
etc. In the under-developed countries where literacy rate is poor, this can provide a mechanism
of information access to people who are unable to read and write as well as people who may be
literate but not qualified in computing skills. Speech based HCI ideally brings computers within
reach of anyone who can speak and listen. The major hurdle however, is the lack of the
resources required to develop these systems for the native languages of underdeveloped
countries. Another major area of application for ASR systems is telephony where such a system
can provide recognition for digits or simple commands in the form of yes/no questions. These
two application areas can be combined into one by allowing a complete telephone based HCI for
computers, which is the goal of the Telephone-based Speech Interfaces for Access to Information

by Non-literate Users, project currently being done by a joint effort of the Center for Research in



Urdu Language Processing (CRULP) and Carnegie Mellon University (CMU) and is also the prime
motivation behind this thesis. Other useful applications include ASR based dictation systems
and speech transcription systems for meetings and conferences. Control systems for mobile
phones, automobiles and aircrafts are rapidly becoming feasible and are commercially

available.

As discussed earlier, the problem of general speech recognition is as yet not practically solved;
therefore the domain is restricted by using simplifying assumptions. These assumptions are
dependent upon the application areas of the ASRs as they are dependent upon the practicality
of the resulting system requirements. The task is to take the variables involved in the ASR
system design and restrict them one by one to feasible constraints. Following are some of these

variables and sample parameters which can be used to restrict them:

o Language: The systems are generally language specific. Therefore currently the ASR
systems are trained for data of a specific target language.

e Speaker Class: The speaker class may be defined in a variety of ways depending on the
acoustic and phonetic variations represented by these classes.

o Literacy: There may be a lot of variation in the pronunciation and articulation
methods of people with different literary backgrounds, and it may be advisable
to predefine the target literacy level [1].

o Area of residence: This may in some cases also capture the literacy class as
well as the dialect. The area of residence or the area where a speaker has spent
most of his/her life may represent his/her phonetic classification.

o Accents and Dialects: Languages often have numerous dialects which lead to a
great variation of pronunciation even within a single language. Therefore the
target dialect (or the set of target dialects) has to be defined before the ASR
system design. Moreover, unfamiliar accents i.e. the accents which are different
from the ones on which a system has been trained pose a challenge to
recognition. For example, a person from Sindh or Northern Areas of Pakistan
using an ASR trained with Urdu in the Lahore suburban accent may not get good

recognition results. Therefore, separately trained systems may be required for



recognizing different accents. Compatibility of various dialects and accents may
have to be phonetically verified before such decision making.

o Age: The acoustic properties of speech like pitch, formants etc. are stable in ages
between 20-45 years. However, children and old aged individuals may represent
variable acoustic properties that may make the system commit more mistakes.
Therefore, different systems may be required for children, middle aged and old
aged individuals.

o Gender: The male and female voice is different in many basic characteristics
like pitch and format placement. Therefore, a system targeted towards male and
female speakers both, will require balanced amounts of training data from both
the genders. It may even require separately trained systems for the two genders
working with a front end of gender recognition for better results.

Vocabulary size: This represents the number of distinct words the target system is
supposed to recognize. Systems may vary from small vocabulary systems with a
vocabulary of a few words e.g. a yes/no system with a vocabulary size of two or a digit
recognition system with a vocabulary size of tens, to medium vocabulary and large
vocabulary systems with vocabularies of sizes below 20,000 or above 20,000 to 60,000
words respectively. The systems may be trained in terms of words, syllable, phones or
combination of phones (like diphones or triphones). The meaning of vocabulary size
will be different for each of these systems. A system trained on all phones of a language
may be able to recognize all (or most of) the words in that language although the actual
number of words actually in the phonetic lexicon are much less.

Degree of Fluency: The degree of fluency represents the rate of speech and in turn
represents the chances of wrong or incomplete pronunciations.

o Isolated: By far this is the simplest constraint. The words are required to be
preceded and followed by pauses (i.e. silence). Digit recognition systems and
yes/no systems (command driven systems) often fall into this category. The
words are mostly carefully uttered and are hence are by and large complete and

error free.



o Continuous: These are the systems where words may run into each other and
hence segmentation of speech into sound units becomes a challenge. These may
further be divided into many sub categories. For example, there are systems in
which the pace of speech is controlled, like dictation systems where the speech
is carefully articulated at a constant pace. Furthermore, there are systems in
which a person knowingly issues commands to a computer system and hence is
often careful in articulation and pronunciation (this may lead to unnatural
pronunciations as well). In general we can make the following distinctions:

= Read Speech: Continuous speech read from some text is generally
characterized with careful pronunciation and a controlled and consistent
pace of speaking [1].
= Spontaneous: This is the most difficult to model variation, for example
when a human talks to another human as in meetings or conferences, or
over telephones etc. [1] The rate of speaking varies greatly as speech
planning and delivery go side-by-side, the words may be mispronounced
and/or incomplete as the humans rely on non-verbal communication,
experience, context etc. to understand and rectify speech errors. The
spontaneous speech also possesses many subcategories like for example
the spontaneous speech uttered in broadcast news or television or radio
shows may be more carefully articulated compared to the speech in
everyday human conversation where there might be too many
disfluencies like repetitions, incomplete words and pauses etc.
Environment: Speech environment has to be predetermined as it shows a wide
variation from controlled noise studio environments, to low ambient noise house and
office environments leading to the extremely noisy automobile, air craft environments
and busy street environments.
Channel: The recording channel may be a simple microphone attached to digital speech
acquisition hardware, a telephone based system employing VoIP techniques or a mobile
phone channel characterized by packet losses etc. Every channel introduces its own

characteristics into the speech like frequency limits (e.g. a 16000 or 44100 sample per
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second microphone based speech vs. the 4000 Hz, 8000 sample per second speech for a
telephony system). Besides the characteristic channel noise due to any of numerous
factors like channel properties (which may remain consistent) to variable factors like
vicinity of electronic equipment (which varies greatly) are some of the salient features
of speech environments.

e Online vs. Offline Systems: The efficiency requirements on a live or online system
which works under some real-time constraints are much different from an offline
system which transcribes recorded audio (where even a 10 times (10x) real time limit
may be tolerated). Examples of the former are interactive systems like the speech based
control systems for devices while transcription systems for meetings and discussions

may be implemented as offline systems.

1.1 Speech Recognition Architecture

The main task of a Speech Recognition system is to take an acoustic signal as input and produce
a string of words as output. In HMM based speech recognition systems this is modeled by using
a noisy channel model [1]. The idea is to assume that the acoustic signal is a noisy version of the
string of words. Hence, in essence we model the acoustic system, acoustic variation as well as
the environment and channel noise all as a channel which adds noise to the string of words. In
order to extract the original string of words from this noisy string, we need to know how the
channel modifies the string. So if we have a model for the channel, we can pass every sentence
in the language through that model and compare it with the noisy string of words to find the

original string of words.

Let us intuitively review the architecture of a speech recognition system. We train the system
by giving it recorded speech data and its transcribed form (the original string of words). With
this data, we try to find a pattern for the noisy versions of all the basic sound units in the
language (if we are making a phone based system) or the noisy versions of all the words in the
language (if we are making a word based system). This is called the training phase and it
provides us with the Acoustic Model. To this information we add the language dependent

information i.e. the probability of words occurring in different contexts, in what is called the



Language Model. Together the language model and the acoustic model help us convert the input

acoustic signal to a string of words. This later process is called the decoding phase.
So, a speech recognition system asks the following question [1]:

Given some acoustic observation O, what is the most likely sentence out of all the sentences in the

language?

Where, 0 is a sequence of individual observations obtained by segmenting the input wave form

into representative chunks of particular durations:
0 = 04,0,,03, ..., 0¢ (1.1)
Let us define a sentence W as a string of words w:
W =wi,wy,ws, ..., Wy, (1.2)

The words defined here are based upon orthography, i.e. 4 (new) and g (nine) will be
considered as same while, €3 (boy) and 5 3 (boys) will be considered as different words. So the

probabilistic interpretation of our question becomes:

W' = argmax P(W|0) (1.3)
WeL

Where W’ is the required string of words (sentence) and L represents the set of all sentences in
the language. As there is no direct way of calculating this, we may simplify it by using the Bayes’

Rule, defined as:

P P .
P(xly) = —(yllja) ) (14
So applying it on Equation (1.3) we get:
P(O|W)P(W) (1.5)

W' = argmax
wer P(0)



The probability in the denominator is not a simple one to calculate. However, as we are only

interested in the maximum value we can remove it as the common denominator to give:

W' = argmax P(O|W)P(W) (1.6)
WeL

So, we are saying that the most probable sentence W given some observation sequence O can be
computed by taking the product of two probabilities: the P(W) or the prior probability comes
from the language model, while the P(O|W) or the observation likelihood is computed by the

acoustic model.

So the Automatic Speech Recognition System is composed of a trainer which trains the P(O/W)
and P(W) using a particular data set. The trained system can then be used to decode (recognize)

input speech 0, to give a string of words W as output. Figure 1 depicts this procedure.

Phone Set
SpeechFiles > P(O | IV)
_ Transcription of Speech . . .
(Word to Speech mappings) Trainer [ E':::’;f;i?ﬁj
Lexicon ‘ :
(Word to Phone Mappings)
O | 14
Speech > Decoder 5 Text
(Sequence of phones) (Sequence of words)
Language Model
(N-Grams)
P(W)

Figure 1 - The Automatic Speech Recognition System Architecture

In the remaining discussion we shall see how we can estimate these two probabilities.




1.2 The Acoustic Model

The acoustic model establishes a mapping between phonemes and their possible acoustic
manifestations, i.e. the phones. So given an observation i.e. a slice from a digitized speech
waveform, we have to designate the most closely matching phoneme. Looking at the high level
design, the acoustic model training process takes three main types of data as input. A set of
recorded speech files, a text file containing parallel transcription of these speech files and a
phonetic dictionary. The phonetic distionary maps all the words in the transcription file to their
constituent phonemes (these can be as finely grained as phones or as coarse grained as words).

The training process maps all the occurrences of phonemes onto the acoustic set of phones.

Let us assume there were only two phonemes in the corpus, /b/ (voiced, bilabial stop) and /k/
(unvoiced, velar stop) (as shown in Figure 2). Now by the very nature of speech and human
articulatory system, even a single phoneme cannot be uttered in exactly the same way twice
(spectrally). However, the acoustic properties of an utterance of /b/ will be more similar to
other utterances of /b/ than to those of /k/. In this way, we can make clusters of the acoustic
realizations for all the required phonemes. In the decode phase when a new observation is
presented to the trained system, it is matched with all the available clusters using the same
matching criteria as was used in training and designated to the one which it most closely

resembles. These criteria will be defined later.

|bz] = /b= |by]

N

bl [b:]

J

Figure 2 - Phone Clusters

This simple description of speech recognition systems needs more details. For example, phones,
the acoustic manifestations of phonemes, are not independent temporal entities in an utterance.

They are affected by the phones following and preceding them. Hence some weight must be



given to the acoustic context. Then there is the question “Are all phones as easy to cluster as our

example of [b] and [k]?” The answer is, “No”. There are many phones which closely resemble

others (e.g. [0] and [9]) and their clusters are not so trivial to classify. Hence, acoustic context,

possible phone combinations and history will play an important role in the recognition. Finally,
the acoustic properties do not remain constant even in a single phone, so for classification
phones are broken down to smaller units, mostly consisting of three stages, the beginning,

middle and end of phone.

Human speech is produced as air from the lungs rushes out through the larynx producing
vibrations in the vocal folds and/or noise in any regions of the oral or nasal cavity [2] (see

Figure 3). This sound is modified by the change in shape and size of the tracts as the oral and/or

nasal tract is completely or partially obstructed. A typical open vocalic sound like [d] is

characterized by vocal-fold vibrations producing a periodic waveform, which produces
stationary waves in the (open) oral tract. Some of the frequencies in the glottal waveform get
suppressed while others are reinforced in the oral tube. The reinforced portions exhibit a
periodic pattern and show peaks at roughly 500 Hz, 1500 Hz, 2500 Hz and so on in case of a
average adult (with a 17.5 cm long oral tube like an average American ([3], [4])). These
resonances are called formants which hold a key significance in characterizing vocalic sounds.
Nasal vocalic sounds are produced when the velo-pharyngeal port is open and the air partially
escapes through the nose, producing a dampening effect on the formants and they become
wider, shifted and lower in amplitude. Thus the oral and/or nasal tracts act as a filter which
modify the source waveform produced by the voice box (trachea). The consonants are produced
by partial or complete blockage of air flow in different portions of the oral or nasal tract. This
results in an explosive or noisy egress of air from the mouth or nose resulting in the

consonantal sounds.



Larynx

Lungs

Figure 3 - The Human Articulatory System [5]

The first step in speech recognition is to decide upon the phone representation. After recording,
the speech is available as a digitized time-varying waveform. We have to split this waveform,
obtained for the complete utterance, into segments. Then we need to represent each segment
using some technique which would help in the process of identifying it as a separate phone. In
other words we want to bring out those features which make any phone different from other

phones.

The splitting of the utterance into segments of around 10ms duration is accomplished using
windowing [1] (Figure 4 (part-2)). Using rectangular window introduces sharp discontinuities
at the edges. These discontinuities appear as impulses and introduce white noise in the
frequency response; therefore a more tapering window function is preferred, like a Hamming

window.

1, 0<n<L-1 (1.7) [6]

Rectangular:w[n] = {0 otherwise

2nn
H A _ {0.54 — 0.46 cos (—) 0O<n<L-1 (1.8) [6]
amming:wln] = L

0, otherwise
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After the signal has been split to achieve a sequence of windowed audio segments, the next step
is to bring it into frequency domain. This is accomplished using the Discrete Fourier Transform,
Figure 4 (part-3) or its more efficient version, the Fast Fourier Transform. The formula for the

DFT is shown below:

N-1
j2m (1'9)
X(k) = Y x[n]e” W "

This frequency domain signal can be used as a representative of the phones; however, the
problem is that many other kinds of information which is not required in speech recognition
are mixed together with the useful information in these signals. For example, the speaker-
related information (evident from the pitch and some higher formants), information about
intonation and stress etc. We are interested in separating out the useful information from the

rest of the signal.

As the glottal waveform is characterized by a -12db/decade tilt [2], which is compensated by
the radiation filter as sound leaves the mouth to a final -6db/decade tilt, we need to reinforce
this wave before doing any further processing otherwise the higher formants will not be
prominent. This is done using a pre-emphasis filter which tends to raise the higher frequencies,
producing a more level spectrum Figure 4 (part-1). The next step is to adjust the energy
distribution in different frequency bands to match the human perceptual response. The
sensitivity of the Human ear increases from 20 Hz to about 1000 Hz and then begins to fall
logarithmically [1]. The mapping is done to imitate that response by using the MEL (melody)
scale Figure 4 (part-4) frequency mapping as given below in equation 1.10:

f ) (1.10)

mel(f) = 11271In (1 +m

Next we need to separate the glottal information from the vocal/nasal tract response. Many
techniques can be used to accomplish this however, in speech recognition Cepstrum Analysis
([1], [6]) has been found to be of more use. The main idea of the Cepstum is to treat the

frequency domain speech signal as a simple time domain waveform. As can be seen in Figure 4
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(part-3) the spectrum of the speech wave form contains some rapidly changing components
which ride on slowly undulating peaks. The rapidly varying components are the harmonics of
the pitch or the fundamental frequency i.e. the source (in the terminology of the source-filter
theory [6]). The slowly varying components are the formants, i.e. the filter response. The
Cepstrum Analysis is a technique which suggests to treat this spectrum as just an ordinary
waveform and to separate out the high frequency and low frequency components that it
contains. The problem is that from source-filter theory we know that these source and filter
responses do not exist as a sum, which could have been easily filtered in frequency domain
using high pass and low pass filters, but as a product. Therefore, we need to use the logarithm to
convert the product into sum first. Next we take a DFT of the spectrum. Taking the DFT of a
spectrum should return us to Time-Domain, but the log prevents this to be a time domain
signal. Instead we are in an inverse frequency domain, or quefrency domain [6]. This plot is
called a Cepstrum. As can be clearly seen in Figure 4 (part-5), the source and the filter response
are now well separated. And can easily be separated by filtering (liftering in Cepstral
terminology). This gives us the log domain source and the log domain filter response. This can
be converted back into frequency or time domain by taking inverse DFT and antilog.

Mathematically the Cepstrum for a windowed frame of speech can be represented as:

N-1 N-1 ,
—]Z—nkn
c[n] = Z log Z X[n]e” N
n n=0

=0
We are generally more interested in the first 12 cepstral coefficients that give the formant

e N

> o, (1.11) [1]

information required for recognition. In addition we also want the information regarding signal
energy to discern between voiced and voiceless and vocalic versus consonantal phones. The
energy in a frame is the sum over time of the power of the samples in the frame, thus for a

signal x in a window from time sample t; to sample ¢, the energy is given as [6]:
t2 (1.12)
Energy = Z x2[¢]

t=t1
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These 13 parameters form the basic set representing a phone. However, more information is
required to capture the rising and falling trends of the formants as these are the characteristics
of the places of articulation. Therefore, 13 deltas representing the rate of change of the 13
values (the velocity) and another 13 valued vector representing the rate of the rate of change
(the double deltas, or the acceleration) are also stored. This gives us a 39 dimensional vector,
representing a spectral slice. The Cepstral features so extracted are called the Mel Frequency

Cepstral Coefficients (MFCCs). The summary of the MFCC features is as follows [1]:

e 12 cepstral coefficients

e 12 delta cepstral coefficients

e 12 double delta cepstral coefficients
e 1 energy coefficient

e 1 delta energy coefficient

e 1 double delta energy coefficient

The complete procedure from speech signal to MFCCs is shown in Figure 4.
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Figure 4 - Speech Signal to MFCCs [1], [6]

The acoustic model is implemented using Hidden Markov Models (HMMs) [1]. Although each
state of an HMM can be mapped onto a single phone but as we just discussed it would be
inappropriate as the spectral properties change drastically even within a single phone. A phone
has spectrally three major and relatively stable portions: the beginning, which is a transition
from the previous phone to the current one, the middle which depicts the actual properties of
the current phone and the end, which is a transition from the current to the next phone.
Therefore a phone is often modeled using five states of an HMM. The start and end are non-
emitting and three central states model the three phases of the phone. The HMMs used for
speech recognition fall into the category of Bakis Networks as in these there are no transitions
to the previous states or jumps to skip states. The only two allowed transitions are to the next

state or a self loop. The self loop allows modeling phones with varying lengths.
The complete HMM can be defined as:

e Asetofstates: Q=q1,qz - g

e A transition probability matrix: A = a1, Qo2... Oi... . Each o represents the
probability for each sub-phone of taking a self loop or going to the next sub-phone, such
that o +¢;=1 for all i

e Asetof observations: O = 04, 03...0,

14



e A set of observation likelihoods, also called emission probabilities: B = bj(o,). Each
expressing the probability of an observation o; being generated from state j

e A special start and end state: qo, gend, that are not associated with observations

The state transition probability from state i to state j &y and the emission probability at state j
bj(o.) are trained using some Expectation Maximization algorithm (e.g. Baum-Welch [1]). The «;
are trained using the information from the phonetic dictionary in which all the phonetic
constituents of words are given. The bj(0.), are modeled from the 39 dimensional MFCCs. The
MFCCs are used to calculate, 39 dimensional multivariate Gaussian Probability Density
Functions (PDFs). The PDFs are trained using Baum-Welch Algorithm. As it cannot be
guaranteed that the cepstral coefficients will produce normal distributions in all cases so the

PDFs are used to compute Gaussian Mixture Models (GMMs) [1].

Therefore the calculation of the value of b;(0.) in a simplified model for a single cepstral feature,
and assuming that each HMM state j has associated with it a mean p; and a variance 6%, can be

carried out as:

bj (o)) =

< (Ot_.uj)2> (1.13) [1]
exp| —————

207

2 J

2moj
In order to do the same with a D-dimensional feature vector (in our case D=39), given HMM

state j, using a diagonal covariance multivariate Gaussian we use:

o =] | "
d=1 /Znajz’d 2 ja

As discussed before that the assumption of normal distribution for all cepstral features is too

-1 o (_1 (00q — de)2]> (1.14) [1]

hard a constraint. Therefore, the observation likely hood is often not estimated using a single
multivariate Gaussian but a weighted mixture of multivariate Gaussians. The resulting model is
called a Gaussian Mixture Model, which is trained using Baum-Welch to determine the

observation likelihood b;(0,).
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One problem that may occur in the calculation of probabilities mentioned in this section is that
of numeric underflow. Many small probabilities multiply to produce even smaller numbers.
This problem can be solved by using log probabilities [1]. An additional benefit of working with
probabilities in the logarithmic domain is that of enhanced computational speed. Instead of
multiplying probabilities the log probabilities have to be added. And addition is a faster

operation then multiplication. Thus 1.14 can be representated in log domain as:

(1.15)

N =

lOgbj(Ot) = -

D (000 — )z
z [log(Zn) +a+ %
d=1 O-]d

1.3 The Language Model

The prior probability, P(W) is calculated using the Language Model. Generally trigram or even
4-gram based language models are used in modern speech recognition systems. For smaller
systems that have to be deployed on embedded devices like mobiles phones etc. a bigram or

even unigram model may be used to save space.

Briefly, an N-gram language model is constructed from a transcribed corpus by calculating the

following probability:

n (1.16)
Pewp) = | | Poviwi)
k=1

This is done for all word combinations present in the corpus. In order to keep this practical we
approximate this probability by limiting n (where, k=1..n) to include previous 1 (bigram),
2(trigram) or 3(4-gram) words. We can even use simple occurrence probabilities of single
words without considering the history, which is called a unigram model. For example, for a

bigram language model the following probability is calculated for all the words in the corpus:

n (1.17)
Pwp) ~ | [ POwilws)
k=1
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The simplest way to calculate these probabilities is by using the Maximum Likelihood
Estimation (MLE). This is done by using normalized (between 0 and 1) counts from the corpus.

For example in case of a bigram we can calculate the probabilities as below:

C(Wn_1wn) (1.18)

P(Wnlwn—l) = c(w _1)

Where C denotes the counts of the respective entities. For a complete N-gram based model the

general counting based probability can be given as:

_ Cwi=3 ., iwy) (1.19)
PO wichan) = S esti)
n—N+1

1.4 Smoothing

One major problem with MLE is of Sparse Data. That is, in case of sparse N-Grams there are
many N-Grams which do not occur in the corpus, hence producing 0 entries, which reduce the
overall relative frequency to zero. Thus we use smoothing techniques to give these entries a
small value instead of making them zero. There are many such techniques used, some of which

are mentioned below:

1.4.1 Laplace Smoothing

This is also called the add-one smoothing as the constant 1 is added to all the N-gram counts in
the corpus before these are converted into probabilities. This method generally does not
perform very well as often too much probability mass is moved to the N-grams with zero

counts. The adjusted counts,c; for add-1 smoothing are defined as:

(1.20) [1]

Ci*=(Ci+1)N+V

Where N is the total number of word tokens and V is the vocabulary size (i.e. the total number

of word types).

17



1.4.2 Good-Turing Discounting

Good-Turing Smoothing is based upon the idea that the probability mass to be assigned to N-
grams with zero counts is estimated from the number of N-grams with higher counts. So the
smoothed out count c* of N-Grams with count ¢, will be estimated from the number of N-Grams

with count c+1 (Nc+1) as below [1]:

. (c+ DNy, (1.21)
c = NC

where Ncis the number of N-Grams with count c. The weight assigned to the lower count N-
Grams must then be discounted from higher count N-Grams using the same formula. Hence we
calculate Ny, Ni; N; from N; and so on. In practice however, we only discount for c up to a certain

k [4]. k is suggested to be 5 in [7]. So the corrected formula is [1]:

(c+DNeyq  clk +1)Nyyy (1.22)
ct = NC Nl
1- (k+ 1)Nyyq
Ny

1.4.3 Witten-Bell Discounting

In Witten-Bell discounting the probability of unseen things (i.e. the N-grams with zero counts)
is estimated from the probability of things seen at least once (i.e. the N-grams with non-zero
counts). If Tis the types that we have already seen and V is the vocabulary size (the number of

types that we will ever see), then the adjusted counts are given as:

T N o (1.23) [1]
. Z<N+T>'lfci_0
¢ = N

Ci(N—-l-T'lf ¢; >0)

Where Z is the total number of N-grams with zero count.
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1.4.4 Deleted Interpolation

Here the probability of the N-Grams with zero counts is estimated from the interpolated sum of
the probabilities of the (N-k)-grams where (k = 1, 2, .., N-1). By using a weight A the adjusted

probability of a trigram can be given as:
P (W wp_own_1) = 4 P(Wp|wy_own_q) + ,P(Wy|wp_y) + 3P (wy)  (1.24) [1]

Such that: }}; 4; = 1.

The values of A can be trained using some EM algorithm or simply fixed to give more weight to
higher N-grams as compared to lower ones. This however, depends on the importance that we

wish to give to context versus simple occurrence of words (tokens) in the corpus.

1.5 The Training Phase

The ¢ and bj(o,) matrices of the HMM are trained in the training phase of the ASR system.

There are two main method of training available: Hand Segmentation and Embedded Training.

1.5.1 Hand Phone Segmentation

This is a relatively simple method (from the ASR system’s point of view). The speech files are
hand transcribed and also completely labeled regarding the starting and ending time of each
words and phone in the utterances. Once such detailed information is available, the training of
the ¢; and bj(o,) matrices is just a matter of counting the occurrences of phones in the training
data. The ¢jvalues are word specific while bj(o;) are shared across multiple words which share

common phones.

The problem with hand tagging of data is that it is an inaccurate and extremely lengthy
procedure. It may take 400 hours to label 1 hour of speech recording [1]. The second reason i.e.
loss of accuracy, means that humans are generally not good at doing phonetic transcription for
units smaller than phones and also not very accurate at detecting phone boundaries. For these
reasons it is often preferred to use the second method i.e. Embedded Training. The Hand

Segmentation is often used for initial boot strapping of a system.
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1.5.2 Embedded Training

In this method each phone HMM is trained while embedded in the entire sentence and the
phone segmentation and alignment is done as part of the training. For this procedure the
speech corpus is divided in small utterances. Then a transcription file, containing word
transcriptions of these utterances in correct order, is constructed. A pronunciation lexicon
establishes the mapping between words and phones and a phoneset contains all the possible
(untrained) phones. The sentence HMM is built from this as shown in Figure 5, by using the

Baum Welch as below:

i.  Asentence HMM is built for each sentence, as shown in Figure 5.
ii.  The g;probabilities are initialized to 0.5 (for loop back and next state transition) and all
other transition probabilities are set to 0.
iii. =~ The bj(oy) probabilities are initialized by setting the mean and variance for each
Gaussian to the global mean and variance for the entire training set. Steps ii and iii are
termed as a flat initialize.

iv.  Multiple iteration of Baum-Welch is run to train the system.
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Figure 5 - Embedded Training [1]

The Baum-Welch repeatedly computes &(t), the probability of being in state i at time ¢, by using

forward-backward [1] to sum over all possible paths that were in state i emitting symbol o; at

time t. This allows the accumulation of counts for re-estimating the emission probability b;(o)

from all the paths that pass through state j at time .

1.6 The Decode Phase

Viterbi algorithm is used in the decoding phase [1]. In order to create a balance between the

weights of likelihood and prior in Equation 1.6, we add a language weight, LW:

W' = argmax P(O|W)P(W)IW (1.25)
weL
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The language weight is also referred to as the Language Model Scaling Factor (LMSF). It value is
generally kept between 6 and 13, and an increase in LW causes a decrease in the value of LM

probability (as it is between 0 and 1). So the goal of the Viterbi is to maximize equation 1.15.

The Viterbi is a dynamic programming algorithm. Given that it has already computed the
probability of being in every state at time ¢-1, it computes the Viterbi probability by taking the
most probable of the extensions of the paths that lead to the current cell. For a given state g, at

time ¢, the value of v,(j) is computed as:
ve(j) = nax ve_q(Da;jbj(0r) (1.26)

Where,

v¢_1(1): The previous Viterbi path probability from the previous time step

a;j: The transition probability from previous state g; to current state g;

b;o;: The state observation likelihood of the observation symbol o: given the current state j

Where, the goal of the Viterbi is to find the best state sequence q = (q1, q2, .., gr) given the set of
observations o = (01, 02...07). It also needs to find the probability of this sequence, to do which
the Viterbi takes MAX over the previous path probabilities. However, this tends to be slow for
modern speech research. Therefore, for large vocabulary recognition we do not consider all
possible words when the algorithm is extending paths from one column to the next. Instead the
low priority paths are pruned at each step and are not extended to the next step. This pruning is
usually implemented by using beam search in which at each time step ¢, the probability of the
best (most probable) state/path D is computed. Then all the states worse than some threshold &
(beam width) from D are pruned. It is implemented with an active list of states that is kept for

each step. Only transitions from these states are extended when moving to the next step.

1.7 Evaluation

The standard evaluation metric for ASR systems is the Word Error Rate (WER). The word error
rate is calculated by comparing the output word string produced by the ASR system (called

hypothesis) with the correct string expected from it (called the reference). The comparison is
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done by calculating the Minimum Edit Distance between the hypothesis and the reference. The
minimum edit distance calculates the minimum substitutions, word insertions and word
deletions required to map the hypothesis onto the reference. This minimum edit distance is

then converted into WER as follows:

Insertions X Deletions X Substitutions (1.27) [1]
Total words in the Reference String

Word Error Rate =

As the expression contains substitutions therefore the WER can exceed 100%.
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Chapter 2
The Sphinx Speech Recognition System

This section briefly explains the architecture of the Sphinx Speech recognition system. The

information has been extracted from the documentation available online and primarily from

sources [8], [9], [10], [11], [12] and [13]. The Sphinx speech recognition system is an open

source, high performance speech recognition system developed by the CMU Sphinx project that

can be used in building speech recognition applications. It also includes related resources such

as acoustic model trainer, language model trainer. Hence Sphinx is available as a complete

speech recognition system trainer and decoder.

2.1 Available Versions

Several projects of sphinx are available. A brief description is given below:

Sphinx-2 is a high speed large vocabulary speech recognizer. It is usually used in
dialogue systems and pronunciation learning systems. Sphinx-2 is the predecessor of
PocketSphinx. It is not being actively developed at this time, but is still widely used in
interactive applications. It uses Hidden Markov Models (HMM) with semi-continuous
output probability density functions (PDF). Even though it is not as accurate as Sphinx-3
or Sphinx-4, it runs in real time, and therefore it is a good choice for live applications
Sphinx-3 is a slightly slower but more accurate Large Vocabulary Speech Recognition
System. It is usually used as a server implementation of Sphinx for evaluation. It uses
HMMs with continuous output PDFs. It supports several modes of operation. The more
accurate mode, known as the "flat decoder”, is descended from the original Sphinx-3
release. The faster mode, known as the "tree decoder”, was developed separately. The
two decoders were merged in Sphinx-3.5, though the flat decoder was not fully
functional until Sphinx-3.7

Sphinx-4 is a completely rewritten version of Sphinx decoder in Java. It provides high
accuracy and speed performance comparable to the state of the art. It uses HMMs with

continuous output PDFs. Sphinx-4 uses models trained by Sphinx-3 trainer
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e PocketSphinx is a speech recognizer which can be used in embedded devices. It is
highly optimized for CPUs such as ARMs. PocketSphinx is CMU's fastest speech
recognition system. It uses HMMs with semi-continuous output PDFs. Even though it is
not as accurate as Sphinx-3 or Sphinx-4, it runs at real time, and therefore it is a good
choice for live applications

e SphinxTrain is a suite of tools which carry out acoustic model training. SphinxTrain is
CMU Sphinx's training package. It trains models in Sphinx-3 format, which is also used
by PocketSphinx. The Sphinx-3 format can also be converted to Sphinx-2 format under
some conditions related to Sphinx-2's limitations

e (CMU-Cambridge Language Modeling Toolkit is a suite of tools which carry out
language model training

e SphinxBase provides a common set of library used by several projects in CMU Sphinx.

According to the tests performed at CMU which compare Sphinx4 with Sphinx3 (flat decoder)
and to Sphinx3.3 (fast decoder) in several different tasks, ranging from digits recognition to
medium-large vocabulary, Sphinx3 (flat decoder) is often the most accurate, but Sphinx4 is

faster and more accurate than Sphinx3 in some of these tests [8].

The decision about which version to use depends on the type of application being developed. A

few considerations are:

Programming Languages

Sphinx-2 and Sphinx-3 are in C and Sphinx-4 is in Java. So these are all quite portable.
Accuracy and Speed

Very extensive benchmarking of different Sphinx versions is not available; however, the
following rough estimates are present [8]. According to these measurements, the accuracy

numbers can be summarized as:
Sphinx-4 = Sphinx-3 > Sphinx-2 [12]
And in terms of processing time the comparison is as follows:

Sphinx-4 = Sphinx-3 = Sphinx-2 [12]
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That means Sphinx-2 is still the fastest recognizer in the sphinx inventory. However its accuracy
is also the lowest. Sphinx-3 is the best C-based recognizer which can be configured as both fast

and accurate. Sphinx-4 is possibly the most all round recognizer and it can actually be very fast.
Interfaces

Sphinx-4 provides the best interface among all. It can be configured by using a configuration file
and command-line. This advantage can make web development tasks much easier. Usage of
Sphinx-2 and Sphinx-3 requires much more skill in scripting and in general understanding of

the program. At the current stage, they are still regarded as systems for expert users.
Platforms

Sphinx-2, Sphinx-3 and Sphinx-4 are all platform-independent. However, the use of Java
language in Sphinx-4 may allow higher degree of platform independence. It is also of common
interest that whether any version of the decoders could be used in an embedded platform.
Sphinx-2 is perhaps the best recognizer for embedded platforms due to its smaller size and

lesser processing time.
Research

Sphinx-2, 3 and 4 all have a clean design and they all support continuous HMMs which is
currently a de-facto standard of HMM. In the case of individual research, for acoustic modeling
and fast GMM computation, Sphinx-3 is generally considered a better research platform for
speech recognition. By itself, it supports Semicontinuous HMM (SCHMM), continuous HMM
(CHMM) and Sub-vector quantized HMM. They represent three different kinds of modeling

techniques for speech recognitions.

2.2 Sphinx-3

Sphinx-3 is the successor to the Sphinx-II speech recognition system from Carnegie Mellon
University. It includes both an acoustic trainer and various decoders, ie., text recognition,
phoneme recognition, N-best list generation, etc. The following is a brief summary of its main

features and limitations:

e  Works with discrete, semi-continuous, or continuous acoustic models
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e Works with 3 or 5-state left-to-right HMM topologies
e Bigram or trigram language model

e Batch-mode or live operation from pre-recorded speech

This distribution has been prepared for UNIX platforms and can be ported to MS Windows as

MS Visual C++ 6.0 workspace and project files have been provided.

2.2.1 Sphinx-3 Trainer

The Sphinx trainer trains the HMM Acoustic models for the recognizer. Figure 6 explains the
working of the front end trainer system which converts audio files in Mel Frequency Cepstral

Coefficients.

Speech Waveform (1ehits Little Processing Pararmeters (providedin
Endean) the features and configuration files)

y '

Pre-Emphasis Filter

¥

| Framing |

b

| VWindowing |

b

| Fower Spectrum |

b

| hel Spectrum |

'

| hel Cepstrum |

)

| 32-hit FP. el Freguency Cepstral Coefficents ‘

Figure 6 - Trainer Front-end [10]
Front End Parameters
A brief description of the front end parameters is given below:
e Sampling rate: The sampling frequency of the input speech signal

e Frame rate: The speed of how fast a window is moving. It is terms of number of

samples
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Window length: The size of moving window in terms of number of samples.

Hamming window is used

Number of Cepstral Coefficients: The number of coefficient including the energy

coefficient in the feature vector
Number of filters: The number of filters that would be used in the filter banks
The size of FFT: The number of points of FFT used

The lower filter frequency: It is actually the lower frequency of the lowest filter in

the filter bank

The upper filter frequency: It is actually the upper frequency of the highest filter in
the filter bank

The pre-emphasis coefficient: The value of the pre-emphasis coefficient in the pre-

emphasis filter

The MFCCs are then used to train the HMM Acoustic models by using embedded training

approach and the Baum-Welch algorithm.

2.2.2 The Language Model Tool

The CMU statistical modeling toolkit can be used to generate the language models. It takes a text

corpus as input and produces Trigram or Bigram Language Models in binary or ARPA format.

These can be converted into binary dump file format by using the Im2dmp utility also

(separately) made available with the Sphinx. The language model can be generated using any

one of four smoothing strategies:

Good Turing discounting
Witten Bell discounting
Absolute discounting

Linear discounting

The SLM toolkit architecture is shown in Figure 7.

28



wiregqidvocab

L

Language
Iodel

Perplexity

Figure 7 - SLM tool kit architecture [14]

2.2.3 Sphinx-3 Decoder

The Sphinx-3 decoder is based on the conventional Viterbi search algorithm and beam search
heuristics. It uses a lexical-tree search structure. It takes its input from pre-recorded speech in

raw PCM format and writes its recognition results to output files.
Inputs

The decoder requires the following inputs:

1. Lexical model

The lexical or pronunciation model contains pronunciations for all the words of interest to the

decoder. Sphinx-3 uses phonetic units to build word pronunciations.
2. Acoustic model

Sphinx uses acoustic models based on statistical hidden Markov models (HMMs). The acoustic
model is trained from acoustic training data using the Sphinx-3 trainer. The trainer is capable of
building acoustic models with a wide range of structures, such as discrete, semi-continuous, or

continuous HMMs.
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3. Language model (LM)
Sphinx-3 uses a conventional back off bigram or trigram language model.
4. Speech input specification

Sphinx3_decode uses a control file for batch mode processing. The entire input to be processed
must be available beforehand, ie., the audio samples must have been preprocessed into

Cepstrum files.
Outputs

The decoder produces a Recognition hypothesis: A single best recognition result (or hypothesis)
for each utterance processed. It is a linear word sequence, with additional attributes such as
their time segmentation and scores. In addition, the decoder also produces a detailed log that

can be useful in debugging, gathering statistics, etc.

Figure 8 depicts the detailed decoder operation. A complete description of all the files and file

formats used by the decoder is given in section 5.4 and Appendix G.
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Figure 8 - Sphinx-3 Decoder [10]
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Chapter 3

Urdu Acoustics and Letter to Sound Rules

Urdu, the national language of Pakistan, is spoken by more than a 100 million people around
the globe [15]. Phonetically, it is a rich language with a large inventory of 44 consonants, 7 long
oral vowels, 7 long nasal vowels, 3 short vowels and numerous diphthongs [16]. Let us briefly

review the phonetic inventory of Urdu.

3.1 Vowels

Urdu has a rich variety of vocalic sounds. As shown in Figure 9 the Urdu vocalic sounds are
distinguished on the basis of all the criteria of quality, duration and nasalization. Other than the
the 7 long oral vowels, € also occurs in Urdu, but only as a phone, not as a phoneme. Moreover, 3

also occurs as a phone and not as a phoneme. Except for this, all the other long vowels have
nasal versions. The three short vowels in Urdu do not possess nasalized counterparts. The three

higher back vowels also are characterized by lip rounding.

Front Central Back

_ i/i u/i
Close-mid U o/o
Open mid 2/3
Open w/ @ 0 aa

Figure 9 - Urdu Vowels [17]

3.2 Consonants

The 44 consonants of Urdu are shown in Figure 10. Once again we see a large variety of acoustic
features with several examples of all the four voicing mechanisms of voiced, unvoiced, and

voiceless and voiced aspirated sounds. Nasal consonants e.g. /m/, /n/ add to already diverse
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nasal sounds of Urdu, which mark a clear distinction between languages like English which

possess relatively lesser number of nasal sounds.

Bilabial Ldental Dental Alveolar | Retroflex Palatal Velar Uwular | Phar | Laryn
Voicing - + -+ - + - + - + N + R +
Plosive opt | bbt i | ddt | ef | ddt kK | ag*| a ?
Nasal m n 1
Trill r
Flap T
Fricative fl| v 5 z J 3 X L h
Lateral 1
Approximant i
Affricates o " | & &°

Figure 10 - Urdu Consonants [17]

Since we will be requiring phonetic transcription of Urdu words therefore, it is must that we
briefly visit the letter to sound rules of Urdu. For a detailed discussion on the subject the reader

may refer to [17].

3.3 Letter to Sound Rules for Urdu

[t is written in Arabic script in Nastalique style using an extended Arabic character set [18]. The
character set includes basic and secondary letters, aerab (or diacritical marks), punctuation
marks and special symbols [19]. However, everyday-Urdu is written only using the letters,
which primarily represent just the consonantal content, and the use of diacritics, which mostly
represent the vowels in Urdu, is optional. Though this does not cause any difficulty for the
native speaker, the absence of vowel marks makes the job of letter to sound mapping more
difficult computationally [17]. As a result, Urdu corpora obtained from sources like newspapers
etc. are generally phonetically transcribed using lexical lookup, though manual review is

necessary for cases where multiple pronunciation are possible for same written form.
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Figure 11 - Urdu Letters and Aerab [17]

The Urdu letters and aerab are shown in the Figure 11. These letters can be divided into the

following categories on the basis of the different types of grapheme to phoneme mapping rules:
1. Consonantal characters

The characters shown in the Figure 12 always map to consonantal phonemes in Urdu. The
mapping between grapheme to phoneme for these characters is many-to-one is some cases
while one-to-one in others. However, it is not one-to-many in any case. Simple context
independent mapping rules can be used to convert these graphemes to phonemes in any Urdu

character string.

r\'
-

tf| ds| s | t| t| p| b

3 = >
- - (- (-
r r z q d X h

1 . & & .
b t_«'o t_«'o \.rw l_v.‘“J /. )

t s| J| s| 3| z
S S| a] o & s] b

© C| C
g k q f ¥ 7 z

a3
-
e

Figure 12 - Letter to sound mappings of Urdu Consonants [17]
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2. Characters which show dual (consonantal and vocalic) behavior

There are three characters in Urdu which depict the dual behavior of vocalic or a consonant

depending on the context of occurrence. These characters are Alef (1), Vao (3) and Yay («— or

). Vao changes to the voiced labiodentals /v/ and Yay changes to the approximant /j/ when
these occur at the onset or coda of a syllable. While at nucleus positions they make long vowels.
3. Vowel modifiers

There is only one such example in Urdu and that is the letter Noon Ghunna () which does not

add any new sound but only nasalizes the previous vowel. If it occurs after a type 2 character,

then it converts into nasal long vowel.

4. Consonantal modifiers

The Do-Chashmey Hay () acts as a consonantal modifier as it combines with stops, nasal stops
approximants and affricates to form aspirated consonants.

5. Composite (consonantal and vocalic) characters

This category also has a single example, the Alef Madda (T) which is just an alternative

transcription for double Alef. It thus represents an Alef in consonantal and second in vocalic

position.

Similarly the aerab can be divided into the following types:

6. Basic vowel specifier

There are short vowel aerabs used in Urdu called Zabar (::), Zer (:) and Pesh (). These
combine with other characters to form vowels according to the following rules:

a. They make short vowels when they occur with type 1 and type 2 consonants and are
not followed by type 2 letters
b. They generate long vowels when they occur with type 1 and type 2 consonants

followed and combined by type 2 characters
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c. They make long nasalized vowels when they combine with type 1 and type 2
consonants followed by type 2 characters followed by type 3 character i.e. Noon
Ghunna

7. Extended vowel specifier

The single diacritic Khari Zabar () is an extended vowel specifier, which represents an Alef.
When it occurs on top of Vao or Yay, it converts the sound to Alef (/a/).

8. Consonantal gemination specifier

The Tashdeed or Shad (::) geminates consonantal characters except for Alef. As a result of the
doubling the consonant acts as the coda of the previous syllable and the onset of the next one.

9. Dual (vocalic and consonantal) inserter

The Do-Zabar () only occurs on Alef in vocalic position and converts the long vowel /a/ to the
short Schwa followed by consonant /n/.

10. Vowel-aerab placeholder

This category includes Alef (1), which is a letter and Hamza () which is a diacritic. Alef occurs in

this role at word initial positions while Hamza otherwise. At word initial positions Alef acts as a
place holder for short vowel if no other consonant is there to act as one and the words starts
with the short vowel. In words medial positions this role is taken up by Hamza in case of onset-

less vowels.

Further if the preceding syllable ends on a vowel and next start with one then Hamza may be
introduced between the two vowels. Lastly, if the preceding vowel is closed by a coda

consonant, then Hamza may be used with Alef.
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Chapter 4

Literature Review

A lot of work has been done on the development of Automatic Speech Recognition systems for
many languages of the world. The work ranges from the activities involved in the development
and enhancement of speech corpora to the development and improvements in the speech
recognition systems. The main area on which I focused my study was the development of
speech corpus, especially the ones for Asian languages, as | need to develop such a corpus for
Urdu before being able to develop a speech recognition system. Secondly, as this work focuses
on the development of an ASR system for continuous and spontaneous speech I have tried to
include research work focusing on these areas in my study. Following is a brief review of the

work done on Speech corpora development and Automatic Speech Recognition systems.
4.1 Corpus Construction

4.1.1 Speech Corpus for Amharic Large Vocabulary Continuous Speech

Recognition System

Abate et al. [20] developed a Speech corpus for Amharic, the official language of Ethiopia, for
training a large vocabulary continuous speech recognition system. Amharic speech contains 38
different phones with 31 consonantal and 7 vocalic sounds and at least 234 distinct CV
(consonant-vowel) syllables. They used archives of a website where newspaper and magazine
articles are published to build the corpus, which was cleaned semi-automatically. It consists of
read speech only. The corpus has been phonetically enriched based on syllables. The syllable
based phonetically rich corpus was collected using computational methods from a large corpus
of around 100,000 sentences. It has been balanced by adding on the required phonetically rich
content. The process of the phonetically rich corpus construction was divided into two steps. In
the first step sentences with the highest phonetic richness were selected. Of these sentences,
only the ones which preserve the syllabic phonetic balance above a certain threshold were kept.
The syllable found to be missing in the final corpus, due to rare occurrence, were added by

collecting the rare words required. These words were then converted into sentences according
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to the grammatical rules of Amharic. The corpus was divided into data for training, testing and
speaker adaptation. The speech was recorded in office level background noise. The speech
corpus contains 20 hours of training speech collected from 100 speakers who read a total of
10850 sentences. The sentences were split semi-automatically. The speakers represented all
the five different dialects of Amharic. The total number of words present in the training speech
amounted to 28666 that covered all 233 Amharic syllables. The corpus was annotated manually

and split at word and syllable level.

4.1.2 Speech Corpus for Turkish Text To Speech System

Bozkurt et al. [21] designed a speech corpus for Turkish Text to Speech system based on read
speech, and have used a Greedy algorithm for text selection. They have used diphones to
simplify concatenation issues. The greedy algorithm used assigns costs to sentences according
to the number of out-of-cover units (diphones) and in-cover units in the sentence. In each
iteration the algorithm picks the sentence with maximum cost, i.e. which adds the maximum
number of out-of-cover elements to the already made pool of sentences. It removes the
sentence from the universal sentence pool and updates the target and universal sentence pools
accordingly. They modified the algorithm for maximum variability of units, by using weighted
sums instead of binary costs in the greedy decision making. They also used it to construct a
Turkish speech corpus for TTS. The main tasks involved in the process of collecting the text for

the corpus development included:

e Collection of Turkish text from the internet producing a total of 115000 sentences

e Preprocessing and rejection of sentences including some unexpected phoneme
sequences primarily due to foreign words and mistyping

e Multiple iterations of the greedy algorithm and manual cleaning of the selected text
which finally selected 2500 sentences

¢ Finally special sentences for including uncovered diphones were manually designed
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4.1.3 Speech Corpus for Hindi Large Vocabulary Continuous Speech

Recognition System

Chourasia et al. [22] have developed a speech corpus for Hindi to be used in the construction of
a large vocabulary, continuous speech, multi-speaker recognition system which can also be
used for recognizing fluent speech. They have chosen phonetically rich sentences from a Hindi
corpus which was collected from various sources like hand typed articles, periodical, magazines
etc. and text data available online. The data is automatically transcribed phonetically using
grapheme to phoneme rules. The sentences chosen from the corpus must conform to certain

requirements as mentioned below:

e The sentences should be short (with a minimum of 4 and maximum of 10 words)
e They are manually inspected to ascertain that they do not sound artificial
e They are meaningful

e They do not contain any offensive or sensitive words

The phonetic richness in the sentences is made context sensitive by making triphones as the
unit of selection. Special attention has been paid to make sure that the rare phones and
triphonemes are also sufficiently represented in the corpus. 350,000 sentences were chosen
from the corpus and from these the phonetically rich sentences were chosen by using a
program called “corpusCrt”. 50,000 phonetically rich sentences were finally selected and

divided into 5000 sets of 10 sentences each.

4.1.4 Cell Phone based American English Speech Corpus Construction

Heeman et al. [23] have presented the complete details of the task of the collection of cell phone
based speech for the American English corpus SALA-II. The main goal of the corpus
construction is to train speech recognition systems. The target community is the population of
North, Central and South America and the focused speech transmission medium is the speech
over cell phones. The speech had to be recorded from 4000 different speaker in different
environmental conditions including cars, trains, buses, public places, busy streets, over speaker

phones in cars and also while using car phone kits also in quiet offices. All nine accent regions
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and both the genders had to be covered. The conversations included 44 different read items

including:

e City names, company names people’s names

e Credit card numbers, dollar amounts, numbers, phone numbers
e Typical application words (e.g., stop, play)

e Time phrases, date phrases

e 9 different phonetically rich sentences

e 4 phonetically rich words. In order
Also included were several spontaneous item including:

e Speakers their first name
e The city they grew up in
e The current time and date

e Several yes/no questions

The phonetically rich sentences of English were collected from the Harvard corpus, the Timit
corpus, and children’s stories and constructed some sentences to enhance the phonetic
richness. A total of 4412 such sentences were collected. After recording from 3200 speakers the
phonetic richness of the recorded sentences was examined and the phones which lacked
richness were included in the remaining 800 prompt sheets. SpeechView, a tool included in the
CSLU toolkit, was used for the transcription of the speech data. They have reported speaker

recruitment to be the most challenging part of the whole project.

4.1.5 Phrase Based Phonetically Rich and Balanced Corpus for Mexican

Spanish Language

Villasefior-Pineda et al. [24] present an automated method of building a phrase based
phonetically rich and balanced corpus from the web, for Mexican Spanish Language. The
hypothesis that they have tested is that the phonetic distribution of a corpus collected from the
web will match that of the language. Or in other words the Web, due to its huge size, is already a

phonetically rich and balanced source, and thus, taking a subset of it is enough to assemble a
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phonetically rich and balanced corpus. A smaller set of phrases is obtained on the basis of
sentence perplexity measure in accordance with a language model. Lower perplexity sentences
are kept as their phonetic distribution matches that of the language model. A comparison of the
phonetic richness of the auto-selected web based corpus with that of the Spanish language
showed that the hypothesis of the phonetic balance of the web based content was correct. The
final corpus contained 864,166 words, and 20893 lexical forms spanning over a set of 6082

phrases.

4.1.6 Speech Corpus for Greek Dictation System

Digalakis et al. [25] have developed a dictation system for Greek. The recordings for the speech
corpus were conducted on 55 male and 70 female speakers in three different environments: a
sound proof room, a quite environment and an office environment. The speakers completed
291 sessions. Each session in the sound proof environment consisted of 180 utterances, each
quiet session of 150 utterances and each office session of 150 utterances. 30 of the 180
utterances of the sound proof session were specially selected in order to contain rich phonetic
coverage. Therefore the total number of utterances that were collected was 46,020. After
cleaning the total collected speech amounted to 72 hours. 30 sessions were then recorded with
spontaneous speech. For transcription the corpus was split in two sets. One set of 23,136
utterances was transcribed by the speech recognition group of the Technical University of Crete
and the other set of 10,000 utterances transcribed by the Institute of Language and Speech
Processing in Athens. The transcriptions were done for the speech and many types of non-
speech events like mispronunciation, noise etc. The SRI’s DECIPHER speech recognition system
was used for the ASR. The gender independent model gave a Word Error Rate of 21.01%. the
independent model for male speech gave 19.27% WER, while that for female speech gave
20.85% WER.

4.1.7 Speech Corpus for Automatic Transcription System for Spontaneous
Dutch Speech

Binnenpoorte et al. [26] have developed a method for automatic transcription of Dutch

spontaneous speech. A corpus of telephone conversations was used for the transcription tests.
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All available transcribed data was gathered to act as the reference model. The continuous
speech recognizer (CSR) was trained with nearly 24.5 hours of speech data containing 304502
words with around 14113 unique words. The test data consisted of 13 minutes of speech with
2850 words and 826 unique words. Using the CSR and a bigram language model the test data
was transcribed. To test this automatically generated transcription the test data was manually
transcribed by two phonetically trained and experienced listeners. They transcribed from
scratch and were required to reach a consensus on each symbol in the transcription. They used
the same symbol set as was used for the automatically generated transcription. This gave the
reference transcription. An alignment of the auto-generated and reference transcription

revealed 21.73% of phone error rate.

4.1.8 Microphone and Telephone based Russian Speech Corpus

TeCoRus speech corpus was collected by Ronzhin at al. [27] to with the goal of facilitating
Russian speech research especially in the field of telecommunication. The speech corpus is
designed to train context-dependent phone models. The speech has been recorded over two
different channels: narrowband telephone channel (4 kHz, Moscow fixed telephone network)
and broadband microphone channel (11 kHz computer Koss SB35 microphone). TeCoRus
mainly consists of two parts. The phonetic part provides phonetically rich speech material to
build the boot set of context-dependent phone models. This part contains 3050 utterances read
by 6 speakers. The second part of the corpus is a collection of the short answers extracted from
interviews and also includes both read and spoken material in the form of controlled answers
and spontaneous speech on the predefined topic. It mostly consists of one-word positive and
negative answers, digits (isolated and digit strings), numbers, names of months and weekdays,
Russian first names, Spelling of Russian alphabet, time and date, few phonetically rich sentences

and short stories. The second part was recorded from 100 speakers.

4.1.9 Minimal Corpus for Tamil, Telugu and Marathi Landline and Cellular

Phone Based Continuous Speech Recognition

Anumanchipalli et al. [28] have used Sphinx-2 system for Tamil, Telugu and Marathi landline

and cellular phone based continuous (read) speech recognition. Their system is speaker
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independent and is trained with the speech of around 560 speakers for the three languages.
They started their work by developing a minimal text corpus that should cover all the phonetic
variation that is present in these languages. The corpus consisted of phonetically rich sentences
and the goal in its development was that it should also represent the syntactic structures of the
target languages. The primary source for the corpora was newspapers and websites. Following

(Table 1) is a summary of the corpora that they collected:

Language No. of Sentences No. of Unique Words No. of words
Marathi 155541 184293 1557667
Tamil 303537 202212 3178851
Telugu 444292 419685 5521970

Table 1 - Summary of Corpora [28]

Grapheme-to-phoneme converters were used for the phonetic transcription of the corpora.
Phonetically rich speech corpora for these languages were constructed using an “Optimal Text
Selection (OTS) algorithm” that selects the sentences which are phonetically rich. They have
utilized the greedy set cover algorithm for this task, which basis its selection on diphone based
richness. The sentences are chosen to satisfy a certain threshold of diphone richness. The
sentences were spoken by native speakers and 560 speakers were recruited to perform the
task. The recordings were done on landline and cell phone channels. The models were trained
and ASR systems for the target languages were developed. The following table (Table 2) lists

the word error rates for the different systems trained:

ASR System WER (%) Vocabulary
Marathi Landline 20.7 21640
Marathi Mobile 23.6 18912
Tamil Landline 19.4 13883
Tamil Mobile 17.6 16187
Telugu Landline 15.1 25626
Telugu Mobile 18.3 16419

Table 2 - Result Statistics [28]
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4.1.10 Annotated Corpus for Spontaneous Chinese Language

Li et al. [29] have developed an annotated corpus for spontaneous Chinese language and
language effects. The Chinese Annotated Spontaneous Speech (CASS) corpus contains
phonetically transcribed spontaneous speech. The goal of the corpus development was to
capture the phonetic variations in Mandarin spontaneous speech due to pronunciation effects,
including allophonic changes, phoneme reduction, phoneme deletion and insertion, as well as
duration changes. The purpose is to develop an automatic speech recognition system for
Mandarin casual speech. The recordings in the corpus are from sources like university lectures,
student colloquia, and other public meetings. The environments for recordings included
classrooms, amphitheatres, or school studios, resulting in a lot of background noise of different
types. Initial around 6 hours of recordings were made. The speech was transcribed at words,
syllable and semi-syllable level with detailed annotation of pronunciation variants. The detailed
annotation of one hour of raw speech took around 380 hours of effort by a single transcriber.
The speech was annotated in three tiers: the syllable tier, semi-syllable tier and miscellaneous

tier. The CASS corpus is still under active development.

4.1.11 Isolated Word Phonetically Rich Corpus for Lithuanian Speech

Recognition System

Raskinis et al. [30] have based the speech recognition system for Lithuanian on an isolated
word phonetically rich corpus. HTK toolkit has been used for training the triphone based single
Gaussian HMM speech recognition system based on Mel Frequency Cepstral Coefficients
(MFCC). The best word error rate achieved was around 20% for speaker independent
recognition of around 750 distinct isolated words. The training data included broadband
recordings of 4 speakers (2 males and 2 females) of Lithuanian. Each recording consisted of 275
utterances that contained 2 to5 phonetically rich words. This gave a corpus containing 60.6

minutes of speech. Speaker adaptation and language modeling techniques were not used.
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4.1.12 Comparison of Biphone and Triphone Rich Speech Corpora for

Taiwanese

Yio et al. [31] have compared the performance of speech recognition engines for Taiwanese
trained with two different speech corpora: one that covered all cross-syllable biphones and
another which covers all cross-syllable triphones. The triphone rich corpus requires 10 times
more words then the biphone rich one. A greedy algorithm is used for the word set
construction. In order to collect the corpus data with as much phonetic richness as possible
while keeping the words small a two step process was followed. First two sets of words were
selected such that they covered all the cross-syllable bi-phones and tri-phones. In cross-syllable
biphone words set, total distinct cross-syllable bi-phones were selected before total distinct
syllables. In tri-phone words set, total distinct cross-syllable tri-phones were selected before
the total distinct syllables. All the words were recorded by a male Taiwanese speaker over a
microphone. The resulting speech corpora consisted of 100 minutes duration for each of the 10
sets of biphone rich words. The corpora were used to train speech recognition systems. Three
different types of training data were used with durations ranging from 100 to 167 minutes. The
training data was composed of 18.4 minutes of speech recordings. It was found that the Syllable
Recognition Rate for Inside Syllable Biphone rich corpus reached 95.38% and that of Inside
Syllable Triphone rich corpus reached 93.08%. Similarly the Syllable Recognition Rate for
across syllable bi-phone corpus reached 95.75% while that of cross syllable triphone rich
corpus reached 94.48%. In both cases the recognition rates for triphone rich corpora are less
than the biphone rich corpora. The authors have attributed this discrepancy towards scarcity of
training data. So their results show that the triphone rich corpus does not show significant

advantages over the biphone rich corpus.

4.2 Corpora Construction Summary

A lot of work has been done on the development of speech resources for many languages of the
world. These resources have been developed both for TTS (e.g. [21]) and ASR systems (e.g. [20],
[28], [22] and [25]). The main goal in the development of speech corpora is phonetic coverage

[27], which allows them to represent the phonetic structure of the target language. Speech
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corpora have been developed for various tasks, including: (a) isolated word corpora, e.g.
Lithuanian [30], (b) continuous speech, e.g. Indian Languages [28], Hindi [22] and Greek [25],

and (c) continuous and spontaneous speech, e.g. Dutch [26], Mandarin [29], and Russian [27].

The second criterion for the speech corpus development is the phonetic balance, i.e. the
phonetic content should occur in the same proportions as in the language, to properly train the
statistical models, as discussed for Russian [27], Amharic [20], and Mexican Spanish [24]. The
phonetic richness can simply be phone-based [29] or context-based. The context-based
methods take into consideration either a single immediate context, using diphone-based
methods [28] or both beginning and ending context, using triphone-based methods ([22], [27]).
However, an analysis in [31] shows that the triphone richness may not improve the accuracy of

speech recognizer significantly but it requires much more data.

There is also difference in approaches towards gathering the data for the speech corpora. Most
of the automatic approaches utilize some kind of a greedy algorithm to maximize the number of
sound units (half-phones, phones, diphones or triphones) in minimal data set ([28], [21] and
[31]). Still other make phonetically balanced sentences by comparing the phonetic composition
with a language model by using perplexity [24]. This set is made richer by adding spontaneous
speech data, e.g. from interviews [27] or recorded free speech. Still other approaches may
include collection of text which represents the phonetic richness and proportion of a language

[24].
4.3 Design of ASRs for Spontaneous and Continuous Speech

4.3.1 Speech Recognition System for Spontaneous Germen Speech

Sloboda et al. [32] developed a speech recognition system for spontaneous Germen speech,
using Janus 2 speech recognition system, by developing an acoustic database driven approach.
In case of spontaneous speech phenomena like false starts, human and nonhuman noises, new
words, and alternative pronunciations pose a challenge in recognition. Therefore, the actual
required pronunciation (phonemic pronunciation) of a word cannot be considered as
recognition criteria. Rather the pronunciation should be chosen by the frequency with which it
appears in the speech database. Therefore, in their approach they add new pronunciations to
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the database on the basis of the gathered speech data, especially for frequently misrecognized
words. They have argued that the popular methods of using the intended pronunciation as the
recognition criteria is not useful in case of spontaneous speech as words are seldom
pronounced to perfection. However, modifying the phonetic dictionary by hand is also not a
very feasible or useful approach as when the number of phones increases it is difficult to
maintain consistency in manual transcription. Also the actual pronunciations may not be easy
to predict without analyzing the actual data, e.g. in case of the pronunciation of foreign words
and names. In addition it may not be easy to determine which acoustic variants are statistically
more relevant. Therefore, to solve this problem they propose a computational technique in the
form of an algorithm to improve phonetic dictionaries. This algorithm should optimize
dictionaries on the basis of recognition performance and statistical relevance of pronunciations.

The training and test data details are shown below (Table 3):

Training Data Test Data
No. of Dialogues 608 8
No. of Utterances 10735 110
No. of Words 281160 2346
Vocabulary size 5442 543

Table 3 - Training and Test data summary [32]

They achieved best word accuracies (WA) between 65.6% and 68.4% for the multi speaker

German Spontaneous Speech.

4.3.2 Automatic Detection of Pauses in Spontaneous Japanese Speech

Masataka et al. [33] have developed a method for automatically detecting pauses in
spontaneous speech which result in errors in the speech recognition. Their work is focused on
Spontaneous Japanese speech. Catering for the pauses that occur in natural spontaneous
speech, allows for recognition of more naturally spoken continuous and spontaneous speech.
Their approach assumes that speakers do not change articulatory parameters during filled
pauses. In their paper they have concentrated on two phenomena of spontaneous speech, word
lengthening and filled pauses. Filled pauses are vocalized pauses which occur when a speaker
hesitates or plans for further speech. They have proposed a detection mechanism for filled

pauses on the basis of their spectral properties. As mentioned before they assume that the
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speaker does not vary the vocalic acoustic parameters during the vocalized pauses. Hence these
pauses are characterized by a slight change in FO and a small deformation of spectral envelop.
The amount of FO change and deformation of spectral envelop is hence used as an indicator for
the possibility of filled pauses which is then evaluated probabilistically. They have presented
their results of the correct detection of filled pauses tested on spontaneous speech corpus
consisting of 100 utterances by five men and five women, each containing at least one filled
pause. The recall rate i.e. the number of filled pauses detected correctly/the total number of filled
pauses they have achieved is 84.9%. They applied their methods to the word alignment in HMM
based speech recognition however they have not reported the improvement in Word Error Rate

achieved.

4.3.3 Performance Comparison of Spontaneous Speech Recognition Systems

vs Dictation Systems

Jacques et al. [34] explain the poor performance of spontaneous speech recognition systems
compared to dictation system on the basis of inadequate language models. This is because of a
lack of training data modeling the spontaneous speech disfluencies. They propose an approach
for improving spontaneous language models by flexibly manipulating the context when
disfluencies occur. They express that the WERs for large vocabulary speaker independent
dictation systems is around 5%, while that of spontaneous speech recognition goes to 15% for
broad cast news ([35] and [36]) and 40% for meeting and telephone conversation transcription
[37]. They have categorized disfluencies into hesitations, repetitions and sentence restarts. In
their method the context in an N-gram language model is modified as disfluency occurs. Thus
they proceed to generate models for all the three types of disfluencies. They tested their system
for telephone based spontaneous American English Speech using the Switchboard Corpus and
ESAT Speech Recognition System. The acoustic models were trained on 310 hours of speech
data. The trigram language model was generated from 3 million words of the Switchboard
transcription corpus smoothed using Good-Turing Discounting. The lexicon consisted of 27000
words. The test data consisted of 20 telephone calls (almost 2 hours of data), containing 1718
sentences with 20K words. The tests showed that the method reduced the WER from 29.8%

(without using the technique in this paper) to 29.6% after applying the proposed improvement.
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Since only about 20% of the sentences have disfluencies so to get a better idea the experiment
was repeated with only the sentences with which the proposed method changes the recognition
results. The WER reduced from 36.7% to 35.1% in case of repetition however became worse for

other types of disfluencies.

4.3.4 Technique for Paraphrasing Spontaneous Japanese Speech into Written

Style Sentences

Takaaki et al. [38] proposed a method for paraphrasing spontaneous Japanese speech into
written style sentences. As there is a lot of difference between spontaneous and written style
Japanese most other speech recognition systems do not perform very well. Therefore they have
proposed a method to translate spontaneous speech directly into written text by using a
Weighted Finite State Transducer (WFST). The spontaneous speech transcribed by normal
speech recognition systems is difficult to read due to disfluencies, filled pauses, repetitions,
repairs and word fragments. Moreover the spoken Japanese has a much different style then
written one e.g. Because of change of verbs, auxiliary verbs and adjectives etc. The proposed
method is useful in tasks like automatic generation of captions, minutes, annotations etc. in
their method they compose two WFSTs one for recognition and another for paraphrasing. The
combined models are better than separate ones as this allows simultaneous translation of
speech into readable text and also the linguistic constraints in speech recognition are reinforced
as the two models work together. The method is tested using a 20,000 words spontaneous
Japanese speech in the form of lectures. The Language Model was derived from a 36.8 million
word corpus from newspapers and World Wide Web. The experiments showed a decrease in
error rate ranging between 2.2 and 5.3 percent. The minimum WER for recognition achieved
was 24.2% and maximum was 39.1% (for different test data). The decrease in WER in
paraphrasing was between 2.2 and 5.2 percent, as manually transcribed data was compared

with the automatically paraphrased data. The WER ranged between 29.6% and 51.5%.
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4.3.5 Disfluent Repetitions in Spontaneous Speech

Vivek et al. [39] have concentrated on the problem of disfluent repetitions in spontaneous
speech. They have used a metric called Repetition Word Error Rate (RWER) to quantify the
errors caused by this type of disfluencies. They have proposed a solution by using an acoustic
prosodic classifier for these disfluencies and a multi word model for modeling repetitions. Using
this approach they have analyzed the RWER in the Fisher's conversational speech corpus. The
classifier approach did not work very well as it produced many unnecessary warnings, however
the multi word model approach resulted in the absolute RWER reduction of 1.26% and an
absolute WER reduction of 2% on already well trained acoustic and language models. The data
used for testing is of 5849 conversations from the Fisher's corpus, each lasting up to 10
minutes. They used 20 hours of data for training the system from the Fisher's corpus. The test
corpus consisted of 2 hours of data from 20 speakers not overlapping with the training data.
The percentage of repetitions in the test set was 1.91%.The language models were constructed
from the transcribed training data transcripts and the remaining part of the Fisher corpus and
also other conversational data sources. The classifier was generated from the repetitions in the
training data by using features like duration, FO and pause information from the boundary of
the repetitions. The pause information after the repetition and F0O values around boundary were
taken into consideration as were the duration information and the creakiness of voice in the
repetition. However, the classifier generated lot of “false alarms”. The word error rates before
the multi word training remained within ranges of 42.1% to 48% with different acoustic models
and between 48% and 56% for different language models. Next the system was trained with
multiword models in which the frequently repeated words were trained as multiwords and also
added to the dictionary. An improvement of 2% in WER resulted by incorporating these models

into the training system.

4.3.6 An Unsupervised Approach towards the Transcription of Continuous
Broadcast News Data for Training Continuous Speech Large Vocabulary

Speech Recognition Systems

Frank et al. [40] have proposed an unsupervised approach towards the transcription of
continuous broadcast news data for training continuous speech large vocabulary speech
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recognition systems. Since a large amount of transcribed acoustic data is must for training a
good speech recognition system, therefore speech from various sources is generally transcribed
manually, which is a very lengthy and painstaking process. This paper proposes that such raw
(untranscribed) acoustic data can be transcribed by using an already trained speech recognition
system, referred to as unsupervised learning because the system is not given the information
about the correct output. The authors have tried two methods. One in which a speech
recognition system trained with one to six hours of speech data is used to transcribe seventy
two hours of speech. The complete data is then used to develop a speech recognition system.
Next the system is trained iteratively starting from only one hour of transcribed speech data. In
this approach the initial (small) speech recognition system is used to transcribe the whole
seventy two hours of speech. Next the speech recognition system is trained with this speech and
again used to transcribe the seventy two hours of speech, giving better results as the model had
been improved. A confidence score is use to restrict the training to those portions of the speech
corpus where the words are most probably correct. This was repeated several times. With the
iterative approach the Word Error Rate was reduced from 71.3% to 38.3% on the Broadcast
New' 96 evaluation test set and from 65.6% to 29.3% on the Broadcast news' 98 evaluation test
set. When compared to a manually transcribed speech system for seventy two hours of speech
the word error rate increased by 14.3% for the Broadcast New' 96 evaluation test and 18.6%
the Broadcast news' 98 evaluation test using gender independent within-word models.
However, using across-words models the word error rates increased by 20.9% and 23%

respectively.

4.3.7 Automatic Transcription System for Arabic

Soltau et al. [41] have reported the outcome of a project to transcribe Arabic broadcast news
using the GALE ASR. The training data used for the procedure consisted of 85 hours of
broadcast speech data with transcripts, 51 hours of speech data from another source with
transcriptions and 1800 hours of unsupervised data without transcriptions. Other resources
used for training included the Arabic Gigaword corpus and transcripts for Arabic from various
sources including a 28 million word resource. A 4-gram language model with 58 million n-

grams was trained with Kneser-Ney smoothing. The system was tested on nearly 13 hours of
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speech from broadcast news and TV shows. The main problem faced was due to the lack of
diacritics in everyday Arabic. The solution to this problem utilized was to train the initial
models using fully hand diacritized transcribed speech. Then using this initial training model
performs unsupervised learning of the non transcribed data. That ensured diacritization of the
overall data. The Word Error Rates obtained ranged between 14.9% and 25.1% for different

types and sizes of test data. This means an overall 42% relative decrease in Word Error Rate.

4.3.8 Automatic Speech Recognition System for Spontaneous English Speech

using the English CMU Recognition Dictionary

Nedel et al. [42] have developed an ASR for spontaneous English speech using the English CMU
recognition dictionary and the Sphinx-3 speech recognition system. They argue that in case of
spontaneous speech, contrary to carefully articulated speech or read speech, the uttered sounds
hardly ever conform to linguistic assumptions and rules regarding pronunciation. Therefore,
there may be patterns of acoustic variations among single phones. In that case it is beneficial to
model these variations of phones as separate phones. They have tested their hypothesis by
applying such a phone splitting model to two phones AA and 1IY. They proposed three different
methods for phone splitting and applied it to all the instances of these phones in the CMU
dictionary. The speech corpus used is the NIST Multiple Register Speech Corpus for
spontaneous speech with parallel transcription. The training data consisted of 2 hours of
spontaneous speech and test data composed of 0.5 hours of continuous speech. The baseline
performance of the system without applying the phone splitting came out to be 51.1% in terms
of Word Error Rate. By applying the Gaussian Splitting technique on the said phones the WER
reduced to 49.6% for splitting AA, 49.3% for splitting IY and 50.2% for modeling AA and IY as
split phones. In case of their second technique the HMM likelihood based phone splitting the
performance did not improve over the baseline for splitting AA, became worse after splitting
both however, gave an improved WER of 49.6% after splitting IY. In the third method, duration
based phone splitting was used. In this case the performance improved in all three cases. In
case of splitting AA it went to 49.8% WER, in case of 1Y, 49.6% WER and finally after modeling
both AA and 1Y as split phones the WER reduced to 49.9%.
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4.3.9 Speaker Independent Continuous Speech Recognition System for

Transcribing Unrestricted American English Broadcast News

Gauvain et al. [36] developed a speaker independent continuous speech recognition system for
transcribing unrestricted American English broadcast news, with a best WER of 20%. The
acoustic models were trained with around 150 hours of audio data. The language models were
obtained by interpolation of backoff n-gram language models trained on different text sets
including 203 million words of Broadcast News transcriptions, 343 million words of newspaper
texts and 1.6 million words corresponding to the transcriptions of the Broadcast News acoustic
training data. The phonetic lexicon contained 65,122 words and 72,788 phone transcriptions. A
system of 48 phones was used with additional units representing silence, filler words and

breath etc. On a test data of around 3 hours a word error rate of around 20% was achieved.
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Chapter 5
METHODOLOGY

5.1 Introduction

The main difference between the work done towards the development of an Automatic Speech
Recognition System in this thesis and similar works being done for other languages is the lack
of phonetically transcribed corpora for Urdu. Therefore a goal of this effort was to develop such
resources for Urdu and then to utilize them to develop a working speech recognition system. So

the objectives of the thesis can be summarized as below:

e To develop a speech corpus for continuous Urdu speech (read speech corpus)

e To develop a speech corpus for continuous and spontaneous Urdu speech (spontaneous
speech corpus)

e To utilize the speech corpora to develop a speaker specific Automatic Speech

Recognition system

In order to achieve these goals the work was divided into separate parts. Each targeted to
achieve a partial goal. The final product is the combination of all the subparts. These steps can

be summarized as below:

1. Design of a Speech Corpus
a. For continuous speech, a text corpus has to be developed that can be read and
recorded
b. For spontaneous speech interviews have to be designed to capture spontaneous
dialogue based speech
c. Various tools and techniques have to be developed to facilitate the development
and evaluation of these resources
2. Development of the Speech Corpus
a. The text corpus has to be read out and recorded in controlled environmental

condition
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b. The spontaneous corpus has to be generated from interviews and question-and-
answer sessions
c. Both these corpora are analyzed into separate utterances
d. The utterances of the spontaneous corpus have to be transcribed in Urdu and
also using phonemic transcription
3. Adaptation of the Speech Corpus to the Speech Recognition system
a. This step requires processing the speech corpora to conform to the input
standards of the Sphinx speech recognition system
b. This step requires the development of a compiler like tool which takes a
transcribed corpus as input and produces all the resources required by the
Sphinx ASR system as output
4. Training and testing of the speech recognition system
a. The main task involves the study of the internal working of the ASR and to fine

tune all parameters to produce satisfactory results

Following sections discuss the methodology adopted in achieving all these goals.

5.2 Design of a Speech Corpus

The Large Vocabulary Automatic Speech Recognition (LVASR) system for Urdu requires the
construction of a phonetically rich and balanced speech corpus for recognition of continuous
and spontaneous speech in Urdu. Here phonetically rich means that the corpus should cover all
the phonemes (and hence phones) present in Urdu. And balanced refers to the property that the
phonemes should occur in the corpus with the same relative frequency distribution as in
naturally spoken Urdu. The first part of this task is to develop a text corpus with these
properties. That corpus can then be read out by a native speaker of Urdu and recorded to

produce the Speech corpus for continuous Urdu speech.

So the first goal is to develop a sentence based corpus for Urdu, automating the design task as
much as possible using existing language resources. The fundamental criterion remains to cover
all possible phone combinations that are used in Urdu. The resulting phonetically rich corpus

can serve to provide the baseline acoustic models for continuous LVASR for Urdu. However it
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will not necessarily be phonetically balanced. In order to convert it into a balanced corpus,
recordings of actual interviews, using everyday speech will be done and transcribed. This will

not only serve to balance the corpus but also model the spontaneous speech.

The first step is to find all possible phones that are used in Urdu Speech. A more practical
approximation is to find all possible phonemes that exist in Urdu and then try to construct a
word based corpus with the goal of covering all those phonemes. The word list is then manually
converted into sentences. The Urdu corpus that is used for this purpose has been developed at
the Center for Research in Urdu Language Processing (CRULP, [43]) and consists of 18 million
words of Urdu. This data is gathered from various domains. The corpus is not fully diacritized

and hence cannot be mapped completely to phonemes using simple letter to sound rules [17].

[t must be mentioned here that an approach could have been to pick phonetically rich sentences
directly from the corpus instead of making a word list and then converting them into sentences.
However, this sentence list would not have been minimal, a criterion that can be controlled
while making a word list. It would have been more natural representation of the language, even
if redundant, but it has not been possible (especially for vowels) because the available Urdu text

corpus is not clean and diacritized.

5.2.1 Corpus Analysis and Development of Lexicons

The available resource included an 18.2 million words corpus. This resource had been gathered
from sources including newspapers and online pages related to sports, politics and current
affairs. This corpus however was not clean, diacritized and/or normalized and the cleaning
process required much manual intervention. However a word to frequency list for all the
corpus words and a phonetic lexicon in SAMPA was also available for this corpus. The phonetic
lexicon consisted of around 54,000 unique words. The second resource available was the URDU
(Pakistan) 200 SPEAKER DATABASE developed by the Appen Pty Ltd [44]. This consisted of 3373
sentences comprising of 4336 unique words. The two corpora were merged and this resulted in
an overall lexicon with 56000 unique words of Urdu. This was done to ensure that most of the
common Urdu words are present in the lexicon. A list of these words was formed and the new

words were phonemically transcribed in two passes. In the first pass an automatic transcription
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was done using the letter to sound rules. However, due to the lack of diacritics this resulted in
partial transcription only. In the second pass the words were manually phonemically
transcribed. As a result a complete phonetic lexicon is obtained which gives word to phoneme
set mappings (henceforth referred to as phonetic lexicon). SAMPA representation [45] is used
for phonetic and phonemic transcriptions. However, it was later converted to a format that will
be referred to as Case Insensitive SAMPA (CISAMPA) in this text. This was done to match the
requirements of the Speech Recognition Engine used in this research. The details of the new

CISAMPA format and its motivation are given in Section 5.4.1 and Appendix A.

Next a word frequency analysis of the corpus is done to find the frequency of occurrence of all
the 56,000 words in the corpus. This analysis gives another lexicon containing word to

frequency mappings (henceforth referred to a word-frequency lexicon).
Summary of Language Resources available:

e Urdu text corpus (this will be referred to as the Main Text Corpus) with 18.2 million
words. This not clean and diacritized, however, word to frequency lists and phonetic
lexicon for it were made available to me

e Phonetic Lexicon for the Main Text Corpus

e Words to frequency list for the Main Text Corpus

o The 200 Speaker Database Corpus with 4336 unique words, of which around 2000 were

not already present in the phonetic lexicon of the Main Text Corpus
Summary of Language Resources developed:

e A combined Phonetic Lexicon with around 56000 entries all of which are completely
phonetically transcribed in CISAMPA
e A combined Word-frequency listing with around 56000
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5.2.1.1 Tools Developed

In order to accomplish these tasks Java based text processing software was developed, which

allowed the following functionality:

Inputs:

Combined Urdu text corpus in Unicode (16-bit Big Endean) format (The 200

Speaker text corpus was analyzed using this)

o Phonetic lexicon

o Letter to Sound rules of Urdu transcription

o SAMPA to CISAMPA mapping rules

Functions:

o Corpus Cleaner: Removes white space, punctuation marks etc. from the input
corpus. Also normalizes the input text to a certain extent. Generates a list of
words not already present in the Phonetic lexicon. This can be effectively used
with the 200 Speaker corpus as it is relatively small

o Letter to Sound Converter: Converts the input wordlist to SAMPA using letter to
sound rules (assuming the input ios fully diacritized). This facilitates the
transcription process. The 2000 words of the URDU (Pakistan) 200 SPEAKER
DATABASE were transcribed with the help of this tool

o SAMPA to CISAMPA: Converts input files in SAMPA format to CISAMPA formats

o Exception List Generator: Generates a list of all the words in the corpus that are

not present in the lexicon and transcribes them using letter to sound rules and

allows manual modification, hence, it helps in the lexicon development

5.2.2 Phonetically rich word list

The primary goal of the development of a phonetically rich corpus was to ensure that it

represents all sounds that occur in Urdu. This allows it to serve as a baseline for training an

Automatic Speech Recognition system. However since the targeted ASR system is to be used for
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continuous and spontaneous speech, therefore a simple occurrence of all phonemes will not

suffice for the following reasons.

5.2.2.1 Effects of phonetic context

The acoustic properties of a phone are not localized and are affected by the acoustic properties
of the neighboring phones, i.e. the phonetic context. An example of this phenomenon is depicted
in Figure 13 where the spectrogram plots of phone [b] are shown as it occurs between vowels
[a] and [i]. The effects of the context ([a] and [i]) are quite pronounced on the target phone [b]
through the formant transitions into and from the closure. As a result of this the different

phones must be present in the Speech corpus while occurring in different phonetic contexts.

w:l 'I'IIH'MW{ r -Wdr.

I

TR

a b a i b i

Figure 13 - Effects of phonetic context

5.2.2.2 Across Word Effects

In continuous speech, words run into each other hence the last phone of a word maybe affected
by the initial phone(s) of the following word. Hence across-word influences will form a part of
the phonetic context as well.

5.2.2.3 Spontaneous Speech

As mentioned earlier, the system must be trained for spontaneous speech in which the words

are not carefully articulated. This often results in shorted words with missing phones or
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modified versions of target phones. Hence, it is required that the system should be trained by a
model coming from free speech as well. However, this should be in addition to the speech read

from phonetically rich text, as spontaneous speech is not guaranteed to be phonetically rich.

5.2.3 Tri-phoneme based phonetically rich corpus

As mentioned in 5.2.2.1, simple phonemic enrichment cannot guarantee that the resulting word
set will be a representative of the acoustic properties of all the phones. Hence, context must be
added to the phone set. For this we made sequence of three phonemes (henceforth referred to a
tri-phoneme) the basic unit of the acoustic model for a particular sound. We define a tri-
phoneme to consist of three phonemes {P; P; P3}, where P;is the target phoneme and P, and Ps
act as the phonetic context. Now in order to represent the acoustic properties of all sounds, the

dataset should contain all possible tri-phonemes that can occur in the language.

As the phonemic inventory of Urdu language comprises of 62 phonemes (excluding silence),
there can be a total of 250,047 potential tri-phoneme combinations (including silence as a
phoneme). In order to find the tri-phoneme combinations that actually exist in Urdu the
phonetic lexicon is analyzed for tri-phonemes and their frequency of occurrence. This analysis

is done from two different perspectives.

The first analysis is done to find all the unique tri-phonemes that occur within words. It is
assumed for this analysis that all words are followed and preceded by silence, which is dealt
with as a separate phoneme represented by the symbol #. The analysis shows that the corpus

contained 18,294 unique in-word tri-phonemes.

Next, an analysis of the across-word tri-phonemes is performed. However, for this analysis,
instead of finding all the existing across-word tri-phonemes, all the potential across word tri-
phonemes are found (including the in-word tri-phonemes). This is done due to the flexible
syntactic structure of Urdu which allows many possible arrangements of words in a sentence.
This is achieved by assuming that every word (preceded by silence #) can be followed by any
other word (followed by silence #). This list is found to contain around 85,000 unique tri-
phonemes. This number should be interpreted as the upper limit of the number of tri-phonemes

in Urdu (if vocabulary is limited to the used lexicon).
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5.2.3.1 Word list construction

In order to allow utility in an ASR system the word list used for training the speech model must
consist of a minimal word set that can maximize the number of tri-phonemes. In order to
compute the word set a modified version of the Set Covering algorithm [46] is used. A decision
has to be made whether to maximize the number of across-word tri-phonemes or the in-word
ones. If the list is constructed on the basis of across-word tri-phonemes the word set will
consist entirely of word-pairs instead of words. This will make the job of converting these into

sentences very difficult (and for some combinations of words it will not even be possible).

Moreover, even if the sentences are generated from a wordlist based only upon in-word tri-
phonemes, they will necessarily contain many of the across-word tri-phonemes and a post
analysis can reveal the shortcomings. These can in turn be compensated by generating a
supplementary sentence list. Hence, the wordlist is generated using the in-word triphonemes

only.

5.2.3.2 Minimal Word List

The Set Covering algorithm Figure 15 is used to generate the minimal list of words that contains
all the in-word tri-phonemes. All the words in the phonetic lexicon are converted into CISAMPA
format, with silence (indicated by #) following and preceding them. Then the list searched for
the word that increases the tri-phoneme count by the greatest amount. Once a candidate is
found it is added to the wordlist and the list is searched again. This process continues till all the
18294 triphonemes are found. The list that is generated contained 4,390 words (for the
condition in Figure 15a). However, the major problem with the list is that it consists primarily
of words that are long, unfamiliar or borrowed words from other languages as shown in Figure
14. Such a wordlist cannot be effectively used for the ASR system as the native speakers of Urdu
will not be able to fluently go through the sentences made from such words. This will prevent
the aspects of continuity and spontaneity to be present in the recordings. Besides it would make
the job of making the sentences far too hard. However, it must be noted that this is the smallest

list for the given corpus that can be generated which covers all tri-phonemes.
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Figure 14 - Example Problematic words in the list

; Inputs
; X is the input corpus
; C is the condition
; Output
; O is the output list of words
Greedy-Set-Cover (X, C)
U =X
0= ¢
while U # ¢
do select word W from U that maximizes C

Uu=0U-W
O =0 + {wW}
endwhile
return O
a C = |tri-phonemes (W) N tri-phonemes (U) |
b let, N = |tri-phonemes (W) N tri-phonemes (U) |
let, F = Frequency (W)
then, C = wsF + w, N
c let, N = |tri-phonemes (W) N tri-phonemes (U) |
let, F = Frequency (W)
then,
if N = ¢
C = MIN
else
CcC =F
endif

Figure 15 - Modified Minimal Set Cover Algorithm

5.2.3.3 High Frequency Minimal Word List

The solution to the problem presented in the previous section is to give weight to the frequency

of occurrence of the words in the corpus as well. Hence the condition of the Set Covering

algorithm can be modified, as shown in Figure 15b, to add weights wf and wy. This way the

weights wrand w, can be adjusted to get a minimal list of common (high frequency) words of
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Urdu. The list(s) thus obtained contain more words than the one generated in 5.2.3.2 but fulfill

the requirements of familiarity of words.

Different values of weights are tried, however the problem of uncommon words continues for
most of the experiments. Finally, priority is given to frequency of occurrence of the word in the
corpus and subsequent weight to the number of tri-phonemes that it adds to the set (as shown
by the condition in Figure 15c). The final wordlist generated contained 11,884 high frequency

words.

The major problem with this wordlist is the high number of words. Considering an average
sentence length of 8 words, we would end up with 1486 sentences, which are too many to be
practically read out by a few speakers. And for the ASR repetition of sentences by multiple

speakers is also desired for this data.

5.2.3.4 Reduced high frequency minimal word list

To reduce the size, the wordlist is carefully analyzed and several rules were devised based on
the phonetic structure of Urdu and the acoustic properties of the phones. Following are the
major rules that are formulated to reduce the size of the in-word tri-phoneme list. The
reduction is at the cost of losing some context. However, this is done to so that there is minimal

compromise.

5.2.3.4.1 Voiced/voiceless unaspirated stops in context positions

When voiced or voiceless unaspirated stops occur before or after the target phone, their
acoustic context has similar effect on the target phone, as long as they have same place of
articulation [47]. Hence, the affect on the target remains quite minimal (especially spectrally)

by the variation in the voicing property (in case of unaspirated stops). An example is shown in

Figure 16, in which spectrograms of the three triphones [t @ b], [t @ p], [d @ b] are given ([d]
and [t] are voiced and unvoiced dental stops, respectively, and, [b] and [p] are voiced and

unvoiced bilabial stops, respectively). It can be seen that the phone [8] changes only slightly by

the variation of the voicing property of the context phones, as opposed to change in place. There

is pronounced difference in the duration of the vowel, as expected [16].
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So, we collapsed all the voiced/voiceless unaspirated stops at the same place occurring at
context positions to the voiced version. This reduces the tri-phoneme set significantly. This will
however lead to some degree of loss in training but we must remember that the context based

phones are being used just to provide enough training as a target occurs with different contexts.
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Figure 16 - Acoustic effects of voiced/voiceless unaspirated stops in context positions

5.2.3.4.2 Aspirated/unaspirated stops at tri-phoneme ends

The aspirated/unaspirated stops occurring at the end of tri-phonemes affect the target phone

similarly. An example is demonstrated in Figure 17, where triphones [s a t] and [s a t"] are

compared ([t] is an unaspirated dental stop, while [t"] is its aspirated version). It can be seen

that the spectrogram is similar, though some breathiness may be introduced towards the end of

the vowel. Therefore these two types can be merged (with some compromise).
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Figure 17 - Effects of Aspiration at triphoneme ends

5.2.3.4.3 Removing low frequency tri-phonemes

Next a frequency analysis of the tri-phoneme list is performed. The goal was to find the
frequency of occurrence of each tri-phoneme in the corpus. The resulting frequency list is
plotted, as shown in Figure 18. All tri-phonemes occurring more than 10 times are selected for
inclusion in the list. At a later stage if there is need in modeling, other tri-phonemes can be

added.

As a result of applying the above constraints 9,436 tri-phonemes are removed from the in-word
tri-phoneme list, hence leaving behind 8,858 tri-phonemes to cover for recording. Using the
algorithm of section 5.2.3.3 the final wordlist generated after removing the tri-phonemes that
fall into the above mentioned categories contains 5,681 unique high frequency words. This is
comparable with the most optimal list generated earlier using the greedy set cover method

which had mostly unfamiliar 4,390 words.
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Figure 18- Plot of tri-phonemes verses frequency in corpus

5.2.4 Sentence Generation

The 5681 words generated as described in section 5.2.3, are used by a team of language experts
to construct sentences. The aim is to construct sentences that are grammatically correct and
sound natural to native Urdu speakers. The guidelines followed during sentence generation are

given below:

e Each sentence consists of at least five words

e Sentences with commas are avoided, in order to avoid sentences including lists of items

e Native Urdu speakers should be able to utter the sentence without much difficulty

e The word list has no diacritical marks, so if any words are detected which are
ambiguous in pronunciation, sentences are constructed for all variations in the
pronunciation, with the appropriate diacritical marks inserted

e Sentences that do not make semantic sense are allowed to be part of the set as long as
they are grammatically correct, and easy to read fluently, but should be avoided as

much as possible

A total of 708 sentences are produced as a result of this exercise. For quality control, each
sentence is reviewed by a member of the team not taking part in the sentence construction.

Sentences that are found to be difficult or odd for a native Urdu speaker to utter are identified
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and sent back to the sentence construction process. For example, Figure 19 shows examples of
good and bad sentences. Sentence A is good as it is short, easy to read and makes complete
sense. Sentence B is graded as average as it is slightly difficult to read smoothly since the initial
part is almost a tongue twister. Some of the words may also be unfamiliar for the average Urdu
speaker. Otherwise is correct, grammatically and semantically. Sentence C is only marginally
accepted as it is semantically odd, and may cause the reader to react unexpectedly.
Grammatically it is correct and over all short. The last example shown as sentence D is rejected
because it is too long and difficult. This makes it almost impossible to read through smoothly.
Such sentences are reconstructed into other smaller and sensible sentences. The complete list

of 708 sentences is shown in the Appendix C.
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Figure 19 - Example sentences

5.2.5 Analysis of Sentences and Wordlist

The final sentence list is analyzed and it is found to contain a total of 9804 tri-phonemes and 60

out of 61 phonemes (it misses [ 1¥], however, the occurrence of this phone is very rare in Urdu

[17] and the instances that were found were either rejected as non-words or were removed in

the phase where aspiration at word ends was collapsed).

A few words in the wordlist were found to be incorrect and/or lengthy, and are removed from
the set by the linguists at the sentence generation phase. The final wordlist from which
linguistis generated the sentences was analyzed to confirm that it contained all 8,858 tri-
phonemes. The sentences produced by the linguists were then separately analysed and found to
contain 9804 triphonemes. The reason for this increase from 8858 to 9804 is that every new
word added in the set cover algorithm potentially adds some tri-phonemes which may not
already be in the minimal list of triphonemes. Moreover, close class words which may be

necessary for making a sentence were also added during the sentence generation phase. The
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benefit of these additional triphonemes is that they add a reasonable measure of phonetic

balance to the sentences.

Figure 21 shows the logarithmic plot of frequency of occurrence of each tri-phoneme in the
corpus (the curve above) and its frequency of occurrence in the sentences (shown below).
Another feature of interest is the phone-frequency property of the sentences, i.e. the frequency
of occurrence of every phone in the sentences. In fact this is the feature which reflects the
phonetic balance in the corpus. Figure 20 shows the comparison of the frequencies of
occurrence of the Urdu phones in the corpus and the frequencies of occurrence of the same
phones in the sentence list. The complete list is shown in Appendix D. This figures (Figure 21
and Figure 20) clearly reflects that phone level (phonetic) balance has been preserved in the
sentences (Figure 20), however, triphoneme level phonetic balance is not present (Figure 21).
The sentences hence produced cover 60 out of 61 phones of Urdu and are balanced at phone
level. They cover all the in-word contextual phones however; are not completely balanced at

triphoneme level.
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Figure 20 - Phone frequencies (logio) in the corpus vs. the sentences
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Figure 21 - Triphoneme frequencies (log1o) in the corpus vs. the sentences

5.2.6 Preparation of Interview questions

The primary goal in the design of interview questions was that the native speakers who are
interviewed should be able to respond to them as fluently and spontaneously as possible.
Therefore, it comprises of questions related to facts and everyday life. Another motivation
behind the design is that the questions should allow for a lengthy answer. The procedure for
interviews also caters for the case when the interviewee gets stuck on a question. This is done
by asking follow up questions to motivate a detailed response. The questions have been divided

into the following two major categories:

5.2.6.1 Factual questions

These serve the dual purpose of gathering specific information about the speaker including
their origin, nationality, demography and qualifications related details. Following are the main

points about which the speaker is asked:

e Name

e Gender
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e Date of birth

e Place of birth

o Area(s) of residence

e Educational institutes attended

e Profession

Not only does this provide the information about the speaker to be used for statistical purposes
but also provide useful training data about Proper Nouns (Names of persons, places, institutes)
numbers and number formats (dates, years etc.) and names of days of week, months etc. An

example interview questionnaire related to this part is shown below (Figure 22):

a. What is your name?

b. Whatis your gender?

c. Whatis your height?

d. What s your place of birth?

e. Whatis your date of birth? Please answer using the format uJl> gens (ol yauos C‘l‘

f.  Which is your current area of residence?
g.  Which, if any, are some other areas of your previous residences?
h. Which school or schools did you attend?

—

Which other educational institutes have you attended, if any?

What is your current profession?

—

Figure 22 - Interview Questions Part-1

5.2.6.2 Natural Speech Elicitation

The goal of this part is to allow the speaker to speak as much and as fluently as possible. The
interviewer is required to engage the speaker in a dialog. Each question has a subset of prompts
to elicit substantial amount of speech. The purpose of this activity is to induce the volunteer to
speak naturally for about fifteen minutes. Completing all the questions is not an objective. The
person conducting the session is free to improvise and deviate from the script. This activity

should last up to thirty minutes to ensure that at least fifteen minutes of nature speech have
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been acquired from the speaker. The following figure (Figure 23) shows a sample of questions

that can be asked in this session:

=

N

—

Explain the route you took to get from your home to this location.
How long does it take for you to get to work every day?

What are your responsibilities at work?

Describe a normal day at work.

How did your day go yesterday? Describe with timelines if possible.
Describe a memorable day.

Describe a funny experience.

Describe a scary experience.

Describe an interesting experience.

What is your greatest fear?

Which places would you like to visit and why?

Describe an accomplishment that you are proud of.

Do you have any brothers or sisters? Are they younger or older than you?
Tell us about your friends.

Name some of your closest friends.

How did you become friends?

Tell us about three of your favorite childhood memories.

Figure 23 - Interview questions Part-II

A detailed interview sheet is shown in Appendix E.

5.3 Development of the Speech Corpus

The next phase involved converting the sentence based text corpus into a speech corpus by

recording it as a speaker reads it out. Several rules had to be developed to make this process as

smooth as possible. The interviews also have to be recorded, split and transcribed. This section

provides details and time statistics of this procedure.
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5.3.1 Recording of the Speech Corpus

The text corpus consists of 708 sentences, some of which are a bit hard to articulate even by a

native speaker. This is the result of the greedy approach used in forming the wordlist and

sentences. While almost all sentences are grammatically correct, there are some which are

semantically confusing. In general the following steps are involved in the speech corpus

development:

1. Directions for recording

The recordings are carried out in normal home or office environment with common
ambient background noise.

Before starting the session the room is checked for any unique intermittent or
continuous noises which may hinder the recording procedure e.g. sounds of crickets and
other insects, ticking of clocks, water dripping, repair work etc. in progress inside or
outside the building, traffic noise, rain etc. which may not leave a distinct impression
upon immediate perception, but will render the recordings unusable.

Continuous background noises like the ones emanating from fans, air conditioners etc.
may be allowed to continue, if these continue during the entire length of one session

It is ascertained that the speaker is not suffering from any major articulatory disorder.
For this purpose nasal and voiced vowel sounds uttered by the speaker are recorded

and spectrally analysed to ensure correct pronunciation, if necessary

2. Equipment setup

The recordings are carried out on a laptop computer using an external sound card and
microphone to make the recordings laptop unspecific (Creative® External USB sound
card and Colorvis® desktop microphone were used for speech data collection). Praat®
[48] is used as the main recording and analysis software

The recordings are done at a sampling rate of 16000 samples per second, 2 bytes per
sample, single channel (mono), using Intel (little Endian byte order) PCM

Microphone booster settings are disabled as these make the microphone too sensitive

and allows recording low amplitude background noises in a lot of detail
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e The microphone is placed in front of the speaker and a little below his/her chin so that
the open end of the tube points towards his mouth. A test recording is conducted to
ensure that it is not in a horizontal line with his mouth (so that he/she may not breath
directly into it)

e Next the microphone is moved a little towards the left or right so that the breath
exhaled from the nose does not go directly into it

3. Testing the setup

o The speaker is requested to utter high energy vowels like [a] or [e] (in sentences like:
TLL 1) and the recording level is adjusted so that the bar remains within the green zone

(in Praat recorder)

e The recordings are checked to make sure that there is no amplitude clipping
o Next the speaker is requested to utter strong breathy sounds (like [d"], [t"], [d"]) and the

recording is checked to see that he not directly breathing into it (if he is, then the bar
will go in the yellow or red zone) and there is no amplitude clipping
4. Recording Session
e The speaker reads out a given number of sentences. It was determined by previous
experience that CRULP gained while doing recordings for the Urdu Speech Synthesis
system that this number should not exceed 15 in a single recording session, or the
quality of utterance suffers (as the speaker may get exhausted).

a. The 15 sentences are first given to the volunteer to read and get familiar with
the pronunciation and become fluent at uttering them; he/she may confirm the
diacritics etc. of any confusing word or ambiguities. The IPA transcription is
consulted to explain the proper pronunciation of ambiguous/unknown words to
the speaker

b. When the volunteer thinks that he/she is comfortable with the sentences, the
recording session begins

c. The volunteer is required to utter every sentence twice in the following manner:

i. Utter the sentence with brief pauses after every word. This will not only

provide with useful non-continuous speech data, but will also allow the
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speaker to gain sufficient fluency as he will utter the sentence in the next
phase.

ii. Utter the sentence as fluently as possible, while at a normal and uniform
pace.

iii. If the recording person feels that a sentence is uttered wrongly, he/she
may ask the volunteer to repeat one or both versions after saying the
word “Repeat”.

iv. If at any time during the recording there is an overlapping sound like
creaking chairs, doors or calls of street hawkers, that part of the
recording must be repeated (this requires a lot of alacrity on part of the

recording person)

5. Post-Recording quality check

The sessions are saved in MS WAV format

The recorded session is listened to and checked after completion and a repetition is
requested wherever required

The recording is checked to see that the speaker did not accidently start breathing into
the microphone at any time

If any disturbing noise overlaps a particular piece of recording, the speaker is
requested to repeat that part

The global sentence numbers are maintained while recording (the sentence number in
the actual list according to which transcription is done) to help in the transcription

process

6. Splitting the recordings

The sessions consisting of 15 sentences, uttered twice, are then split into sentences
The sentence files are saved as 16K samples/sec, 16-bit PCM, little Endean PCM, NIST
files (for use with Sphinx)

Silence is included at the start and end of all the utterances (approximately 100 ms)
Files are given names according to global file numbers to help in sound to

transcription matching at the time of training
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5.3.2 Timing Statistics of the Recording sessions
Actual time of recorded speech
These are the actual timing statistics from the recorded data
For 1 hour of recording:
1 sentence gives 5 seconds of recorded speech on the average
Therefore,

12 sentences will give 1 minute and 720 sentences will give an hour of recording (the
total sentences in the list are 708 so that is a benefit). After recording and splitting (and
removing repetitions, pauses etc.) it was found that 708 sentences gave 70 minutes of

actual speech data
Actual time required for recording 720 sentences (each sentence uttered twice)

1. Average Time required for reading 15 sentences and confirming pronunciation: 5 minutes

2. Average Time required for speaking one sentence twice and correcting errors, mistakes and
breaks where these exist by repetition: 1 minute

3. Therefore 15 sentences require 5 minutes for reading + 15 minutes for uttering: 20 minutes

4. 720 sentences (1 hour of recording) require : 960 minutes (16 hours) if spoken
continuously without a break and 1200 minutes (20 hours) if a 5 minutes break is allowed
after every sentence

5. Note: uttering every sentence only once will save around 15 seconds per sentence i.e. 180
minutes (3 hours) in total but will make the recordings more susceptible to error and during

training we may require the sentence with pauses
Actual Time required for splitting 720 sentences (x2)

1. Splitting one session with 15+15 sentences takes on the average 10 minutes
2. Therefore, splitting 720+720 (2 hours of recording) sentences requires: 480 minutes, i.e. 8

hours, which comes to around 4 hours per hour of actual speech data
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5.3.3 Recording of the Interviews

The guidelines regarding recording setup etc. remain the same as mentioned earlier. The only
difference is that the volunteers are informed about the questions to be asked and will be given
some time to prepare their responses, if required. They can make brief notes, however, reading

out written answers is not allowed.

The interviews are divided into the introduction (factual) and the Natural Speech Elicitation
(natural discussion may or may not be based upon facts). The files are recorded, saved and
checked as mentioned earlier.

5.3.4 Splitting and transcribing the interviews

Splitting interview sessions requires more time than the read speech as it may sometimes be
difficult to find a natural pause (that could be mapped on silence) in the discourse. Following
rules have been developed by the team of CRULP CMU ASR Project for splitting recorded

interviews.

Speech File Segmentation PROCESS

The Speech files are split using Audacity version 1.2.6 (open source).
The completion of a segment can be marked at:

o The end of a sentence
e The end of an utterance, where the speaker takes a natural pause, this may be due to
sentence structure, e.g., a conjunction, or because the speaker is catching his/her

breath in preparation of the next utterance

The following is a transcribed sentence showing the pauses and the segments produced from it:
(vocalized pause) (silence) w 8,b (§ suww)9d9 nld (vocalized pause) (silence) o S CT
0=l e ol (silence) yuw w) 23 cwyi (I YgmaS S Ugm o 0dMe Blps cilise 5 lasgS

75



This sentence will be split into the following four segments:

e STl

e B)b (5 Guoss el ¥
On A 3 ey (§ eSS g e 0dde (Bl iline 5 lasS e

The figure below (Figure 24) shows the waveform for the above sentence (in Praat) and marks

the different points at which this speech file should be segmented:

M 1. Sound SPO2_MIC_M_06-05-09_D6
Fle Edit Query Wiew Select Spectrum PFitch Intensty Formant Fulses

0.3105

5751250

40334
I |
Segment 3
Segment 1 Segment 2 Segment 4
Ta seetha analses, 200m in 10 2t moet 10 secands,
of raise the “longest analysis® sefting \r;vﬂh “Show analyses® in the View menu.
5.751250 [ 5.751250
o] Wigible part 11.802500 seconds 11502500
Total duration 11502500 seconds
all | in | out| self ; | | j; Group

Figure 24 - Splitting Interview recordings (courtesy of CRULP-CMU ASR team)

5.3.5 Timing Statistics of Interview sessions

The test interviews that were conducted for the thesis showed that the complete questionnaire

(shown in Appendix E) took around 2 hours to record and provided with around 90 minutes of

speech data. However, the task of splitting and transcription is very time consuming. Following

are the actual statistics of the splitting and transcription task for the 120 minutes of interview

data by 2 trained linguists:
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The total time taken to split interviews into utterances and to transcribe 128 minutes of
recorded interviews by trained Urdu typists was around 5460 minutes (91 hours). That would
mean that it takes around 42 minutes to split and transcribe 1 minute of spontaneous speech on
the average. The 128 minutes of spontaneous speech recordings produced 108 minutes of

actual speech after splitting and removing extra silence, noise, repetitions etc.

5.3.6 Phonetic vs. Phonemic transcription

This is one of the major questions; will the speech files be transcribed phonetically or
phonemically? The difference is that in phonemic transcription the words are transcribed as
these should be uttered. This is mostly rule based and can follow from the Urdu script without
even hearing the speech files. This makes it easier to perform and given an Urdu text corpus we
can simply generate a phonemic transcription from our (already phonemically transcribed)
lexicon. On the other hand the phonetic (or narrow) transcription requires actually hearing the
speech files and to perform the transcription as the words have been actually pronounced. This
is not only a tedious and time consuming process but also brings out further challenges as
sometimes the uttered phone can actually lie between the boundary of two phones or map onto
a new phone (for that language) altogether. The transcription may require the study of
spectrograms to reveal the actual phone designation in addition to perceptual response.
However, this approach is better for the acoustic model training as it establishes a more

accurate mapping between phones and acoustic waveforms.

For the purposes of the thesis it was decided that the initial training of the speech recognition
system should be done on the basis of phonemically transcribed corpora. This will rapidly
generate the test results and then on the basis of the error analysis we can phonetically
transcribe the corpora in part or as a whole at a later stage in the project. However, diacritics
based disambiguation is being done for confusable words of Urdu to facilitate correct lookup of

the phonemic lexicon.
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5.3.7 Tools Developed — The Urdu Auto completer and Lexicon Development

Utility

In order to facilitate the task of transcription of the interviews and building of the lexicon an

Urdu auto completion and phonetic transcription utility was developed in Java. The main

objectives behind the utility were as follows:

To facilitate the task of Urdu transcription by providing auto complete options from the
lexicon

To prevent spelling errors

To allow the typist to write the words in exactly the same way as previously available in
the lexicon. This prevents errors at a later stage when these transcriptions are compiled
for use with Sphinx. This is necessary as many words of Urdu can be correctly written
using more than one way (e.g. with or without diacritics, or even with partial diacritics)
In addition this will prevent or at least reduce collation and normalization errors

To indicate that a typed word does not exist in the lexicon

To allow phonetic transcription of words in CISAMPA format

To allow addition of entries to the lexicon

To give the facility of rule based letter to sound conversion of Urdu words

Figure 25 shows the interface of the software. The interface and its different uses are

summarized below:

The area indicated as “Typing Area” is the where the sentences to be transcribed are
typed. As a word is typed the auto-completion suggestions from the lexicon start
appearing in the menu area labeled “Auto complete suggestions”

This menu can be scrolled using the menu bar or the Page Up and Page Down keys.
Pressing Insert key or the button marked “<<” replaced the partially typed word in the
Typing Area with the suggested word

The text area below the auto complete suggestions menu shows the CISAMPA

transcription of the suggested word. This way, even if there are no diacritics of the
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lexicon entry the typist can recognize the pronunciation of the suggested word and may

scroll to choose the most appropriate one

= OX

Typing Area Auto complete suggestions

Autocompletion and Phonetic Transcription Utility for Urdu

rE e CugS Al -

gl

Al

-
sl

ad

gl

4] Il | [»

Word Transcription CISAMPA Transcription

[4]

Elﬁ GAAD ZZAR GAAD_ZZAR

‘ To CISAMPA (Rule Based) ‘ | Write to entry to Lexicon ‘

‘ Revert to Old Value ‘ | Write Sentence to File ‘

Figure 25 - Urdu Autocompleter

e The text areas labeled “Word” and “Transcription” are meant to help in the lexicon

construction process. That can be accomplished using any of the following two methods:

o As text is typed in the main Text Area the word being typed also appears in the

area labeled “Word” and the CISAMPA transcription of the closest match found

in the lexicon is shown in the “Transcription area”. If the word and the

transcription is satisfactory at any given time, the typist can press the button

“Write Entry to Lexicon” to add the entry and its transcription to the lexicon.

This will also add a Romanization of the word to the lexicon as explained in the
Section 5.4.1

o The text area marked “Word” is editable and words can be typed here. Its

transcription in the area marked “Transcription” can also be edited and then can

be added to the lexicon as explained in the previous section
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o If a new word is typed in the Main Text Area i.e. a word not previously in the
lexicon, the text area marked “Word” turns yellow to indicate this as shown in
Figure 26. The typist can simply add the transcription in the transcription area
by hand using the lexical best match suggestion (which is already present there)

or can use the Letter to Sound option as explained below

- OX

Autocompletion and Phonetic Transcription Utility for Urdu

Typing Area Auto complete suggestions
il e CugS Al 2]
TPy
sl
15
g §
sl =
atd
L geald -]
1] Il [ [ ¥]
Word Transcription CISAMPA Transcription
calk GAAD_ZZAR GAAD_ZZAR
| To CISAMPA (Rule Based) | | Write to entry to Lexicon |
| Revert to Old Value | | Write Sentence to File |

Figure 26 - Auto completer new word warning

e The “To CISAMPA (Rule Based)” option provides letter to sound conversion option for
the text written in the Word text area. Pressing this button gives the CISAMPA
transcription suggestion in the transcription text area which can be modified if
required. As shown in Figure 27, the suggestion gives the correct transcription for this
hypothetical word as it is completely diacritized, otherwise it would have given partial

transcription
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Autocompletion and Phonetic Transcription Utility for Urdu

Typing Area Auto complete suggestions
ENT P PPENPES Al izl
gl
il
1E
- o
sl =
lald
il -]
1] Il | [ ]
Word Transcription CISAMPA Transcription
Al GAADD_ZZAB GAAD ZZAR
| ToCISAMPA (Rule Based) | | Write to entry to Lexicon |
| Revert to Old Value | | Write Sentence to File |

Figure 27 - The letter to sound option

e Finally the button marked “Write Sentence to File” writes the sentence to a predefined
Unicode file. The button “Revert to Old Value” simply revert from the letter to sound

rules based CISAMPA suggestion to the lexical suggestion in case if it is ever desired

5.4 Compilation of files required by Sphinx

The Sphinx speech recognition system requires many different files in specific formats to be
able to perform the training and decoding tasks. Manually generating these files is a lengthy job
which is also more susceptible to errors, which may not be easy to detect at a later stage. For
this project the Sphinx-3 trainer and Sphinx-3 decoder has been used. Some tests were also
performed with Sphinx-4. This section discusses the files required for all these systems as well
as the Sphinx file compiler that I developed to facilitate the file generation and data analysis

tasks. Let us start with some basic issues and their solutions that we had to come up with.
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5.4.1 Phonetic transcription using CISAMPA

The phonetic transcription (actually phonemic as mentioned earlier) needs to be done is some
phonetic notation. IPA uses the Unicode character set and is hence not usable as Sphinx does
not as yet recognize Unicode. This led us to use the SAMPA character set which we had to
abandon very soon as Sphinx is not case sensitive and hence does not differentiate between

capital and small case letter; whereas SAMPA distinguishes between many characters on the

basis of case like n (for [ n ]) vs N (for [ n ]). We could not use X-SAMPA [49] as it largely relies

upon special characters in its character set e.g. \, < etc. Since these characters needed to be used
as files names as well (where use of many special characters is not allowed e.g. \) and moreover
certain software systems treat these special characters as control characters or position
markers. Therefore, a notation free from special characters was required. ARPABET [50] could
have provided the solution but the ARPABET notation is too specific for American English

pronunciation (for which it has been developed) and is difficult to read for Urdu sounds. E.g.

Urdu word = ([b 1d511]) is more readable as B1D_ZZ L II (in CISAMPA) than B IH JH L 1Y (in
ARPABET) or 15 ([ b 9 ]) can be represented as B A RR A (in CISAMPA) but I was unable to

find any character for the retroflex [ { ] in ARPABET, same goes for many other Urdu specific

symbols like nasal vowels. In short, ARPABET is too English specific and not suitable for Urdu.

Therefore a notation similar to SAMPA was needed which is also case insensitive. Hence using
SAMPA character set as a starting point a phonetic character set was developed for the
purposes of this thesis and project. It was named CISAMPA (Case Insensitive SAMPA). The
character sets are shown side by side in Appendix A. The basic rules of conversion from SAMPA

to CISAMPA are as follows:

e The complete character set is in capital case

e The character set does not include any punctuation mark or special character like @ or
/ or ? etc. as these may be treated as control characters or position markers in different
software systems

e Most of the consonants have been converted simply by converting them into capital
form
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e Dentals are indicated by an _D, as [ t ] is represented as T_D

e Aspiration is indicated by _H, as [ t "] is represented by T_D_H

e Retroflex is indicated by double characters e.g. [t], [ d ] and [ ] are represented as TT,
DD and RR (this remains true for the alveolar versions of the former two as well i.e [ t ]
and[d])

e Short vowels are indicated by single capital character while long ones by double capital

characters (Afor [0 ] and AAfor[a])

e Some vowels are represented by ARPABET like notations like [ e ] is represented as AE

Nasals are represented by appending an N e.g. [ € ] is represented as AEN

5.4.2 Unicode text format

Sphinx does not support Unicode text format as yet, while Urdu script uses Unicode characters.
Therefore, a Unicode to ASCII mapping mechanism was required. A simple solution for this
problem was developed. As the phonemic transcription in CISAMPA is done using the lexical
lookup, and the CISAMPA notation is completely ASCII based therefore the Romanization is
simply done by removing the spaces from the CISAMPA transcription. This produces a one-to-
many mapping between Urdu and CISAMPA but a one-to-one mapping between Romanization
and CISAMPA. The phonetic lexicon hence contains entries in Urdu mapped to Romanization
and CISAMPA transcription as shown in Figure 28 (extra tabs have been added to improve

readability) which is a sample from the phonetic lexicon.
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Urdu CISAMPA Romanization

el A S S II ASSII

Jg AN AN

Raf U D 27 AA G A R UD_ZZAAGAR
»f UDDHAR UD_D_HAR
o UU S UUs

~! U s AE USAE

wl UMIIDD UMIID D

& U TT_H AA UTT HAA

w3l U TT H AA UUN UTT HAAUUN

Figure 28 - Phonetic Lexicon

5.4.3 Files required by Sphinx for training

Following files are required by Sphinx for training:

5.4.3.1 Audio Data

The audio data files (speech files) are required to be in NIST or .WAV format. These files will be
used in developing the Mel Frequency Cepstral Coefficients (MFCCs) using which, the system
will be trained. The files I used were in .nist format, single channel, sampled at 16000 Samples
per second at 16 bits per sample in little Endean format. All utterances (sentences) were

followed and preceded by silence.

5.4.3.2 Dictionary File

The dictionary file establishes the word to phonetic transcription mappings. In our case it
contains Roman to CISAMPA transcription mapping. More than one pronunciation mappings

can be shown with a (1) and (2) etc. after the word.
For example

AEK AEK

AEK(1) AAAEK

However, in our case as the Romanization is done after CISAMPA transcription there will only

be a one-to-one mapping. The one-to-many mapping can be done in the phonetic lexicon
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between Urdu and CISAMPA transcription. A sample from the dictionary file is shown in Figure

29.

LAAUBAALII LAAUBR AL II

D DUGNAA DDUGN AA
SHAAGIRD D SHAA G IRDD

T SHARR_HAAOO T SH A RR_H AA 00
LAAD DIINJAT D LAADDIINUJATD
ATTTT HAAIIS A TT TT_H AA II S

T DAD ZZARBAA T DADZZ ARB AA
PUUNT SH_ HNAE P UUNT SH HN AE
D ZZONAA D ZZ O N AA
KAYOOLARII K AY OO L A R II
BILAAXOF BILAAXOTF

Figure 29 - Dictionary File

5.4.3.3 Filler Dictionary File

The filler dictionary contains the filler words e.g. the words for mentioning silence and special
sounds like cough, breath, chair creaking, door closing etc. I have defined the non-speech
utterances i.e. the start of utterance silence <s>, the end of utterance silence <\s> and the
middle of utterance silence <sil> in the filler file. | have mapped them all to the same phone SIL,

which models silence or the background noise. A sample is shown in Figure 30.

<s> SIL
</s> SIL
<sil> SIL

Figure 30 - Filler File

5.4.3.4 Phone Definition File

The phone file defines all the phones used in the dictionary file including the silence SIL There

should be no empty lines in this file. A sample is shown in Figure 31.
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= N @

AEN

SH
SIL

Figure 31 - Phone File

5.4.3.5 File IDs definition file

In the file train file ids file, all audio file ids without extensions with references to the root folder

are defined. A sample is shown in Figure 32

an4 train/cl
an4 train/c2
an4 train/c3
an4 train/c4
an4 train/c5
an4 train/cé6
an4 train/c7
an4 train/c8
an4 train/c9
an4 train/clO0
an4 train/cll
and train/cl2

Figure 32 - File IDs

5.4.3.6 Transcription File

The train transcription file establishes sentence to utterance mappings. These are not phone to
audio mappings but mappings between the words in the left column of the dictionary file and
the audio files. It is important to note is that the files should be in the same order as described

in the training file IDs file. First few lines of my file are shown in Figure 33.
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<s> NIILAM NAE SAALGIRAA PAR HAYDD SAYSMOOGIRAAF ASVADiD QURAYSHII KAE
MAAT D HAE PAR AYNTT HAN OR 7AM KII AATiDISHIIN RO MEHSUUS KII </s> (cl)
<s> HAAD 7ZITI MUD ZZAAHID D BILGIRAAMII MAXZAN OR 7AZVAA KAE AEK ARAB
QAARAIIN MAEN INT DIHAATT SAAD_DIQ OR D ZZAYNUUIN QAARIT T D HAE </s> (c2)
<s> SAAMAEIIN INFAARMAESHAN KII G_HAN GARAD_ZZ SUNAEN T_DOO VIIZAE KII
RIPOORTT MAEN POOSHIID_DAA AEK MEHD DUUD D EL VII DDOOMAYSTTIK PAYKID ZZ
HAE </s> (c3)

<s> KAMJOONISTT LOOGOON NAE T DANG HOONAE KAE BAAVAD 7zUUD D KAII SHUBOON
MAEN T DAND DIHIT SAE APNAE KAYRITAR KOO MUZAYJAN KAR LIJAA </s> (c4)

<s> TTARAANSFAARMAR PAR MIDDNAAITT MAEN SHAAHIIN GID D H OR UQAAB
SAMAET D T SHESTT KAE BAL SARAEAAM SAYNKRROON BARDD BAYTT HT DAE HAYN </s>
(c5)

<s> KARRVAE QAHVAE KAA SHAYD_DAAII AST7AR KAASHMIIRII BAAT7BAANII SIIK_HNAE
VAALAA PAANT_SHVAAN MANAED ZZAR HAE </s> (c6)

<s> PATT_HTT_HOON OR SIRKAA HAAD_DSAAT_DII D DARD D BAAM SAE FORAN
SULD ZZ HAAAEN P HIR MIITT HAE OR KOOLAYSTTAROOL SAE BAT SHAEN </s> (c7)

Figure 33 - Transcription File

5.4.4 File required by Sphinx-3 for decoding and running tests

To recognize given speech files, the Sphinx-3 decoder can use the acoustic model files that are
generated in the training phase and a language model file, generated separately. The tests can
also be run in batch mode to calculate Word Error Rate, Accuracy and to get detailed alignment

results. Following are the main files required for running the batch mode tests:

5.4.4.1 Test Audio speech files

Just like the training mode, the files to be recognized should be present in NIST or WAV format
in the given directories. The file characteristics can be set in the decode configurations file.
5.4.4.2 Test File IDs

Like the Train File IDs, this file contains the file names of the test files, placed in the root test
directory (can be defined in the decode configurations file).

5.4.4.3 Test Transcription

This file contains the names and word transcription of the test files as the train transcriptions
file. The files are mentioned in the same order as in the test file IDs file. These are considered to
be the reference transcriptions against which Sphinx compares its decoding hypothesis, aligns

these two and calculates the error and accuracy results.
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5.4.4.4 Language Model

The Unigram, Bigram or Trigram language models can be generated using either the online
language modeling utilities [51] if the unique word count is less than 5000, or the Statistical
Language Modeling (SLM) toolkit [14], which works in Linux environment. The SLM toolkit is
also useful as it allows more options for generating the Language Models, e.g. different
smoothing strategies like absolute, Witten-Bell discounting, Linear Interpolation and Good-
Turing Smoothing. There are many other options described in Appendix G. The ASCII based
language model has to be converted into a binary dump file using the utility Im2dmp, as Sphinx-
3 recognizes binary language model files. Figure 34 shows a few lines from a Linear

Interpolation based trigram language model generated by the SLM toolkit.

FHEHHE A A AR A A A A R R R R
## Copyright (c) 1996, Carnegie Mellon University, Cambridge University,
## Ronald Rosenfeld and Philip Clarkson
B i

This is a 3-gram language model, based on a vocabulary of 5658 words,
which begins "7AAFIL", "7AAIB", "7AAJAT D"...

This is an OPEN-vocabulary model (type 2)
(0.50 of the unigram discount mass was allocated to OOVs)

Linear discounting was applied.

l-gram discounting ratio : 0.557447

2-gram discounting ratio : 0.166305

3-gram discounting ratio : 0.0673904

This file is in the ARPA-standard format introduced by Doug Paul.

p(wd3|wdl,wd2)= if (trigram exists) p_3(wdl,wd2,wd3)
else if (bigram wl,w2 exists) bo wt 2(wl,w2)*p(wd3|wd2)
else p(wd3|w2)

p(wd2|wdl)= if (bigram exists) p 2 (wdl,wd2)
else bo wt 1(wdl)*p 1 (wd2)

All probs and back-off weights (bo wt) are given in loglO form.
Data formats:
Beginning of data mark: \data\

ngram l=nr # number of l-grams
ngram 2=nr # number of 2-grams
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ngram 3=nr

\l-grams:

p 1

wd 1 bo wt 1

\2-grams:

p 2

wd 1 wd 2 bo wt 2

\3-grams:

p_3

wd 1 wd 2 wd 3

end of data mark: \end\

\data\
ngram 1=5659
ngram 2=9871
ngram 3=10881

\l-grams:

-0.
-4.
-4.
-4.
-4.
.3151
-4.
-4.
.3151
-4.
-4.
.3151
.3151
.3151
.3151
.3151
.3151

-4

-4

3541
3151
3151
3151
3151

3151
3151

3151
3151

.9523
.9523
.9523
.9523
.9523
.9523
.9523
.6513
.9523
.9523
.9523
.9523
.9523

L1714
L1714

<UNK> 0.0000
7AAFIL-0.0790
7AAIB -0.0790
7ARJAT D -0.0790
7AALIB -0.0750
7AAN  -0.0789
7ABAN -0.0790
7AD_DD_DAAR-0.0790
7AFLAT D -0.0732
7AFUUR -0.0686
7AJJUUR -0.0790
7ALAT D -0.0750
7AM -0.0707
7ANII -0.0790
7ARIIB-0.0719
7ASAB -0.0785
7ASHII -0.0732

KOO HUVAYD DAA 0.0487
KOO IIFAA 0.0487

KOO JAELOO 0.0487

KOO KAAMJAAB 0.0074
KOO KALIID DITI 0.0487
KOO KANVAENS 0.0487
KOO KAT SHOOKAE 0.0487
KOO KIJAA -0.0271

KOO KIRAYSH 0.0487

KOO KOOHIST DAAN 0.0487
KOO K HIRRKII 0.0487
KOO K HULAE 0.0074

KOO LAAHIQ 0.0487

ZUAMAA OR MUAZZIZIIN
ZUBAAN GAMB HIIR NAA

# number of 3-grams
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-1.1714 ZUHR T DAK SAANSAEN

-1.1714 ZUHUUR XAAN KAE

-1.1714 ZULAYXAA SAHAELII KII

-1.1714 ZULD_ZZALAAL D_DAAOO OR

-1.1714 ZULD_ZZINAA KII SUFAYD DII
-1.1714 ZULFAEN T DOOLJAE SAE

-1.1714 ZULFII PARAAIIVAETT HOOMIIOOPAYT D HII
-1.1714 ZULFIQAAR KII KAII

-1.1714 ZULFOON KAE SINNGG HAAR

-1.1714 ZULM KAII GANNAA

-1.1714 ZUMRAE MAEN AAT DII

-1.1714 ZURUURIIJAAT D ZIJAAD DAA AZAAB
-1.1714 ZUUD_D KOSH AEZAAZ

-1.1714 ZUUD DHIS OR OOT SH HAE

-1.1714 ZZANG D ZZAYGUUAR MASHIINRII

Figure 34 - Language Model File

5.4.5 Test Files required for Sphinx-4 decoder

The Java based Sphinx-4 decoder requires the following files for running the performance tests:

5.4.5.1 Speech Data Files

The speech files should be in header less raw data format (.raw), in single channel, 16K

samples/second, 16 bit Big Endean Format. The SOX audio converter for windows [52] was

used to convert the NIST files in batch mode into RAW files.

5.4.5.2 Wordlist File

It contains the wordlist grammar. We can also run tests on Bigram and Trigram grammar files.

Figure 35 shows an example.

T DAHSIILOON
HAD DD DAENAZAR
RANGVAAAEN
HAARVAYSTT
SAARIFITJAT D
PARSAAD D

P _HISALT DII

T SHAAILDDLAEBAR
KAB_HUU

D ZZUUT DIJAAN
SAMAD 77 HNAE

T D HIRII

SAMAD 77 HNAA
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P_HUULAEN
SUD_D_HARNAE

SUD_D HAART DII
FAYKSIZ

MUUDD

D DILGURD DAE

BAYLT SHAHBARD DAAR
VAD 7ZD DAAFRIIN

HAYD ZZAAN
TTAYLIIVIIZZANSIKRIIN

Figure 35 - Wordlist grammar file

5.4.5.3 Transcription Batch File

This is the main test file where file names, file paths and transcription of the sentences is given.

This transcription is used as the test reference. Figure 36 shows an example.

/an4/wav/cl.raw NIILAM NAE SAALGIRAA PAR HAYDD SAYSMOOGIRAAF ASVAD D
QURAYSHII KAE MAAT D HAE PAR AYNTT HAN OR 7AM KII AAT DISHIIN RO MEHSUUS
KIT

/an4/wav/c2.raw HAAD %ZII MUD ZZAAHID D BILGIRAAMII MAXZAN OR 7AZVAA KAE
AEK ARAB QAARAIIN MAEN INT DIHAAII SAAD DIQ OR D_ZZAYNUUIN QAARII T D HAE
/an4/wav/c3.raw SAAMAEIIN INFAARMAESHAN KII G HAN GARAD 7% SUNAEN T DOO
VIIZAE KII RIPOORTT MAEN POOSHIID DAA AEK MEHD DUUD D EL VII DDOOMAYSTTIK
PAYKID 77 HAE

/an4/wav/c4.raw KAMJOONISTT LOOGOON NAE T DANG HOONAE KAE BAAVAD ZZUUD D
KAII SHUBOON MAEN T DAND DIHII SAE APNAE KAYRIIAR KOO MUZAYJAN KAR LIJAA
/an4/wav/c5.raw TTARAANSFAARMAR PAR MIDDNAAITT MAEN SHAAHIIN GID D H OR
UQAAB SAMAET D T SHESTT KAE BAL SARAEAAM SAYNKRROON BARDD BAYTT HT DAE
HAYN

/an4/wav/c6.raw KARRVAE QAHVAE KAA  SHAYD DAAITI  AST7AR  KAASHMIIRII
BAA7BAANII SIIK HNAE VAALAA PAANT SHVAAN MANAED ZZAR HAE

/an4/wav/c7.raw PATT HTT HOON OR SIRKAA HAAD DSAAT DII D DARD D BAAM SAE
FORAN SULD ZZ HAAAEN P _HIR MIITT HAE OR KOOLAYSTTAROOL SAE BAT SHAEN
/an4/wav/c8.raw KAYOOLARIT DDAYM KII MOZUUNITIJAT D SAMD 77 HAANAE OR
ID DAARAE KAE ARKAAN KIT T DARBIIJAT DIT XID DMAAT D KAE LIIAE HABIIB NAE
T DIHRIIK T SHALAATII

/an4/wav/c9.raw IQT DISAAD DII MUAAMALAAT D KII T DAFHIIM OR FARMAAN
BURD DAAR NOOD_ ZZAVAANOON KII BARIIFING GUFT DGUU MAEN SARAEFAHRIST D
LIK_HAEN

/an4/wav/cl0.raw SAD 77D ZZAAD D RAYSKIJUU MALUUMAAT D K _HANGGAALNAE KAE
BAAD D D ZZAANAE KIJUUN BILAASOOT SHAE AT SHAANAK SUUIMING PAR RAA7IB HAE

Figure 36 - Sphinx-4 transcription file
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5.4.6 Tools developed — the Sphinx Compiler

As can be seen from the above given descriptions, if all these files are generated manually, it will
be a very time consuming task and will result in a lot of errors. Therefore, it was required to
automate this process as much as possible. A Java based program was developed for the
generation of these files and for the analysis of training and test data as well. The software also
provides many utility functions e.g. CISAMPA based Roman to Urdu Unicode converter etc. that
are essential for the completion of decode process back to Urdu. Following sections give a
detailed description of the files required as input along with the file format and examples. And

sample output files.

5.4.6.1 Description of Input Files

Following is a brief description of the input files required by different functions of the Sphinx

Files Compiler:

5.4.6.1.1 Unicode Training data File

This is a simple sentence corpus of Urdu, which provides the transcription of the audio data
files used for training. The file is required to contain one sentence per line (in the same order as
the speech files in which these sentences are uttered). The file must be in 16 bit Unicode, Big

Endean Format. Figure 37 shows a sample of first few lines.

S Uogenn 9y el (5 ok sl gl p Al 5 (s B dgenl Bl Sgacns Sy 0 STl 3 ol
& )6 w9l Bl il jre (1B )l Sl 5 o958 9l Ui IR Wlne (-

9 R 399mme ol onigy (ue Liygr) § g 95 s TS S § eyl (purals

2 7Sa Sunney’

LIS gpe 85 S &l e (i gae Ugende (S 3529L & 2 50 S5 3 S s ansigaS

itie Sy Q9o plojs J 8 o caan Olis gl 25 olis yre cibie p ye)lecil
. ya gloasl Wy saSos Bleb g uaiak jrol Gloni K 293 2 S

Figure 37 - Unicode Training Data File
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5.4.6.1.2 Unicode Test data File

This is a sentence based corpus for the test data. The requirements and format are the same as

for the training data file shown in section 5.4.6.1.1.

5.4.6.1.3 Phonetic Lexicon

The phonetic lexicon (as shown in Figure 28) is also in 16 bit Unicode Big Endean format. It
presents a mapping between Urdu words, CISAMPA transcription and Romanized versions of
those words. If a word has multiple pronunciations it must be defined with as many entries
with different CISAMPA and Romanization in each case. Thus this file produces a one-to-many

mapping from Urdu to CISAMPA transcription and Romanization.

5.4.6.1.4 Decode Results File

Sphinx-3 and Sphinx-4 produce the decoding results in the given Romanization format. This file
contains the ordered decoding results. It is in plain ASCII file format as shown below in Figure

38.

NITILAM NAE SAALGIRAA PAR HAYDD SAYSMOOGIRAAF ASVAD D QURAYSHII KAE
MAAT D HAE PAR AYNTT HAN OR 7AM KII AAT DISHIIN RO MEHSUUS KII (ctl)

HAAD 7Z7ZII MUD ZZAAHID D BILGIRAAMII MAXZAN OR 7AZVAA KAE AEK ARAB QAARAIIN
MAEN INT DIHAAII SAAD DIQ OR D ZZAYNUUIN QAARII T D HAE (ct2)

SAAMAETIN INFAARMAESHAN KII G HAN GARAD 77 SUNAEN T DOO VIIZAE KII
RIPOORTT MAEN POOSHIID DAA AEK MEHD DUUD D EL VII DDOOMAYSTTIK PAYKID ZZ
HAE (ct3)

KAMJOONISTT LOOGOON NAE T DANG HOONAE KAE BAAVAD 7ZZUUD D KAII SHUBOON MAEN
T DAND DIHII SAE APNAE KAYRIIAR KOO MUZAYJAN KAR LIJAA (ctd)
TTARAANSFAARMAR PAR MIDDNAAITT MAEN SHAAHIIN GID D H OR UQAAB SAMAET D
T SHESTT KAE BAL SARAEAAM SAYNTTAR OO BARDD BAYTT HT DAE HAYN (ct))

KARRVAE OQAHVAE KAA SHAYD DAAITI AS7AR KAASHMIIRII BAA7BAANII SIIK HNAE
VAALAA PAANT SHVAAN MANAED ZZAR HAE (ct6)

Figure 38 - Sphinx-3 results file

5.4.6.2 Functions provided by Sphinx Compiler

5.4.6.2.1 Construct Dictionary File

Inputs: Unicode Training Data File, Unicode Test Data File, Phonetic Lexicon.
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Output: Dictionary file for Sphinx in the required format, with Roman Urdu to CISAMPA

transcription mappings.
Options: Three options are available:

1. Generate the dictionary only from the words in the Unicode Training data file
2. Generate the dictionary from the combined set of test and training data
3. Generate the dictionary from all the entries in the phonetic lexicon which are composed

entirely of the phones which were present in the training data

Errors: The function will exit with error if a word is encountered which is not available in the

Phonetic lexicon (Please see section 5.4.6.2.9.1).

5.4.6.2.2 Construct Romanized Corpus for Language Model Generation

The corpus for Language Model generation is required to be in ASCII encoding. This is to be
supplied as input to the online Language Model tool or the Statistical Language modeling

toolkit.

Inputs: Unicode Training Data File, Unicode Test Data File, Phonetic Lexicon
Output: Romanized version of the Input Corpora

Options: Four options are available:

1. Generate the Corpus only from the training data without silence markers (<s> and </s>)
before and after each sentence (this can be used with the online Language Modeling toolkit
which can insert these silence markers itself)

2. Generate the Corpus only from the training data with silence markers (start: <s> and end:
</s>) before and after each sentence (This is required by the SLM toolkit)

3. Generate the Corpus from the combined training and test data without silence markers (<s>
and </s>) before and after each sentence (this can be used with the online Language
Modeling toolkit which can insert these silence markers itself)

4. Generate the Corpus from the combined set of training and test data with silence markers
(start: <s> and end: </s>) before and after each sentence (This is required by the SLM

toolkit)
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Errors: The function exits with error condition if an entry in training and/or test data
(depending on the selected option) is not found in the phonetic lexicon (Please see

section 5.4.6.2.9.1)

5.4.6.2.3 Generate Train IDs and Test IDs

Inputs: Unicode training and test data files, File name prefixes, file number ranges and

locations of files on the disk

Outputs: Training and Test IDs files.

5.4.6.2.4 Generate Train and Test Transcription Files

Inputs: Unicode training and test data files, File name prefixes, file number ranges, Phonetic

Lexicon
Outputs: Training and Test Transcription files for Sphinx-3
Options: Following options are available for the training and test transcription files

1. Every sentence is transcribed with silence variable (SIL) between all words, and <s> before
every sentence and </s>.after every sentence This is useful for non-continuous speech
recordings, as we performed in the first step for the phone cover sentences

2. Every sentence is transcribed with <s> before every sentence and </s>.after every sentence

This is useful for continuous and spontaneous speech recordings

Errors: The function exits with error condition if an entry in training and/or test data
(depending on the selected option) is not found in the phonetic lexicon (Please see

section 5.4.6.2.9.1)

5.4.6.2.5 Generate filler dictionary

This is a hard coded function and generates the filler dictionary for the filler words.
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5.4.6.2.6 Generate Phone File

This function generates the phone file required by Sphinx-3 and 4, which contains all the

phones that are present in the training data.

5.4.6.2.7 Generate Report

This is a very useful function which generates a statistical report about the training and test
data. This information is required to predict the baseline for word error rate and also to
determine training and testing statistics. Figure 39 shows a sample of the report file. Most of the

information is self explanatory however, some parts are described below:

The difference between the entry “No of unique overlapping words between the training and
test data:” and the entry “No of overlapping words occurring in the test data:” is that the former
gives a count of the number of distinct words in the test data for which the system will be
trained by the training data, while the later gives a count of the number of instances of words in

the test data for which the system will be trained by the training data.

The four frequency files generated output the extent of training for individual words or phones
that the system receives and the extent of testing for individual words that the system will
perform. Appendix show samples of all these files for one particular instance of training and

testing data.
Inputs: Unicode Training and Test data files, Phonetic Lexicon

Output: Report File and four Word-Frequency and Phone-Frequency files
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Test Report Generated on: Sat Jun 27 04:01:19 VET 2009

No of Sentences/Utterances in the training file: 1685
No of Sentences/Utterances in the testing file: 50
No of words in the training file: 10677

No of words in the testing file: 313 i.e. 2% of Training Data

No of Unique words in the training file: 1284
No of Unique words in the testing file: 125 i.e. 9% of Training Data

No of Phones in the training file: 36998
No of Phones in the testing file: 1172

No of Unique Phones in the training file: 57
No of Unique Phones in the testing file: 46

No of Unique overlapping words between the Training and test data: 113
No of Unique overlapping Phones between the Training and test data: 46

No of Unique non-overlapping words between the Training and test data: 12
No of Unique non-overlapping Phones between the Training and test data:
0

No of Overlapping Words occurring in the test data: 301
No of Overlapping Phones occurring in the test data: 1172

No of Non-Overlapping Words occurring in the test data: 12
No of Non-Overlapping Phones occurring in the test data: 0

Phone to Frequency for training File written to: Sphinx\Testl\TrP2Fr.txt
Phone to Frequency for testing File written to: Sphinx\Testl1\TeP2Fr.txt
Word to Frequency for training File written to: Sphinx\TestI\TrW2Fr.txt
Word to Frequency for testing File written to: Sphinx\Testl\TeW2Fr.txt

Figure 39 - Sample Report File

5.4.6.2.8 Generate Files for Sphinx-4 tests

Two methods provide the required functionality for performing the Wordlist grammar tests on
Sphinx-4. The two files “Wordlist.batch” and “WordlistGrammar” are generated using similar
methods as employed in producing the dictionary file and the transcription files. The inputs are

same as well. The file format is correctly managed by the functions.
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5.4.6.2.9 Utility Functions

The following utility functions are developed to assist in the overall corpus generation and

Sphinx Files generation process.

5.4.6.2.9.1 Identify new/incorrect words in the Training and Test Data and Suggest Phonetic

transcription

This very useful function should be run before running the Sphinx Files compilation. It
generates a list of words (if any) that are present in the Training or Test corpus but not in the
Phonetic Lexicon. In addition to that it uses the letter to sound rules to generate a suggestion
list with the suggested CISAMPA pronunciations for each word. If the words are properly
diacritized then the suggestions can be completely correct. Otherwise a manual review can be
done to correct any mistakes. These words can then be added to the phonetic lexicon.
Sometimes incorrectly typed words or missed spaces etc. are also present in the input corpora,

which are also caught at this level.

Inputs: Unicode Training and Test corpora, Phonetic Lexicon, Letter to Sound Rules’ Files

(three files, for three letter, two letter and one letter sounds)

Output: An exception list file, which lists the new words along with transcription suggestions in

CISAMPA. An example of the output is shown in Figure 40.
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oSewlo B N AA S K AEN
2l P HN TT SH AR D D AE
09 S K R D_D OON

=3 Q N II TT SH II

A N DD 77 H AE

Q9L TT AA OO N

uedbos PNTDAAL II S

2 gand K PMII OO TT R
Susles S AR F TT II K

IT R IT ZZ N

G

sl yguaS K M P IT 00 TT R S AA A II N 8

K R R H AA H OON
F

IT R OO Z P OO0 R

Figure 40 - New Words file

5.4.6.2.9.2 Convert from CISAMPA Romanization to Urdu

This functions converts back from CISAMPA based roman script to Urdu Unicode. This can be
used to view the recognition results in the Urdu script. It performs a many to one mapping as
the multiple pronunciation mechanism in Sphinx in our case is being dealt with in the phonetic
lexicon. A word having different pronunciations can be repeated in the lexicon followed by the
different Roman and phonetic transcriptions. This reverse conversion function maps all the

different Romans back to the same word as mentioned in the phonetic lexicon.
Inputs: CISAMPA based Roman transcription file, Phonetic lexicon
Output: Urdu Unicode file

Errors: The function will give an exception if a word which is not in the phonetic lexicon is

encountered.
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5.4.6.2.9.3 Generate SOX batch script

Sphinx-4 requires all the audio files in mono channel 16 KHz, 16 bit Big Endean RAW files.
Therefore, the test audio files previously in NIST format have to be converted. This function
generates a batch script for all the test audio files for the required conversion and sets all the
parameters required by Sphinx. The SOX audio conversion utility for Windows® [52] is used by

the batch file to perform the required conversion.

5.4.6.2.9.4 Convert Phonetic Lexicon from SAMPA to CISAMPA

This function was developed to convert the Phonetic lexicons which were previously
transcribed using standard SAMPA into the new CISAMPA transcription for the purposes of this

thesis.

Inputs: Phonetic Lexicon in SAMPA, SAMPA to CISAMPA rules file

Output: Phonetic lexicon transcribed in CISAMPA

Errors: If a non-standard SAMPA symbol is encountered the function gives an error. Solution:
New rule(s) can be added to the SAMPA to CISAMPA conversion rules file.

5.4.6.2.9.5 Calculate total Length of NIST files

This function reads the audio file duration from the NIST file header and performs a sum of the
durations of the range of files given in the input. It provides an easy way of estimating the actual

length of speech files after splitting.

Inputs: Directory path where the files are stored, File name prefix, File name starting number,

File Name Ending Number

Output: Displays the total duration of the NIST files in range on the console in minutes and

seconds.
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5.4.6.2.9.6 Replace all using mapping file

It is often required while cleaning up a new text corpus to batch replace entries in the input
corpus e.g. missing spaces etc. as shown in Figure 40 can be corrected once and then replaced

all at a time, which save a lot of time. This function helps in the procedure.

Inputs: Tab separated two-column file mapping words-to-be-replaced to new entries, path of

this correction file, path of the old corpus and name of the new corpus.

Output: File with all occurrences of all entries in column 1 of correction file found in the input
corpus with the corresponding entries in column 2.

5.4.6.2.9.7 Convert Phonetic Lexicon from CISAMPA based Roman to Grapheme based Roman

The motivation behind this function is explained in 7.5. The task that it performs is to change
the old CISAMPA based Romanization scheme in the input phonetic lexicon to the new letter

based Romanization as shown in Appendix B on page 139.

Inputs: Path of the old lexicon, path and name of the mapping rules (Appendix B), path and

name of new lexicon file to be created

Output: Phonetic Lexicon with only the Romanization changed according to the new rules.
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Chapter 6

Experimental Results

6.1 Test Setup

6.1.1 Available Data

The total amount of data that we used for training and testing our system can be summarized as

follows:

e 70 minutes of transcribed read speech consisting of 708 greedily made sentences
representing all the phones and triphone combinations in Urdu. The data consists of
10101 words, and 5656 unique words. It contains 60 unique phones and 42289 phone
occurrences. The word-frequency and phone-frequency graphs of the data are shown in
Figure 41. It must be noted that the sentences contained in this corpus are all hand
made by trained linguists following the greedy approach to accommodate all the words
(which were selected by the set cover algorithm) and to prevent additional words as
much as possible. Therefore, while correct grammatically, there are places where these

do not represent the semantic structures of Urdu.
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Figure 41 - Word-Frequency (left) and Phone-Frequency (right) graphs of the Read

Corpus
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e 109 minutes of transcribed spontaneous speech consisting of 3266 utterances recorded

in the form of interviews. The data consists of 21034 words and 2032 unique words. It

contains 60 different phones with 72700 phone occurrences. The word-frequency and

phone-frequency graphs are shown in Figure 42. This data represents the natural and

spontaneous speech patterns of a native speaker of Urdu.
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Figure 42 - Word-Frequency (left) and Phone-Frequency (right) graphs of the

Spontaneous Corpus

e The combined data from the spontaneous and read (excluding 22 minutes of

spontaneous speech data, which is used only for testing purposes) contains 3174

utterances spanning over 157 minutes of speech. It contains 31135 words (6693 unique

words), 114990 phones (62 unique phones including the rare L_H). The word-frequency

and phone-frequency graphs are shown in Figure 43.
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6.1.2 Test Plan

The tests were divided into three main portions each designed to achieve a specific goal. These

are as follows:

1. Read Speech
Training Data: The system is progressively trained with increasing amounts of read
speech in steps of 100 utterances (100, 200... 700 utterances).
Test Data: For every instance of training, the system is tested with 20% of the size of
the training data. These tests are performed in two flavours:

a. Baseline Tests: In this case the system is tested on the training data. The
purpose of these tests is to see whether:

= The system has been properly trained or not and if everything is
working as expected

= To establish the upper bound on system performance as the system
should produce the best results if tested on part of the training data

= To fine tune the ASR decoder properties like Viterbi search beam width,
Language Weight and different Smoothing techniques applied to the
language model

b. Rerecorded Tests: As mentioned earlier, the read speech cannot be used in
making good language models. Therefore, the system cannot be usefully tested
with new test data, i.e. data with different grammar and semantic
characteristics. Hence, 20% of the written data (for all the seven tests) from
within the training data is rerecorded in a different environment. This is then
used for testing the system.

c. Separate Tests: These tests were performed with a new set of training data.
100 utterances of everyday read Urdu speech were tested with the system with
all 708 utterances of read greedy sentences. The goal was to confirm the
hypothesis that the read sentences do provide a good acoustic model but not a

good (representative) Language Model for read Urdu speech
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2. Spontaneous Speech
These tests were designed to analyse the spontaneous speech recognition
characteristics of the system and to fine tune the ASR decoding parameters. The 109
minutes of spontaneous speech data was partitioned into 87 minutes (~80%) of
training data and 22 minutes (~20%) of test data. The language model is derived from
the training data only and the system is tested with different parameters of the decoder.

3. Mixture of Read and Spontaneous Speech
These experiments were devised with the goal of finding the optimal spontaneous to
read data ratio that would give best recognition results on spontaneous speech. The
system is now tested with 800 utterances (22 minutes) of spontaneous (completely
non-overlapping with any of the training data). The system is then progressively trained
with 100% of spontaneous speech + x % of read speech (where x increases in steps of
25 % from 0 to 100%). Next the system is trained with a mixture of 100% read speech +
x% of spontaneous speech (where x increases in steps of 25% from 0 to 100%). All

other parameters are kept constant to observe the required trend only.

Note: The value of beam width is represented in Sphinx as a number between 0 and 1, with 0 as

the widest (no paths are pruned) and 1 as the narrowest (only the best path survives pruning).
Therefore the values of beam width are written as 1e-x (i.e. 1x10*). Therefore, as x increases in

magnitude, the beam width increases.

6.1.3 Test Set — 1 (a & b): Read Speech

6.1.3.1 100 Sentences (10 minutes)

In the first test 100 utterances (~10 minutes of speech) from the read corpus were used to train

the system. The system was then tested with two different sets of test data:

e Control Set: 20 sentences from the training data itself
e Rerecorded Set: The same 20 sentences rerecorded in an environment different from

the training environment

Detailed statistics of training and test data are given in Table 4.
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Training Data

Test Data

No. of utterances 100 20
Duration (minutes) 10 2
No. of words 1374 341
No. of unique words 875 244
No. of Phones 5733 1429
No. of unique Phones 55 53

Table 4 - Training and Test data (100 utterances)

The Trigram language model was developed from the 100 utterances of the training data using

the Online Language Modelling Toolkit (OLMT), and absolute discounting was used as the

smoothing technique. Initially the language weight was fixed at 6 and the beam width was

modified from 1e-100 through 1e-700 with the results shown in Table 5 and Figure 44.

Beam Width | Language Weight | Control Control Rerecorded | Rerecorded
WER % | % Correct WER % % Correct
1le-100 6 36.16 65.86 53.94 65.86
1e-200 6 23.84 78.99 51.11 69.09
1le-300 6 24.24 79.39 51.52 69.09
le-400 6 15.15 89.70 51.72 68.48
1le-500 6 15.15 89.70 51.72 68.48
1e-600 6 15.15 89.70 51.72 68.48
1e-700 6 15.15 89.70 51.72 68.48

Table 5 - Effects of Beam Width Variation (100 utterances)

Control

55

Rerecorded

54

53

WER

52

Beam Width (le-x)

W Ctrl

515 5172 5172 5172 5172
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49

Beamn Width (le-x)
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Figure 44 - Effects of Beam Width Variation (100 utterances)

The tables show that the best WER of 15.15% is achieved for beam widths greater than 1e-400

for the control experiments and a WER of 51.11% for rerecorded speech using a beam width of
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1e-200. Next the experiments were repeated with a fixed beam width (BW) of 1e-700 and
language weight was modified. The recommendations of Sphinx tutorials are to use language
weights between 6 and 13. These values along with two outlying values were tried. The results

have been shown in the Table 6 and Figure 45.

Beam Width | Language Weight Control Control | Rerecorded | Rerecorded
WER % | % Correct WER % % Correct
le-700 1 14.75 90.71 66.46 62.63
le-700 7 13.54 90.10 50.71 67.88
1le-700 8 13.54 90.10 51.92 66.67
1le-700 9 13.33 90.10 50.91 66.26
le-700 10 12.93 90.10 50.51 66.46
1le-700 11 13.13 89.90 49.70 65.45
1le-700 12 13.13 89.70 48.69 65.25
1le-700 24 14.95 87.07 53.94 49.49

Table 6 - Effects of Language Weight Variation (100 utterances)

Control Rerecorded
66.46
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Figure 45 - Effects of Language Weight Variation (100 utterances)

The language weight (LW) value of 10 gives the best WER value of 12.93% for the control tests.
While the language weight of 12 performs the best for rerecorded speech by giving a WER of
48.69%. However, the overall outcome of these tests indicates (from the high values of WERs)
that the training data is not yet enough to train the system to recognize the 53 phones present
in the test data. As a result, the validity of the beam width and language weight parameters as

being the most optimal ones remains uncertain. Therefore, the next logical step was to increase
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the size of the training data (and also the test data proportionally) and to run through all these

tests again to find out the best values of Beam Width and Language Weight.

6.1.3.2 200 Sentences (20 minutes)

The experiment was repeated with 200 utterances of read speech as training data. The statistics
to training and test data are mentioned in Table 7. The trigram language model has been
developed from the training data using the online Language Modelling Toolkit [51] with

absolute discounting. Like before the test data consists of two parts:

e Control Set: 40 sentences from the training data itself
e Rerecorded Set: The same 40 sentences rerecorded in an environment different from

the training environment

Training Data Test Data
No. of utterances 200 40
Duration (minutes) 20 4
No. of words 2764 618
No. of unique words 1698 418
No. of Phones 11870 2718
No. of unique Phones 58 54

Table 7 - Training and Test Data (200 utterances)

The initial tests were repeated as in the previous part to focus on the optimal beam width while

keeping the language weight constant as shown in Table 8 and Figure 46.

Beam Width | Language Weight | Control Control Rerecorded Rerecorded
WER % | % Correct WER % % Correct
1le-100 6 0.66 99.34 14.66 90.30
le-200 6 0.66 99.34 14.88 90.41
1le-300 6 0.66 99.34 15.55 89.31
le-400 6 0.66 99.34 15.55 89.75
1e-500 6 0.66 99.34 15.55 89.75
1le-600 6 0.66 99.34 15.55 89.75
1le-700 6 0.66 99.34 15.55 89.75

Table 8 - Effects of Beam Width variation (200 utterances)
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Figure 46 - Effects of Beam Width Variation (200 utterances)

The results show a drastic improvement for 200 utterances. Now the WER for the control data
seems more beam width independent as its value remain the same for all values of the test
beam widths. This is understandable as the control test data was an overlapping part of the
training data, therefore the correct paths should ascend to higher probabilities in the Viterbi. As
aresult even smaller beam width would perform equally well as larger ones. For the rerecorded
speech the matters are a bit different. The results are slightly better for smaller Beam Widths
while worse for larger. This problem has been indicated in various texts as a negative aspect of
too large beam widths which prevent less probable paths from being pruned at earlier stages.
These paths may gain probability as the algorithm proceeds due to some incorrect utterances
later in the sentence giving rise to local maxima of path probabilities, hence making the WER
slightly greater in certain cases. This reasoning is supported by the fact that the WER reaches a
plateau after Beam Widths of 1e-300.
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Next the beam width was kept constant at 1e-700 and the experiments were repeated with

different values of Language Weight as shown in Table 9 and Figure 47.

Beam Width | Language Weight | Control Control Rerecorded Rerecorded
WER % | % Correct WER % % Correct
le-700 1 0.66 99.67 26.79 85.45
1e-700 7 0.66 99.34 14.22 90.63
1le-700 8 0.88 99.12 13.56 90.96
1le-700 9 0.88 99.12 13.56 90.85
1e-700 10 0.88 99.12 14.00 90.30
le-700 11 0.77 99.23 13.67 89.86
le-700 12 0.77 99.23 13.78 89.75
1le-700 24 0.44 99.56 19.96 81.81

Table 9 - Effects of Language Weight (200 utterances)
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Figure 47 - Effects of Language Weight (200 utterances)

The best values of language weight are achieved for smaller values of language weight and very
large values. As the test data has been taken from the training data itself therefore, this is the
result of the fact that the acoustic model or language model alone will give higher values of path
probabilities then the product of these if likelihood and prior are given equivalent weight.
Therefore, the WER is less when prior is given more weight (LW=1 through 7) and when only
likelihood is give high weight (LW = 24). The results for rerecorded speech are as expected,
with the best WER of 13.56% for LW of 8 and 9.

From these initial experiments it was concluded that there are no great fluctuations in the WER

as the BW and LW are modified, therefore, the resolution of these factors is made coarser in the
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next experiments. The goal of these experiments is to find the optimal values of beam width and

language weight.

6.1.3.3 300 Sentences (30 minutes)

The system was trained with 300 utterances comprising a total of 30 minutes of speech. The
language model was developed using the online language modelling toolkit with absolute

discounting. The details of training and test data are mentioned in Table 10.

Training Data Test Data
No. of utterances 300 60
Duration (minutes) 30 6
No. of words 4359 937
No. of unique words 2552 617
No. of Phones 18266 4051
No. of unique Phones 58 55

Table 10 Training and Test Data (300 utterances)

The system is then tested with three different values of beam width, while keeping the language
weight fixed at 7. Next the beam width is made constant and the experiments are repeated with
three different values of language weight. The results on control and rerecorded data are shown

in the Table 11.

Beam Width | Language Weight | Control Control Rerecorded Rerecorded
WER % | % Correct WER % % Correct
le-100 7 0.95 99.42 11.55 93.13
1e-300 7 1.02 99.42 11.55 93.42
1e-500 7 1.02 99.42 11.84 93.13
1le-700 7 1.02 99.42 11.84 93.13
1le-700 9 0.88 99.56 11.84 92.84
1le-700 11 1.32 99.20 11.62 92.62

Table 11 - Test Results (300 utterances)

The results seem to be pretty stable overall. There are only minor fluctuations in the WERs. For
control data the best values are obtained for BW = 1e-700 and LW = 9. For rerecorded, the best
values seem more dependent on language weight than beam width and good results are

obtained for LW =7 and LW =11.
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6.1.3.4 400 Sentences (40 minutes)

The same series of tests that were performed for 300 sentences is repeated for 400 sentences
with one major difference. The Trigram LM is now developed using the SLM Toolkit, as the
online LM toolkit does not support more than 5000 tokens. The discounting method used is
Witten-Bell discounting. The statistics of test and training data are shown in Table 12 and the

test results are mentioned in Table 13.

Training Data Test Data
No. of utterances 400 80
Duration (minutes) 40 8
No. of words 5900 1276
No. of unique words 3372 823
No. of Phones 24514 5377
No. of unique Phones 58 57

Table 12 - Training and Test Data (400 utterances)

Beam Width | Language Weight | Control Control Rerecorded Rerecorded
WER % | % Correct WER % % Correct
1le-100 7 1.95 98.59 7.70 95.34
1e-300 7 1.52 99.02 7.70 95.34
1e-500 7 1.52 99.02 7.92 95.12
1le-700 7 1.52 99.02 7.92 95.12
1le-700 9 1.57 98.97 7.59 95.17
1le-700 11 1.74 98.81 7.21 94.9

Table 13 - Test Results (400 utterances)

The test results for rerecorded speech now show a marked improvement especially for
language weights of 9 and 11 and a beam width of 1e-700. On the other hand the results for

control data are best for smaller beam widths and smaller values of language weight.

However, the statistics obtained from these experiments clearly indicate that for the rerecorded
speech better values of WER are being obtained for beam widths in the ranges of 7 to 9 and for
language weights of 1e-500 to 1le-700. Since the system performs much faster with a beam
width of 1e-500 as compared to 1e-700, therefore the remaining experiments are done with a

beam width of 1e-700 and a fixed language weight of 8.
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6.1.3.5 500 Sentences (50 minutes) and 600 Sentences (60 minutes)

Table 14 and Table 16 show the statistics of the training and testing data for the next two
experiments with 500 and 600 sentences respectively. In both the tests Trigram LMs developed

using the SLM Toolkit with Witten-Bell discounting are employed. Table 15 and Table 17 show

the test results.

Training Data Test Data
No. of utterances 500 100
Duration (minutes) 50 10
No. of Words 7294 1555
No. of Unique Words 4129 997
No. of Phones 30706 6597
No. of Unique Phones 58 57

Table 14 - Training and Test Data (500 utterances)

Beam Width | Language Weight | Control Control Rerecorded Rerecorded
WER % | % Correct WER % % Correct
1le-500 8 2.62 97.86 7.21 95.15
Table 15 - Test Results (500 utterances)
Training Data Test Data
No. of Utterances 600 120
Duration (minutes) 60 12
No. of Words 8588 1801
No. of Unique Words 4847 1147
No. of Phones 36378 7676
No. of Unique Phones 59 58
Table 16 - Training and Test Data (600 utterances)
Beam Width | Language Weight | Control Control Rerecorded Rerecorded
WER % | % Correct WER % % Correct
1le-500 8 3.1 97.7 8.65 93.53

Table 17 - Test Results (600 utterances)

The results show a increase in the WER for control experiments and also a slight increase in
WER for rerecorded speech. It shows that as the training model is becoming more general there

is a trend towards fall in performance as far as WER is concerned. Another reason can be the
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choice of lower beam width of 1e-500 and 1e-700 may have given slightly better results

showing a plateau of performance.

6.1.3.6 708 Sentences (70 minutes)

The final test with overlapping read speech is done using all the 708 utterances for the training

data and the same parameters for BW and LW as were used in the previous two experiments.

The details of Training and Test data are shown in Table 18

Training Data Test Data
No. of Utterances 708 140
Duration (minutes) 70 14
No. of Words 10101 2106
No. of Unique Words 5656 1317
No. of Phones 42289 8906
No. of Unique Phones 60 58

Table 18 - Training and Test Data (708 utterances)

The system is now tested with all the discounting strategies provided by the SLM Toolkit.

Trigram language models are used. The results are shown in the Table 19

Beam Language LM Control Control Rerecorde | Rerecorde
Width Weight Smoothing d d
WER % | % Correct WER % % Correct
1le-500 8 Absolute 4.56 96.16 10.41 91.44
1le-500 8 Good-Turing 4.85 95.87 11.1 90.82
1le-500 8 Linear 4.36 96.32 8.46 93.17
1le-500 8 Witten Bell 3.68 96.81 8.14 93.3

Table 19 - Test Results (708 utterances)

The results indicate that for rerecorded speech the best WERs are achieved with Witten-Bell
discounting strategy closely followed by the linear discounting. This precise behaviour is shown

by the control data as well.

This completes the tests with the sentences obtained by greedy strategy from words which

provide phonetic cover and phonetic balance. The next section summarizes the results.
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6.1.3.7 Summary of Tests

Table 20and Figure 48 show the summary of the best results obtained as the training data was
increased from 100 to 708 utterances while testing with different values of beam width and
language weight. The optimal value of beam width is found to be 1e-500. This value is better as
it provided a nice balance between efficiency and performance with reference to WER. The

optimal language weight has been found to be 8 for these experiments.

Combined Results Control Rerecorded
Training data Size (No. of sentences) Best WER % Best WER %
100 12.93 48.69
200 0.44 13.56
300 0.88 11.55
400 1.52 7.21
500 2.62 7.21
600 3.10 8.65
700 3.68 8.14

Table 20 - Combined Read Speech Test Results
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Figure 48 - Combined Read Speech Test Results

An analysis of the test summary shows that after the initial bad performance for 100 utterances
of training data, the WER comes within acceptable limits and stays there for all the rest of the
values. The control experiments show that the system performs at its peak value within 4% of
WER at maximum for the most general training set. The rerecorded test data show the
adaptation pf the system to different test environmental conditions as the speaker and test

corpus remains the same. Moreover, the trend in the rerecorded test data is continuously
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towards improvement as training data is increased, with a slight fluctuation in WER at 600

sentences.

Next the system is tested with a new set of read data to see its response to new speech.

6.1.4 Test Set — 2: Part c Read Speech

In this experiment the system trained with the 708 sentences of read speech is tested with 100
utterances (nearly 10 minutes) of test data that is completely separate from the training data
set. The sentences are from newspapers and other sources of print media. The statistics of

training and test data are shown in Table 21.

Training Data Test Data
No. of utterances 708 100
Duration (minutes) 70 10
No. of words 10101 752
No. of unique words 5656 444
No. of Phones 42289 2885
No. of unique Phones 60 55
Out of Vocabulary Words - 185
Instances of 00Vs - 211

Table 21 - Training and Test Data (Non-Overlapping tests)

The out of vocabulary (OOV) words in the test data were added to the phonetic dictionary of the
training data. However, the language model is generated from the training data alone so it does
not contain those words. As a result 28% of the test data is not represented in the language
model. The WER achieved was 53.50%. The main reason for the poor WER is the presence of a
large number of OOVs and also that the LM generated from the read training corpus are not
representative of the natural grammatical and syntactic structures of Urdu speech. The 46.5%
recognition can be attributed to the well trained acoustic model. The language weight used in

the experiment was 8 and the beam width was fixed at 1e-500.

This experiment clearly shows the need of a language model which should represent the Urdu
speech and its structures more precisely and should be large enough to model good N-gram

probability estimates.
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6.1.5 Test Set — 3: Spontaneous Speech

This third set of experiments is designed to analyze the performance of the ASR when it is
trained with spontaneous speech only and is tested with spontaneous data. The training and
test data are in 80:20 ratios and the trigram language model is obtained only from the training
spontaneous data corpus. As a result there are a lot of out of vocabulary words. The
spontaneous speech corpus is far from being sufficient for providing a representative language
model yet, it is the best that is available for now. The statistics of training and test data are
shown in Table 22 and it can be clearly seen that the OOV instances comprise 10% of the test
data. The good thing is that the training data provides a good phonetic cover and is phonetically
balanced as well as was shown in Figure 42 (right). This is due to the simple reason that all this
speech has been spontaneously spoken by a native speaker. The duration of training data is a

little short of one and a half hour and should provide good enough training as a start.

Training Data Test Data

No. of utterances 2466 800
Duration (minutes) 87 22

No. of words 21034 4623
No. of unique words 2032 750
No. of Phones 72700 16442
No. of unique Phones 60 55
Out of Vocabulary Words - 212
Instances of 00Vs - 471

Table 22 - Training and Test Data (Spontaneous Speech)

All the tests results shown in Table 23 are results of tests with a fixed beam width of 1e-700.
This was done to ensure a good enough Viterbi search space. The tests have been conducted to
finalize the appropriate language weight. The language model was smoothed using Witten-Bell
discounting that has shown the best results for the tests so far. It took around 1.5 hours to train
the system for the 87 minutes of speech and a further 45 minutes (approximately) for running
each test. The tests were conducted on a Toshiba Satellite (model number: m115) Laptop

computer with a 1.6GHz Dual Core processor and 2.5 Giga bytes of RAM.
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Language Weight WER
6 24.9
8 229
9 23.5
11 22.8
13 23

Table 23 - Spontaneous Speech Test Results with fixed Beam Width of 1e-700

The results indicate that better WER values are obtained for language weight values of 8 and 11.
Overall the results lie within ranges of 22 and 25, which is not bad considering the large

number of 00Vs and a language model derived from a small corpus.

6.1.6 Test Set — 4: Mixture of Read and Spontaneous Speech

The final run of tests was conducted to find the optimal spontaneous to read speech training
data ratio that would give the best results for recognizing spontaneous speech. The intuition
behind these experiments is that the greedily generated read speech should provide enough
phonetic cover and balance for a good acoustic model. In addition further training with
spontaneous speech should not only provide better modelling for acoustic model but also a

good overall language model representing the spontaneous speech of Urdu.

The experiments involve 87 minutes of spontaneous speech training data and 70 minutes of
read speech training data. The test data consists of 22 minutes of spontaneous speech entirely
separate (non-overlapping) from the training data. The statistics of the two types of training

data and the test data are mentioned in Table 24.

Spontaneous Training Read Training Spontaneous Test
Data Data Data
No. of utterances 2466 708 800
Duration (minutes) 87 70 22
No. of words 21034 10101 4623
No. of unique words 2032 5656 750
No. of Phones 72700 42289 16442
No. of unique Phones 60 60 55

Table 24 - Training and Test Data for Sp:Re Ratio Experiments
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The experiments were performed using two different types of language models. One (which will
be referred to as spontaneous LM below) is derived from the 87 minutes of transcribed
spontaneous speech only. The recognition results obtained with this language model are shown
in Table 25 along with the details regarding number of unique out of vocabulary words (O0Vs),
the number of instances of OOVs in the test data and the number of occurrences of words in the
test data which are not present in the language model. The language model in all cases is a
trigram language model with Witten-Bell discounting generated using the SLM Toolkit. The
tests are performed on systems trained with the two types of training data mixed together in
different ratios. The recognition results are summarized in Figure 49. Figure 50 and Figure 51
depict the relationship between WER and OOVs and WER and OOV instances for different
training ratios. In all tests the beam width used is 1e-700 and language weight of 8. Hence, all

other factors except the spontaneous to read ratio are maintained constant.

Training Data WER 00Vs oov LM OOVs
(Spontaneous:Read) Spontaneous LM Instances

100:0 229 212 471 212
100:25 23.1 182 410 212
100:50 234 168 347 212
100:75 23.8 154 324 212
100:100 23 136 279 212
75:100 23.9 151 329 212
50:100 23.9 174 384 212
25:100 26.8 209 445 212
0:100 75.3 297 826 212

Table 25 - Results with Spontaneous Language Model
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Figure 49- Results with Spontaneous Language Model

Figure 49 shows that using the spontaneous speech language model the error increases slightly
as read speech data is included into the spontaneous speech data. However the WER reaches a
satisfactory number 23% for a 1:1 ratio between spontaneous and read data. After that
however, it starts ascending much rapidly then it fell to the valley. As the spontaneous data
portion becomes less in the mixture the WER increase ultimately ending on a high 75.3% for
read speech data alone. Therefore it can be concluded that including read speech to
spontaneous speech while the language model is being derived from spontaneous speech alone
does not improve the recognition results. However, this can be a result of the non-overlapping
words between the read and spontaneous corpora which means that those words will not be
present in the language model either and hence will have a very low probability towards

recognition.

A second point to be noted is that while increasing training data (as we moved from 100:0
towards 100:100) the recognition results constantly became better (except for the initial
22.9%). This may mean that the system is still in need of more training data for better training.
The apparent valley of WER obtained at 100:100 may become better if the amount of speech

data is increased. This, however, can only be proven by further training and testing iterations.
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Figure 51 - Comparison of WER with OOV instances in the Test Data

Figure 50 and Figure 51 show the relation ship between WER and OOVs. It is clear that with the
exception of the initial 22.9% WER for spontaneous data alone, the WER directly proportional
to the O0Vs. The minimum WER of 23% aligns with the minimum OOVs of 136 and minimum
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OO0V instances of 279. The cross correlation between WERs and OOVs gives a 0.86 and between
WER and OOV instances gives 0.93. Hence, it reaffirms the strong dependency of 00Vs on WER.
The sharp peak of 75.3% WER at 0:100 ratios between spontaneous and read data correspond
with a sharp rise in OOVs and hence explain the reason for the sudden increase in WER.
However, it must be mentioned that this OOV amount just reflects on the acoustic model and
not the language model which is a constant factor during the tests with a fixed OOV count of 212

and OOV instance count of 471.

The second set of experiments was performed using language models derived from the actual
training data (which will be referred to as training LM below). Therefore, the LM varies from
test to test as the ratio between the spontaneous and read speech varies in the training data.
The recognition results obtained with this language model are shown in Table 26 along with the
details regarding number of unique out of vocabulary words (0O0Vs), the number of instances of
OO0Vs in the test data and the number of occurrences of words in the test data which are not

present in the language model.

Training Data WER Training 00Vs oov LM OO0OVs
(Spontaneous:Read) LM Instances

100:0 22.9 212 471 212
100:25 215 182 410 182
100:50 21.0 168 347 168
100:75 20.3 154 324 154
100:100 18.8 136 279 136
75:100 22.1 151 329 151
50:100 23.7 174 384 174
25:100 29.1 209 445 209
0:100 58.4 297 826 297

Table 26 - Results with Training Data based Language Model

It can be observed that the LM O0Vs change from test to test as the training data changes. The
language model in all cases is a trigram language model with Witten-Bell discounting generated
using the SLM Toolkit. The tests are performed on systems trained with the two types of
training data mixed together in different ratios. The recognition results are summarized in

Figure 52. Figure 53 and Figure 54 depict the relationship between WER and OOVs and WER
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and OOV instances for different training ratios. In all tests the beam width used is 1e-700 and
language weight of 8. Hence, all other factors except the spontaneous to read ratio are

maintained constant.
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Figure 52 - Results with Training Data based Language Model

The results for the training data based language model show a very nice trend and very clearly
depict the effects of the ratio on recognition results. It can be seen that the WER starts
decreasing as the read speech is introduced into the mixture of training data hence increasing
the over all amount of data as well. The WER reaches a minimum of 18.8% for the 1:1 ratio
between spontaneous and read speech and then begins to climb rapidly as the spontaneous
data becomes limited in the mixture. Finally reaching a high WER of 58.4 for read speech based
training data. The results are very similar to the ones obtained for the spontaneous speech LM
only better. However, the hypothesis that the system is still in need of more training data in
term of duration and amount is reinforced as we can see that we obtained the least WER for the

maximum amount of over all training data.
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Figure 54 - Comparison of WER with OOV instances in the Test Data

Figure 53 and Figure 54 show the relationship between OOVs and OOV instances and WER. The
direct proportionality relation remains valid here as well. The correlation between WERs and

00Vs gives a very high 0.92 and that between WERs and OOV instances gives 0.96. It is also
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notable that now the OOVs also mean that the language model does not contain those words
either. The sharp peak of WER 58.4%, again corresponds with the highest OOV and OOV
instance value. The WER is relatively less compared to the spontaneous LM tests. The
explanation for this behaviour is the large non-overlap between the vocabulary of training data
and the language model that existed in case of spontaneous LM when it was tested with 0:100
ratios between training and test data. No such non-overlap exists here as the language model is
being derived from the training data and hence the results remain overall better. This fact
points towards the importance of matching between training data and the language model. The
high correlation between word error rates and out of vocabulary words indicates that a further
decrease in WER may be achievable by decreasing the O0Vs, which can be accomplished by

expanding the corpus for training data and language model.

6.2 Comparison with previous work

With all the different types of speech recognition systems available and under development for
different languages it is not an easy task to establish an exact comparison. There are speech
recognition systems designed to recognize different types of speech ranging from simple
isolated-digits based recognition to spontaneous speech recognition with disfluencies. The
environmental noise varies from microphone based quite studio recordings to busy street noise
based cell phone speech recognition systems. Then there is great variation regarding the
amount of training data which ranges from few minutes of training data to several hundred
hours of speech data used for training the ASR systems. Then another factor introducing a lot of
variation is the amount of research done on a particular problem regarding some specific

language and the stage of development at whish a system currently is.

With all these variations an exact comparison with our speaker specific, spontaneous speech
recognition system for Urdu is not possible. However, to get things into perspective and have a
rough idea of the performance of our system a comparison is shown with some of the most
closely matching system, which were explained in detail in the literature review section. It can
be seen that in this comparison with respect to the WER this system shows performance next
only to the transcription system for Arabic Broadcast News which cannot be categorized as
purely spontaneous. Secondly, all other systems mentioned in the table are the results of
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improvements by using different techniques. The 18.8% WER shown by our system is only the

simple and unimproved performance, which may be improved further simply by adding more

training data. Aside from this table we know that the WERs for the best available spontaneous

speech recognition systems are around 15% for broad cast news [35] and [36] and 40% for

meeting and telephone conversation transcription [37].

On the other hand, all other systems shown in the comparison are speaker independent, which

is one aspect that our system has not been trained and tested for. In short, it can be said that

this system has shown a promising performance for its initial run and may improve further by

applying simple techniques (some of which are suggested in the Future Directions).

Paper

ASR Engine

Type

Best WER %

Soltau et al [37]

GALE ASR

Transcription of Arabic broadcast
news

14.9

Our System

Sphinx-3

Speaker specific Speech
recognition system for
spontaneous Urdu Speech

18.8

Digalakis et al [22]

SRI's DECIPHER

Greek Dictation System

19.27

Raskinis et al [27]

HTK

Speech recognition system for
Lithuanian on an isolated word
phonetically rich corpus

20

Gauvain et al [32]

LIMSI

Speaker independent continuous
speech recognition system for
transcribing unrestricted
American English broadcast news

20

Gauvain et al [32]

LIMSI

Speaker independent continuous
speech recognition system for
transcribing unrestricted
American English broadcast news

20

Anumanchipalli et al [25]

Sphinx-2

Tamil, Telugu and Marathi
landline and cellular phone based
continuous (read) speech
recognition system

23.6

Takaaki et al [34]

A method for paraphrasing
spontaneous Japanese speech into
written style sentences

24.2

Frank et al [36]

Transcription of continuous
broadcast news data

29.3

Jacques et al [30]

ESAT

Spontaneous English Telephone
Calls

29.6
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Vivek et al [35] - Disfluent repetitions in 421
spontaneous speech

Nedel et al [38] Sphinx-3 ASR for spontaneous English 49.3
speech

Table 27 - Comparison of ASR systems

6.3 Conclusion

The aim of this thesis was to develop a speaker specific speech recognition system for
spontaneous and read Urdu speech. The main hurdle was the lack of speech corpus and
transcribed speech resources. Therefore, the first goal of this project was to develop a
phonetically rich and balanced sentence based text corpus for Urdu providing context based
phonetic (with triphoneme as the phonetic context unit) cover for Urdu speech. The corpus was
developed using greedy approach with acoustic phonetic enhancements to reduce its size and
to make the resulting data set more natural. This corpus was read and recorded to produce the
read speech corpus for Urdu. Next a set of interviews was designed and recorded to produce the
spontaneous speech corpus which was manually transcribed. Using the Sphinx-3 Automatic
Speech Recognition system the acoustic and language models were trained with the mixtures of
read and spontaneous speech combined in various ratios. In this way the optimal language
model and mixture ratio of read and spontaneous corpora were found. The system currently
gives a satisfactory peak performance of 18.8% Word Error Rate for a 1:1 ration mixture of
read and spontaneous speech, which is comparable with the best word error rates of most of
the recognition systems for spontaneous speech available for any language. The systems shows
a potential for further improvement and promises to be a nucleus for further work and research

in Urdu speech recognition.
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Chapter 7

Future Directions

7.1 Size of the training data

The experiments clearly indicated that an increase in the training data resulted in a
proportional decrease in the word error rate. This implies that the training data set is not yet
saturated (as it was derived from a speech of 140 minutes which contained 114990 phone
occurrences of 62 phones only). Therefore, the first thing that needs to be done is to increase
the sizes of the read and spontaneous speech corpora. For read speech, this will provide a
repetition of the sentence corpus which will result in better triphoneme models. In case of
spontaneous speech, the additional data will come from more interviews, and will also enrich
the vocabulary of the system from the perspective of trained words. Only after finding the peak

of performance (with respect to WER) should more tuning of parameters be done.

7.2 Phonetic Transcription of Speech Corpus

In order to simply the task we relied on the phonemically transcribed lexicon for transcribing
the speech corpus. Since neither the corpus nor the lexicon has been completely diacritized this

gives rise to two main sources of transcriptions error:

7.2.1 Diacritization Errors

These errors result from the fact that Urdu relies on diacritics for its short vowels. As the native
speaker of Urdu can easily guess the diacritics from the context therefore, the written text is
hardly ever fully diacritized. While this has no negative impact on the readability of the material

it may affect the performance of the training system. A word for example uui transcribed in the

corpus as (| may be arbitrarily mapped onto (| or Uni which are both valid entries in the

lexicon. This means that such words must be disambiguated to accomplish an error free
training of short vowels. However, to achieve this goal, two things must be done. The training

corpus must be fully diacritized (as much as is required for disambiguation) and secondly, all
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the diacritized entries must be made available in the lexicon with proper phonetic transcription.

This can be largely handled by the Letter to Sound mapping utility.

7.2.2 Mispronunciation Errors

These types of errors result from the mispronunciation of phones done habitually or by mistake
by the speakers. The reason may even be the accent of the speaker or some disability. In any
case the sounds actually uttered will not match the phone sequence given in the lexicon. If such
a problem is either habitual or a result of some disability or habit, the speaker may be asked to
repeat it. Otherwise it may be removed in the quality assurance phase. However, if it represents
some valid (or widespread) version of the word (or sound), then it must be detected and added
to the lexicon as an alternate phonetic transcription. This may require careful analysis of the

spoken data while the transcription is done.

7.3 Large Vocabulary Transcribed Corpus for Language Model

The experiments clearly indicated the requirement of a large vocabulary speech corpus that can
be used to build the language model. During our experiments the language model was simply
being generated from approximately 140 minutes (2 hours 20 minutes) of transcribed speech
data (with a vocabulary of 6693 unique words and 31135 tokens only). This is a poor and
insufficient representation for the spontaneous and read speech of Urdu. Therefore, one of the
primary goals of the future work on Spontaneous Urdu Speech Recognition should be the
development of a large vocabulary transcribed spontaneous speech corpus, so that the language

specific constructs and grammar of Urdu can be sufficiently represented in the language model.

7.4 Boot Strapping with Hand segmented Speech Corpus

We have used embedded training throughout the training process. However, it is advisable to
start with at least some hand segmented data to boot strap the system and then use embedded
training in the remaining training process. Embedded training was used to save time as the
ratio between the duration of recorded speech to the time it needs to be hand segmented and
labeled is roughly 1:400 [1]. However, for the project this process can be followed for some

initial data which may improve the acoustic models.
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7.5 New Romanization Scheme for Roman to Urdu conversion

In Urdu the letter to phoneme mapping in many cases is many-to-one. Therefore if the CISAMPA

based romanization is used we face the problem of homophones when roman to Urdu

conversion is done. For example () and o are two different words in Urdu which map onto

the same phonetic construction /z d n/ ([Z A N] in CISAMPA). Since in my romanization scheme

the words are romanized by converting them to CISAMPA first that is the romanization of both

these words will be [Z A N], in CISAMPA. Similarly letters like s.» .L will be mapped onto
[T_D] and (= b .5 ) onto [Z] etc. The problem therefore occurs when such words are

converted back to Urdu and a stochastic method like the N-gram language model has to be used

to weigh the contextual probability of ()} vs. o in the roman to Urdu converter. However,

there is an easier solution to this problem by which it can be automatically solved by the
language model based prior probability P(W) used by the ASR in the decode phase. That can be
accomplished by modifying the romanization scheme to differentiate these two words by giving

them different roman representations.

This requires a grapheme rather than phoneme based romanization. An alternate
representation was developed for the romanization as shown in Appendix B. This scheme maps
every Urdu letter to a new ASCII symbol. While it results in a lack of readability in the

romanized text, it solves the homophone problem.

The work however, should be continued to develop a more readable romanization scheme and
a better language model to disambiguate the Homophones. However, the actual solution to will
be the introduction of Unicode support in Sphinx. In that case there will no longer be a
requirement for a romanization scheme and we can deal with Urdu and other Unicode script

based languages as easily as plain text.

7.6 Speaker Independence and Training for Telephone Speech

In order to make this problem a feasible one to solve in a year’s duration the simplifying

assumption of speaker specific system was made. Otherwise, the job of corpus development
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coupled with the interviews and transcription etc. as explained in the methodology section,
would have been too large a task. However, now that the system has been successfully trained
for a single speaker and the basis and procedures for all the work have been established it
would no longer be a hard job (although it is certainly time consuming) to train the system with
data from multiple speakers. Secondly, according to the requirement of the project being done
by CRULP, the next phase would be to obtain the training data simultaneously on microphone
and telephone channels so that the system should be trained and tested for spontaneous
telephone based speech. The primary changes would be the channel characteristics introduced
by the wideband phone channel and the features introduced by the VoIP protocol required for

the digitization of the speech.
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Appendix A

IPA to SAMPA and Case Insensitive SAMPA (CISAMPA) Mapping

# IPA SAMPA CISAMPA
1 p P p
2 ph p_h P H
3 b b B
4 bt b_h B_H
5 m m
6 m m h M H
7 t t.d TD
8 th t.d_h T_D H
9 d d.d DD
10 g d_d_h D_D_H
11 t t TT
12 th t_h TT_H
13 d d DD
14 dn d’_h DD_H
15 n N
16 A n’h N-H
17 Kk K K
18 K" k_h K_H
19 g G G
20 ¢ gh G_H
21 n N NG
22 i N’h NG H
23 q Q Q
24 ? ? Y
25 f F F
26 v \' \
27 s S S
28 z Z Z
29 § S SH
30 3 Z 77
31 X X X
32 Y 7 7
33 h H H
34 1 L L
35 1n I'h L H
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36 T R R
37 o rh R°H
38 T r RR
39 ¢ r’h RR’H
40 i j ]
75t 7 i ]
42 tf tS T_SH
43 " t.S_h T_SH_h
44 & dZz D_ 77
45 &" dZh D_ZZ h
46 u u uu
47 i u~ UUN
48 o 0 00
49 5 o~ OON
50 5 0 0
51 5 0~ ON
52 a A AA
53 i A~ AAN
54 i i 1
55 i i~ IIN
56 e e AE
57 g e~ AEN
58 € E E
59 ® { AY
60 & {~ AYN
61 I I [
62 U U U
63 5 @ A

Rare or no longer in use

References: [45], [53]
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Appendix B

Grapheme to Roman Transcription

# Letter Roman
1 o Y2
2 ¢ Y1
3 8 U4
4 o U3
5 ° u2
6 2 H2
7 J N1
8 b) R1
9 5 D1

10 < T2

11 c u1

12 S

13 9 \

14 o) H1

15 J N

16 ( M

17 J L

18 S G

19 S K

20 A Q

21 ) F

22 d Gl

23 |d E

24 L 4

25 b T1

26 U2 Z3

27 U° S2

28 Ut X
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z2

Z1

K1

S1

W9

A2

Al

w8

V1

H2

w7

wWeé

W5

w4

W3

W2

w1

U5

U6

u7

a—_

“on

U+200D
U+200C

29
30
31

32
33

34
35
36
37

38
39
40
41

42

43

44
45

46

47

48

49

50
51

52
53

54
55
56
57
58

59
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Appendix C

List of Sentences (Complete)*

S rgmma 9) (il 5 o8 o3l )y Ble 5 (s b Sgenl Bl Syamsnan dy g 0 KMw 3 ol
& 6,6 Gux ysl Gale Glal jee (11,8 )l KIS 0936 Hsl gixe AL We 2l
9 R 399me ol ondgy (ue Liygn) § g 95 s TS 8§ byl (purals

o S Sannag

W S cpie S S il ae (i e ggrndds (S 39290 5 2 50 S5 2 O s) g
2 S 09w pleyu (b 8 e e Olis 5l 808 poli jre eSbde p ye) bl
o

@ a ool Wy saSoes el gruail jaol Jlonis K 2 g3 2 58

G e Jo e S 59l Ao s ilenkis Dgs ao b 3,5 BBk Ky 59l Usey

Koy s 5 wleas Guy (§ 0K S a)lsl Hol 3 lexes uigiga S @3 IS
R

ST i i pen e Kl Kty (5 Uilangi Hlap Olayd ol e (§ @Nalre g3laisl

2 el y Swdgw Slal 2 9y oS 21> a5 IS wlagla oSy sl

B s b (2 grale Sl Sojel Bl e 200 5 jeduy Ol asls 5 ggrb3 cw als

S 9o o o9l U a2 22gen I SisS o€ a0 gguaid J 5 am e Jas 5 pdsldll &
Balyia 5 pow GuleSus oo o Jbe cuwoyd (5 Oils 0L393 0)lS 5 Flis Bosm (5 s
o Qb (pee

O 23 3 cnld o S g9y ae (gs S yldu e 25 9 e £ K e S 2 B3
203 o (e il S (s 03) die) o 713 Qorme b Ogzge add 2 ol (A (oShes
S

& N S gosolia e Blrie Hol (o) o Pl ame e Qoilal Gudlss 5l

2 Wiy S 395 (e wad 5 olow o (quyil oo Wosdle Hol bjuaiasl 3 o9 yee
PN I - POVPMVISWETE T RS A IV RN ) TPy SOy

a bl cae ol 025 5 o 153l @345 (§ o b o v iils ) )]s

4 Developed by the team of researchers of the Center for Research in Urdu Language Processing (CRULP),
working on the project entitled Telephone-based Speech Interfaces for Access to Information by Non-literate
Users, from the phonetically rich word list generated by the greedy set cover algorithm
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2 T gre ged il )3 B (S pd sl s (§ o)

20 Plel a2 s Hgl Jesn S el e yres ol Bge

LS 9o @il gl Glo s Pl Hol Jasj)b 5 gymun (pgibn 3 0315595l
§ s (§ amdS e 525 I enrntl ope 0ose el 2 el
or § )Nl agrle (pie (505ke Hol gl glbia (6958 b ydige

USs g e Blae alai K Ol juis A2 90 o pilie ke 2 gilis

el JOU sl € raide Jseoll o gilian 5 §354051 plie un 3y
2 W s Jo Jo5l xS K pordn K colo dme a0 goles

2 35 b caadyyas ggise § Glusl e 35S (gl oo K

Sl gu s po IS (§ ol an 5o canyily) Hol e S Sies anl wle
05 5 S s B X6 )5l (yises S USy) 29w 2 yam

98 Gpo A 5 oo (pras ol yol S 52K sa% Sla w0 play bles

o a3 AW obses A 5 5 8 og Jude s dl g g ugmliils
by G)si 33y o9l by UK S958 S u)j o o ol e Jid 99 g
Ue 283 (e ok o9l el Jlgas 65 3 Lags g o caasSs u SK
2 wbsS § Fo b cwsdo bl op (il Goan S Gule> K gy

a oms & oBlys Sl ad e 325§ eso9e Gl o

s s )9l Ol o 2 1593 25545 UKD 58 (ea yaig il

LS T 0L low USuas S MeSheS 2w 55 S Bl e 5LSun p Jye 93 3 e &)
2 Obe § UssSsds & gixm S e

a eelo odmn 0 d 558 5 sl Sl s Qs

2 38l JBL sl @ I8 Sl Jlew 4523 § B d 5 0l
wbg@@b@&»‘wﬁ‘médrbbxbeTwMu'c@ad&Af—xﬂ
a RS9 r e dWS F 2zl o e e e

O ) pX9ad xad oadS (pyiad)l ol o re OS5 U LI S s
O 2552 edle 5 Ustag ax Oyl J 5 K

@50 s ore 89 i 2 (§ el ae eSS § ks

o Wn oo caddod Sldgs A2 p ewSs ol o 42| 4398 (§ Qsslis
S b n ewdlas 53l Josf 5 cvon & a2 5 lowss S

B3 med 4290 ar 13 3L e65aS 93 b sad an gy ee i3

o b gad Pl me ghs iy e Siddy sl (S HBallg3 Fud
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LS Ol &S Sileal ol Jiurn3)lsS 5 puiidgian Hg,aa M2

LS sl e K gl J 5 pilingen (o men ool egu B,

o 25 bl dw o Hol lsad K (g)aie JKu e wlrolge
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@ W ooy (§ gligesS (re Sliex g

2 S Jo gre So Lisei aw Kl L gy )13 e
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oslu ao Oy Joad ol i Blogl &gl Hol Gussg) Ao
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LT e 3529 025ma 35 @) 5ladyl Kidy ea Sl
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Appendix D

Phone-frequency comparison of Corpus and Sentences

Phones (CISAMPA)

Phones (IPA)

Frequency in Sentences

Frequency in Corpus

1 A ) 3987 21901145
2 AA a 3447 17908279
3 R r 2725 12147033
4 K k 2128 11126497
5 AE e 2586 10211039
6 I I 1543 9774520
7 N n 1848 9459014
8 M m 1626 9214641
9 11 i 2108 8690981
10 S s 1545 7871940
11 h 1206 7504548
12 T_D t 992 6765553
13 t 1433 6640219
14 U U 959 5844892
15 D_D d 902 4174674
16 B b 973 3838562
17 00 o 1016 3423191
18 uu u 667 3378480
19 J j 638 3251417
20 P p 510 2708848
21 D_7ZZ & 601 2584718
22 y4 z 681 2459025
23 \% v 623 2303941
24 AY @® 432 1858386
25 F f 531 1760538
26 0] o 570 1718142
27 Q q 345 1658061
28 G g 582 1652945
29 AEN € 589 1624624
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30 SH ) 563 1611315
31 AYN & 70 1609563
32 TT t 274 1488132
33 X X 329 1063899
34 T_SH tf 407 1035146
35 OON 0 322 958383
36 E € 152 660513
37 DD d 299 550995
38 K_H k" 217 488610
39 RR t 249 468696
40 B_H b" 123 462408
41 T_D_H " 157 456386
42 1IN 1 87 412644
43 7 201 278670
44 NG 1 161 276152
45 T_SH_H " 135 249198
46 AAN a 125 195061
47 UUN u 59 164538
48 D_D_H d" 105 117399
49 TT_H t" 126 115661
50 D_ZZ_H &" 92 114620
51 P.H p" 54 108979
52 RR_H ¢ 57 96715
53 G.H g" 62 70057
54 DD_H d" 33 11912
55 77 3 18 10164
56 Y ? 9 9573
57 N_H n" 7 4017
58 ON 5 1 240
59 R_H 5 1 111
60 V.H & 1 64
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Appendix E

Interview Questions (Sample)

Part-1

e What is your name?

e What is your gender?

e What is your height?

e Whatis your place of birth?

e Whatis your date of birth? Please answer using the format uJl> g sl yar95 b

e Which is your current area of residence?

e Which, if any, are some other areas of your previous residences?
e  Which school or schools did you attend?

e  Which other educational institutes have you attended, if any?

e What is your current profession?

e Explain the route you took to get from your home to this location.
e How long does it take to get to work every day?

e What are your responsibilities at work?

e Describe a normal day at work.

e How did your day go yesterday? Describe with timelines if possible.
e Describe a memorable day.

e Describe a funny experience.

e Describe a scary experience.

e Describe an interesting experience.

e What is your greatest fear?

e  Which places would you like to visit and why?

e Describe an accomplishment that you are proud of.
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Do you have any brothers or sisters? Are they younger or older than you?
Tell us about your friends.

Name some of your closest friends.

How did you become friends?

Tell us about three of your favorite childhood memories.

Extension to Part-1I (In case the answers are short)

What do you do in your free time?
Where do you normally go for dining out and why?
What is your favorite food?
What is your least favorite food?
Do you enjoy watching films?
o What types of films do you watch?
o Which are some of your favorite films?
o Describe your favorite character from one of these films.
o  Which is the last film you watched?
o How was the last film you watched?

Do you enjoy reading books?

o

What types of books do you read?
o  Which are some of your favorite books?
o Name some of your favorite writers.
o  Which is the last book you read?
o How was the last book you read?
Do you enjoy listening to music?
o What type of music do you listen to?
o Who are some of your favorite musicians?
o What are you listening to at currently?
What is your favorite television channel?
Which programs do watch on television?

Which is your favorite program on television?
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Are you interested in cricket or any other sport?

Describe a cricket match which you cannot forget.

Which newspaper(s) do you read regularly?

Describe your favorite type of weather.

Where do you go to shop?

What are your future goals?

Describe any interesting news that you saw on TV lately or read about.

Name an event which you consider was a turning point in Pakistan’s history? And
explain why you think so.

What was your reaction when Pakistan won the world cup? What were you doing then?

What were you doing when 9/11 took place? What was your reaction?
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Appendix F
Report and Frequency Files Generated by Sphinx Files Compiler

Sample Report File

Test Report Generated on: Sat Jun 27 04:01:19 VET 2009

No of Sentences/Utterances in the training file: 1685
No of Sentences/Utterances in the testing file: 50
No of words in the training file: 10677

No of words in the testing file: 313 i.e. 2% of Training Data

No of Unique words in the training file: 1284
No of Unique words in the testing file: 125 i.e. 9% of Training Data

No of Phones in the training file: 36998

No of Phones in the testing file: 1172
No of Unique Phones in the training file: 57
No of Unique Phones in the testing file: 46

No of Unique overlapping words between the Training and test data: 113
No of Unique overlapping Phones between the Training and test data: 46

No of Unique non-overlapping words between the Training and test data: 12
No of Unique non-overlapping Phones between the Training and test data:
0

No of Overlapping Words occurring in the test data: 301
No of Overlapping Phones occurring in the test data: 1172

No of Non-Overlapping Words occurring in the test data: 12
No of Non-Overlapping Phones occurring in the test data: 0

Phone to Frequency for training File written to: Sphinx\TestI\TrP2Fr.txt
Phone to Frequency for testing File written to: Sphinx\Testl1\TeP2Fr.txt
Word to Frequency for training File written to: Sphinx\TestI\TrW2Fr.txt
Word to Frequency for testing File written to: Sphinx\Testl\TeW2Fr.txt
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Sample Word-Frequency listing for Training File (Partial)

LOOGOON 7
KOONSAA 2

OSAT DAN 3
SAVAALAAT D 3
KAHAA 9
VAAQIII 10
DDIIBAETTS 1
HUUII 24
VUZARAA 1
SALAAIIDDZ 1
MA7RIB 2
MIZAAHIJAA 6
BAERUUNII 1
XUSUSAN 1

D ZZAAT DII 3
AD DAA 2
ZEHMAT D 1
TTIDDDDIJAAN 1
MAATKROOPAROOSAYSAR1
T SH HUUTTII 3
KOOSHISH 12
ZAEHN 5

T SHILLAA 1
MAAR 1

SAST DAANAE 1
AEHSAAS 2

ULD ZZ HAN 2
MAAN 1
SARRKAEN 3

D DAAXILAE 1
GII 11
PARR HAAAE
PARR HAAT DAA
PAT DT DAA

D DAAXILAA
ZARAA 1
PAYNT DAALIIS 1
AMUUMI I 2
BAIID D 1
KAALID 77 10
UT_ DAAR 2

T DAD DRIIS 5
XUSUUSII 1
B _HAII 1

D DAER 3
XART SHARA 2
D _DAEN 1

D DOPEHR 1

QO > W
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Sample Phone-Frequency listing for Training File (Complete)

G H 52

Z 469

Y 1

AE 2946

X 133

DD 77
649

AR 3174

U 522

s 1700

AEN 575

R 2163

o} 242

SH 207

P 713

0 524

N 1538

M 1553

L 870

K 2271

J 626

I 1239

H 1731

OON 112

G 318

F 285

E 166

DD _H 1

B 666

A 3414

T SHH 137

uu 491

RR 111

T D H 295

00 917

RR_H 43

D D 635

I 1691

7 32

AAN 96

K H 46

T D 1265

B H 128

UUN 114

D 77 509

AYN 172

T _SH 310

27 1

TT 416
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R_H
DD H
NG
D 77 H
AY
IIN

39
108

331
104
31
25

Sample Word-Frequency listing for Test File (Partial)

POOLOO

HUUN

INT SH

T DAARIIX
PEHLAE

AAF
PIT DT DAA
AKAYDDMII
PURAANAA
NAAM

PAAS
MAERAA
RAHAE

JANII

AE 1
SO 2
BAYT SHALAR
PARR HII
RIIPIITT
KENTT

SII

AND DAR
HISSAA

D DASVAEN
MAYRIT

T DOR
KAALUUNII

D ZZAMAAAT D
T DAARIIXAE
T D HAA
GARAAUNDD
SAAT DVAEN
T SH HATTII
T DAVIIL
GAYRAEZAN
AVVAL
NASHAAT D

=

=

=

=

=

3

[E N

ES
MAEN
AEK

1
21
14
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Sample Phone-Frequency listing for Test File (Complete)

DD

mc:§<

AEN

jus

O
=4

0
jus]
ju s

NHUOWOHCHIPIEHEMOOIHGRERZO0OYWnOW
Hl ol al
ol @]
o
o

]
w]

UUN
D 7%
T SH
R H
NG

AY

IIN
TT H

124

54
24
82
16
13
28
22
50
56
49
75
11
50
49

14
13
88

10

175




Appendix G
Setting up CMU Sphinx Speech Recognition System in Windows®

Disclaimer

This section describes in detail the procedure to set up CMU Sphinx trainer and decoder on an
Microsoft Windows® based system. These details have been largely extracted and compiled
from the tutorials, manuals and discussion blogs mentioned in the references. I have filled in the
gaps and added details where required. Some of the discussed details deal with Urdu Specific

problems.
System Specifications

This procedure has been tested on a Toshiba Notebook computer (Toshiba Satellite M115), with
a 1.6 GHz dual core processor (T2050), 2.5 GB of RAM and 80 GB conventional Hard Disk Drive.
The Operating System is Genuine Microsoft Windows XP, Media Center Edition, Version 2002, and
Service Pack 3. Primary IDEs used in this procedure are Microsoft Visual Studio 6.0, Microsoft

Visual Studio 2008 and Eclipse SDK version 3.4.2 (Ganymede). The system is running JRE 1.6.
Introduction

This walkthrough has been designed to facilitate setting up a Sphinx based recognition system.
The material used in this tutorial has been extracted /taken/derived from different tutorials and
helping materials available at ([8], [13], [9], [10], [11], [54], [55], [56] and [57]). In addition it
has been tested and modified by the training and testing of speaker specific medium vocabulary
continuous and spontaneous automatic speech recognition system for Urdu. Urdu digit

recognition system development is taken as the design goal for this system.
Software setup®
1. Perl

Install ActivePerl for Windows, which is available from ActiveStates.

® Extracted from: Robust Group Tutorial, http://www.speech.cs.cmu.edu/sphinx/tutorial.html#appl
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2. CCompiler

Install Microsoft Visual C++ 6.0 for Sphinx Train and MS VC++ 2008 for Sphinx-III and Sphinx
Base (I have used Sphinx3 and Sphinx4 both for decoding purposes).

3. Java Platform
For Sphinx-4 install JDK and Eclipse.
Setting up the data

Download AN47 speech database (this will be modified for our own Speech recognition system).
AN4 includes the audio, but it is a very small database and we are not interested in the audio as

we will provide our own.

The steps involved:

Create a directory for the system e.g. tutorial, and move to that directory.

1. Download the audio tarball AN4 and save it to the same tutorial directory you just created.

2. In Windows, using the Windows Explorer, go to the tutorial directory, right-click the tarball,

and choose "Extract to here" in the WinZip menu.
By the time you finish this, you will have a tutorial directory with the following contents
Tutorial
e an4
e an4_sphere.tar.gz
Setting up the trainer
Code retrieval

SphinxTrain can be retrieved by downloading its compressed version.

® ActiveState: http://www.activestate.com/Products/activeperl/index.mhtml
7 AN4: http://www.speech.cs.cmu.edu/databases/an4/ Download from:
http://www.speech.cs.cmu.edu/databases/an4/an4 sphere.tar.gz
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e Using the tarball, download the SphinxTrain tarball® by clicking on the link and choosing
"Save" when the dialog window appears. Save it to the same tutorial directory. Extract the

contents as follows.

o In Windows, using the Windows Explorer, go to the tutorial directory, right-click the

SphinxTrain tarball, and choose "Extract to here" in the WinZip menu.

By the time you finish this, you will have a tutorial directory with the following contents
Tutorial

e an4d

e an4_sphere.tar.gz

e SphinxTrain

e SphinxTrain.nightly.tar.gz
Compilation
In Windows:

1. Double click the file tutorial/SphinxTrain/SphinxTrain.sln. This will open MS Visual C++

(use version 6.0).

2. In the Menu Build choose Batch Build, and select all items. Click on Rebuild All This will

build all executables needed by the trainer.
Tutorial Setup

After compiling the code, you will have to setup the tutorial by copying all relevant executables
and scripts to the same area as the data. Assuming your current working directory is tutorial,

you will need to do the following.

cd SphinxTrain

# If you installed AN4

perl scripts_pl/setup_tutorial.pl an4

8 Sphinx Train: http://cmusphinx.org/download/nightly/SphinxTrain.nightly.tar.gz
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Setting up the Training data

[ followed the following steps for a simple Urdu digit recognition system:

1.

Place all training audio files in the (an4\wav\{name your training folder}\) folder. Use either
wav (mswav), .sph or .nist format. Praat supports all these formats. I used nist. Record some
separate utterances e.g. AlK, DO,... and some combined utterances e.g. counting from SIFAR
till DAS. Collect enough training data e.g. I collected 5 minutes of recordings in my voice for

the 11 digits from SIFAR to DAS.

Now in the an4\etc\ folder, in the an4.dic file, define the utterance to phone mappings. You
may map at word or phone level. e.g. you may map utterance AIK to a single phone AIK, or to
phone AY K, or define any other useful substitute. For small vocabularies, word level
mapping are preferred while phone level mappings are preferred for larger vocabularies.

More than one pronunciation mappings can be shown with a (1) and (2) etc. after the word.

e.g.
AIK  AEK
AIK(1) AYK

In the filler dictionary in the etc folder (an4.filler), define the non-speech utterances i.e. the
start of utterance silence <s>, the end of utterance silence <\s> and the middle of utterance
silence <sil>. Map them all to the same phone SIL, which models silence or the background

noise.

In the phone file define all the phones including the silence SIL as follows. There should be

no empty lines

In the file an4_train.fileids, define all audio file ids without extensions with references to the

root (wav\an4_train\) folder.

In the an4_train.transcription file establish utterance to audio mappings. Remember, these
are not phone to audio mappings but mappings between the words in the left column of the
dictionary file and the audio files. Important to note is that the files should be in the same

order as described in the an4_train.fileids file.
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7. In the file an4_testfileids, define all test data audio file ids without extensions with

references to the root (wav\an4_test\) folder.

8. In the an4_test.transcription file establish utterance to audio mappings. Remember, these
are not phone to audio mappings but mappings between the words in the left column of the
dictionary file and the audio files. Important to note is that the files should be in the same

order as described in the an4 test fileids file.

9. Now make the necessary changes in the sphinx_train.cfg file. My file is shown below with the

modified and/or potentially modified areas shown in bold:

# Configuration script for sphinx trainer -*-mode:Perl-*-
SCFG_VERBOSE = 1; # Determines how much goes to the screen.

# These are filled in at configuration time

$CFG_DB_NAME = "an4";

$CFG_BASE_DIR = "E:/Sphinx/an4";

$CFG_SPHINXTRAIN DIR = "E:/Sphinx/SphinxTrain";

# Directory containing SphinxTrain binaries

$CFG_BIN DIR = "$CFG _BASE DIR/bin";
$CFG_GIF DIR = "$CFG _BASE DIR/gifs";
$CFG_SCRIPT DIR = "$CFG BASE DIR/scripts pl";

# Experiment name, will be used to name model files and log files
$CFG_EXPTNAME = "$CFG_DB NAME";

# Audio waveform and feature file information
$CFG_WAVFILES_PIR = "$CFG_BASE_PIR/an";
$CFG_WAVFILE_EXTENSION = 'nist';

$CFG_WAVFILE TYPE = 'nist'; # one of nist, mswav, raw
$CFG_FEATFILES DIR = "$CFG_BASE_DIR/feat";
$CFG7FEATFILE7EXTENSION = 'mfc';

$CFG_VECTOR LENGTH = 13;

SCFG_MIN ITERATIONS = 1; # BW Iterate at least this many times
SCFG_MAX ITERATIONS = 10; # BW Don't iterate more than this, somethings
likely wrong.

# (none/max) Type of AGC to apply to input files

SCFG_AGC = 'none';

# (current/none) Type of cepstral mean subtraction/normalization
# to apply to input files

SCFG_CMN = 'current';
# (yes/no) Normalize variance of input files to 1.0
SCFG VARNORM = 'no';
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# (yes/no) Use letter-to-sound rules to guess pronunciations of
# unknown words (English, 40-phone specific)

$CFG_LTSOOV = 'no';

# (yes/no) Train full covariance matrices

$CFG_FULLVAR = 'no';

# (yes/no) Use diagonals only of full covariance matrices for

# Forward-Backward evaluation (recommended if CFG FULLVAR is yes)
SCFG_DIAGFULL = 'no';

# (yes/no) Perform vocal tract length normalization in training. This
# will result in a "normalized" model which requires VTLN to be done

# during decoding as well.

SCFG_VTLN = 'no';

# Starting warp factor for VTLN

$CFG_VTLN START = 0.80;

# Ending warp factor for VTLN

$CFG_VTLN END = 1.40;

# Step size of warping factors

$CFG_VTLN STEP = 0.05;

# Directory to write queue manager logs to

SCFG_QMGR DIR = "$CFG BASE DIR/gmanager";

# Directory to write training logs to
$CFG_LOG_DIR = "$CFG _BASE DIR/logdir";

# Directory for re-estimation counts
$CFG_BWACCUM_DIR = "$CFG_BASE_DIR/bwaccumdir";

# Directory to write model parameter files to
SCFG_MODEL DIR = "$CFG BASE DIR/model parameters";

# Directory containing transcripts and control files for
# speaker-adaptive training
$CFG_LIST DIR = "SCFG_BASE_DIR/etc";

#rrx**ixtxyariables used in main training of modelg*****x*x*

$CFG_DICTIONARY = "$CFG_LIST DIR/$CFG_DB NAME.dic";

$CFG_RAWPHONEFILE "$CFG_LIST DIR/$CFG_DB_NAME.phone";

$CFG_FILLERDICT "$CFG_LIST DIR/$CFG_DB NAME.filler";
$CFG_LISTOFFILES "$CFG_LIST DIR/${CFG DB NAME} train.fileids";
$CFG_TRANSCRIPTFILE "$CFG_LIST_DIR/${CFG_DB_NAME}_train.transcription";
$CFG_FEATPARAMS "$CFG_LIST DIR/feat.params";

frr**ixx*yariables used in characterizing modelg*****x*x*

$CFG_HMM TYPE = '.cont.'; # Sphinx III

#SCFG_HMM TYPE = '.semi.'; # Sphinx II

if (($SCFG_HMM TYPE ne ".semi.") and ($CFG_HMM TYPE ne ".cont.")) {
die "Please choose one CFG_HMM TYPE out of '.cont.' or '.semi.',6 "

"currently $CFG_HMM TYPE\n";
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if ($CFG_HMM TYPE eq '.semi.') {

$CFG_DIRLABEL = 'semi';

$CFG_STATESPERHMM = 5;

$CFG_SKIPSTATE = 'yes';
# Four (4) stream features for Sphinx IT

$SCFG_FEATURE = "s2 4x";

$CFG_NUM STREAMS = 4;

$CFG_INITIAL_NUM_DENSITIES = 256;

$CFG_FINAL_NUM_DENSITIES = 256;

die "For semi continuous models, the initial and final models have the
same density"

if ($CFG_INITIAL NUM DENSITIES != S$SCFG FINAL NUM DENSITIES);

} elsif (SCFG_HMM TYPE eq '.cont.') {

SCFG_DIRLABEL = 'cont';

$CFG_STATESPERHMM = 3;

$CFG_SKIPSTATE = 'no';
# Single stream features - Sphinx 3

$CFG_FEATURE = "ls c_d_dd";

$CFG_NUM STREAMS = 1;

$CFG_INITIAL_NUM_DENSITIES = 1;

$CFG_FINAL NUM DENSITIES = 8;

die "The initial has to be less than the final number of densities"

if ($CFG_INITIAL NUM DENSITIES > $CFG_FINAL NUM DENSITIES);

}

# (yes/no) Train multiple-gaussian context-independent models (useful
# for alignment, use 'no' otherwise) in the models created

# specifically for forced alignment

$CFG_FALIGN CI MGAU = 'no';

# (yes/no) Train multiple-gaussian context-independent models (useful
# for alignment, use 'no' otherwise)

$CFG_CI MGAU = 'no';

# Number of tied states (senones) to create in decision-tree clustering
$CFG_N _TIED STATES = 1000;

# How many parts to run Forward-Backward estimatinon in

$CFG_NPART = 1;

# (yes/no) Train a single decision tree for all phones (actually one
# per state) (useful for grapheme-based models, use 'no' otherwise)
SCFG_CROSS PHONE TREES = 'no';

# Use force-aligned transcripts (if available) as input to training
$CFG_FORCEDALIGN = 'no';

# Use a specific set of models for force alignment. If not defined,
# context-independent models for the current experiment will be used.
$CFG_FORCE ALIGN MDEF =
"$CFG_BASE DIR/model architecture/$CFG_EXPTNAME.falign ci.mdef";
if ($CFG_FALIGN CI MGAU eq 'yes') ({

$CFG _FORCE ALIGN MODELDIR =
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"$CFG_MODEL DIR/$CFG EXPTNAME.falign ci ${CFG DIRLABEL} $CFG_FINAL NUM DEN
SITIES";
}
else {

$CFG_FORCE ALIGN MODELDIR =
"$CFG_MODEL_DIR/$CFG_EXPTNAME.falign_ci_$CFG_DIRLABEL";
}

Use a specific dictionary and filler dictionary for force alignment.
If these are not defined, a dictionary and filler dictionary will be
created from $CFG_DICTIONARY and $CFG_FILLERDICT, with noise words
removed from the filler dictionary and added to the dictionary (this
is because the force alignment is not very good at inserting them)

H= o H e

# $CFG FORCE ALIGN DICTIONARY =
"$ST::CFG_BASE DIR/falignout$ST::CFG_EXPTNAME.falign.dict";;

# $CFG_FORCE_ALIGN_FILLERDICT =
"$ST::CFG_BASE DIR/falignout/$ST::CFG _EXPTNAME.falign.fdict";;

# Use a particular beam width for force alignment. The wider

# (i.e. smaller numerically) the beam, the fewer sentences will be
# rejected for bad alignment.

$CFG_FORCE_ALIGN BEAM = le-60;

# Calculate an LDA/MLLT transform?
$CFG_LDA MLLT = 'no';

# Dimensionality of LDA/MLLT output
$CFG_LDA_DIMENSION = 29;

#set convergence ratio = 0.004
SCFG_CONVERGENCE RATIO = 0.04;

# Queue::POSIX for multiple CPUs on a local machine
# Queue::PBS to use a PBS/TORQUE queue
SCFG_QUEUE TYPE = "Queue";

# Name of queue to use for PBS/TORQUE
SCFG_QUEUE NAME = "workq";

# (yes/no) Build questions for decision tree clustering automatically
SCFG_MAKE QUESTS = "yes";

# If CFG _MAKE QUESTS is yes, questions are written to this file.

# If CFG MAKE QUESTS is no, questions are read from this file.
$CFG_QUESTION SET =
"${CFG_BASE DIR}/model architecture/${CFG EXPTNAME}.tree questions";
#SCFG_QUESTION SET = "${CFG BASE DIR}/linguistic questions";

$CFG_CP_OPERATION =
"${CFG_BASE DIR}/model architecture/${CFG_EXPTNAME}.cpmeanvar";

# This variable has to be defined, otherwise utils.pl will not load.
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SCFG_DONE = 1;

return 1;

Training the ASR System

Go to the directory where you installed the data.

cd ..\an4

The system does not directly work with acoustic signals. The signals are first transformed into a
sequence of feature vectors, which are used in place of the actual acoustic signals. To perform
this transformation (or parameterization) from within the directory an4, type the following

command on the command line.

perl scripts_pl\make feats.pl -ctl etc\an4_train.fileids

This script will compute, for each training utterance, a sequence of 13-dimensional vectors
(feature vectors) consisting of the Mel-frequency cepstral coefficients (MFCCs). Note that the
list of wave files contains a list with the full paths to the audio files. Since the data are all located
in the same directory as you are working, the paths are relative, not absolute. You may have to
change this, as well as the an4 _test.fileids file, if the location of data is different. The MFCCs will

be placed automatically in a directory called .\feat\ in an4.

Now, simply run the RunAll.pl script provided.

perl scripts_pl\RunAll.pl
One of the files that appear in your current directory is an .html file, named an4.html. This file
will contain a status report of jobs already executed. Verify that the job you launched completed

successfully.

You have now completed your training. The final models and their locations will depend on the
database and the model type that you are using. If you are using AN4 to train continuous
models, you will find the parameters of the final 8 Gaussian\state 3-state CD-tied acoustic
models (HMMs) with 1000 tied states in a directory called
A\model_parameters\an4.cd_cont_1000_8\. You will also find a model-index file for these

models called an4.1000.mdef in .\model_architecture\. This file is used by the system to
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associate the appropriate set of HMM parameters with the HMM for each sound unit you are

modeling.
Running the Sphinx-3 decoder (Batch testing the ASR System)

There are a few problems running the Sphinx-3 decoder out-of-the-box. Ideally the process

should follow after the training step as follows:
Setting up the decoder
SPHINX-3

e Code retrieval

SPHINX-3 can be downloaded as a tarball. It is also available as a release from SourceForge.net.
Using the tarball, download the sphinx3 tarball and sphinxbase by clicking on the link and
choosing "Save" when the dialog window appears. Save them to the same tutorial directory.

Extract the contents as follows.
e tutorial
o an4
o SphinxTrain
o sphinx3
o sphinxbase
e Compilation

In Windows, if you download SphinxBase from the release system, please rename it (e.g. from

'sphinxbase-0.1") to 'sphinxbase’ and then:

1. Double click the file tutorial /sphinxbase/sphinxbase.sln. This will open MS Visual C++, if

you have it installed.

2. In the Menu Build choose Batch Build, and select all items. Click on Rebuild All This will
build all libraries in the SphinxBase package.
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3. Double click the file tutorial/sphinx3/programs.sln. This will open MS Visual C++, if you

have it installed.

4, In the Menu Build choose Batch Build, and select all items. Click on Rebuild All This will
build all executables in the SPHINX-3 package.

e Tutorial Setup

After compiling the code, you will have to setup the tutorial by copying all relevant executables
and scripts to the same area as the data. Assuming your current working directory is tutorial,

you will need to do the following.
cd sphinx3

perl scripts/setup_tutorial.pl an4
Running the Sphinx-3 Decoder

Decoding is relatively simple to perform. First, compute MFCC features for all of the test
utterances in the test set. To compute MFCCs from the wave files, from the top level directory,

namely an4, type the following from the command line:

perl scripts_pl/make feats.pl -ctl etc/an4_test.fileids

You are now ready to decode. Type the command below.

perl scripts_pl/decode/slave.pl

When you run the decode script, it will print information about the accuracy in the top level
.html page for your experiment. It will also create two sets of files. One of these sets, with
extension .match, contains the hypothesis as output by the decoder. The other set, with
extension .align, contains the alignment generated by your alignment program, or by the built-
in script, with the result of the comparison between the decoder hypothesis and the provided
transcriptions. If you used the NIST tool, the .html file will contain a line such as the following if

you used an4:
SENTENCE ERROR: 56.154% (73/130) WORD ERROR RATE: 16.429% (127/773)

The second percentage number is the WER and has been obtained using the 8 Gaussians per

state HMMs that you have just trained in the preliminary training run. Other numbers in the
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above output will be explained later in this document. The WER may vary depending on which

decoder you used.

IMPORTANT NOTES: However, the problem occurs when you execute “perl
scripts_pl/decode/slave.pl” as the perl script to setup the sphinx3 tutorial fails to make the

“sphinx_decode.cfg” in the an4\etc\ folder. So follow the procedure given below:
e Incmd, do cd an4

e Run > perl ./sphinx3/scripts/setup_sphinx3.pl -task an4 (this will create the
“sphinx_decode.cfg” in the an4\etc\)

e Now setup the Sphinx-3 tutorial again (this is just in case, | haven’t tried otherwise yet).
cd sphinx3
perl scripts/setup_tutorial.pl an4

e Reconfigure the sphinx_decode.cfg file as before, and configure the sphinx_decode.cfg

file if required.

e Now it will start giving you a lot of error when you will run the perl

scripts_pl/decode/slave.p], so copy the following to the an4\bin\:
o sphinx3_decode.exe (from: \sphinx3\bin\Release)
o sphinxbase.dll (from: sphinxbase\lib\Release)
o s3decoder.dll (from: sphinx3\lib\Release)

e Moreover you need a language model in the form of a binary dump file in the an4\etc\

folder
e So,download: Im3g2dmp, from:

http://cmusphinx.org/download /nightly/Im3g2dmp.nightly.tar.gz
e Unzip and build with VC 6. Use Project>Rebuild All
e Now in the Release directory find Im3g2dmp.exe

e This converts Im to dmp. On cmd prompt > Im3g2dmp ImFileName.Im DestDirectory
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o eg Im3g2dmp an4.Im.\
e Now you need an Im file. So give the text corpus to the online LM tool:
http://www.speech.cs.cmu.edu/tools/Imtool-adv.html

If the number of tokens in the corpus is greater than 5000, the online LM toolkit will not
work and the Statistical Language Modeling Toolkit needs to be used. Please see the

next section.

e Save the resulting Im file and convert to dmp. Then give the path in the Im entry in the

sphinx_decode.cfg file.

e Now if all went well, perl scripts_pl/decode/slave.pl, should work. See the an4-1-

1.match, an4.align, an4.match files in the an4\result\.
Using the Statistical Language Modeling ToolKkit to create Language Models

The SLM toolkit works only on Unix based systems. Download the toolkit and before building it,
for "little-endian" machines the variable BYTESWAP_FLAG will need to be set in the Makefile.
This can be done by editing src/Makefile directly, so that the line

#BYTESWAP_FLAG =-DSLM_SWAP_BYTES

is changed to

BYTESWAP_FLAG =-DSLM_SWAP_BYTES

Then simply change to the src/ directory and perform:
make install

The executables will then be copied into the bin/ directory, and the library file SLM2.a will be
copied into the lib/ directory.

To convert an ASCII corpus file into a trigram language model, with Witten-Bell discounting,

place it into the /bin directory and perform the following steps:

o . /text2wfreq <Corpus.txt> a.wfreq

o ./wfreq2vocab <a.wfreq> a.vocab
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e . /textZ2idngram -n 3 -vocab a.vocab <Corpus.txt>a.idngram
e ./idngram2lm -n 3 -vocab_type 2 -witten_bell -oov_fraction 0.5 -idngram a.idngram -vocab

a.vocab -arpa LanguageModel.arpa

-linear | -absolute | -good_turing | -witten_bell switches can be used for other smoothing

schemes. Please see the toolkit documentation for more details.
Modifying the Beam Width, Language Weight etc

In order to modify these parameters, the sphinx_decode.cfg file in the etc folder needs to be
edited. Following is the complete decode configuration file with the parameters that I modified

shown in bold:

# Configuration script for sphinx decoder -*-mode:Perl-*-

# Variables starting with $DEC _CFG_ refer to decoder specific
# arguments, those starting with SCFG_ refer to trainer arguments,
# some of them also used by the decoder.

SDEC_CFG_VERBOSE = 1; # Determines how much goes to the screen.

# These are filled in at configuration time

$DEC_CFG DB NAME = 'and';

$DEC_CFG_BASE DIR = 'E:/Sphinx/an4';

$DEC_CFG_SPHINXDECODER_DIR = 'E:/Sphinx/sphinx3';
$DEC_CFG_SPHINXTRAIN CFG = "$DEC_CFG_BASE DIR/etc/sphinx train.cfg";

# Name of the decoding script to use (psdecode.pl or s3decode.pl,
probably)
SDEC_CFG_SCRIPT = 's3decode.pl';

require $DEC CFG SPHINXTRAIN CFG;

$DEC_CFG_BIN DIR = "$DEC_CFG BASE DIR/bin";
$DEC_CFG GIF DIR = "$DEC CFG BASE DIR/gifs";
$DEC_CFG_SCRIPT DIR = "$DEC CFG BASE DIR/scripts pl";

$DEC_CFG_EXPTNAME = "$CFG_EXPTNAME";
$DEC_CFG_JOBNAME = "$CFG_EXPTNAME"." job";

# Models to use.
$DEC_CFG_MODEL_NAME =
"$CFG_EXPTNAME.cd_${CFG DIRLABEL} ${CFG N TIED STATES}";

$DEC_CFG_FEATFILES_DIR = "SDEC_CFG_BASE DIR/feat";
$DEC_CFG_FEATFILE EXTENSION = '.mfc';
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$DEC_CFG VECTOR LENGTH = $CFG VECTOR LENGTH;
SDEC_CFG_AGC = $CFG_AGC;

$DEC_CFG CMN = $CFG _CMN;

$DEC_CFG_VARNORM = S$CFG_VARNORM;

$DEC_CFG_OQMGR DIR = "$DEC_CFG_BASE DIR/gmanager";
$DEC_CFG_LOG DIR = "$DEC CFG BASE DIR/logdir";
$DEC_CFG MODEL DIR = "$CFG MODEL DIR";

frr**ixx*yariables used in decoding of wave filesg ***x**¥*x%
$DEC_CFG_DICTIONARY = "$DEC_CFG_BASE_DIR/etc/$DEC_CFG DB NAME.dic";
$DEC CFG_FILLERDICT = "$DEC_CFG_BASE_PIR/etc/$DEC_CFG_DB_NAME.filler";
$DEC CFG LISTOFFILES =

"$DEC CFG BASE DIR/etc/${DEC_CFG DB NAME} test.fileids";

$DEC CFG_ TRANSCRIPTFILE =

"$DEC CFG BASE DIR/etc/${DEC_CFG DB NAME} test.transcription";
$DEC CFG_ RESULT DIR = "$DEC CFG BASE DIR/result"'

# This variables, used by the decoder, have to be user defined, and
# may affect the decoder output

$DEC CFG_LANGUAGEMODEL_DIR = "$DEC CFG_BASE DIR/etc"‘

$DEC_CFG_LANGUAGEMODEL = "$DEC_CFG_LANGUAGEMODEL DIR/anditr.arpa.DMP";
$DEC_CFG_LANGUAGEWEIGHT = "8";
$DEC_CFG_BEAMWIDTH = "le-700";

$DEC_CFG_WORDBEAM = "le-080";

$DEC_CFG_ALIGN = "builtin";

frr*xxx*xyariables used in characterizing models******x*
$DEC_CFG_HMM TYPE = $CFG_HMM TYPE;

if (($DEC_CFG HMM TYPE ne ".semi.") and ($DEC_CFG HMM TYPE ne ".cont."))
die "Please choose one CFG_HMM TYPE out of '.cont.' or '.semi.',K "
"currently $DEC CFG HMM TYPE\n";
}

# This comes directly from reading the code. The feature definitions
# aren're represented exactly by the same string in the trainer and
# the decoder. Therefore, we need to map between them.
sfeature type = (

'¢/1..L-1/,d4/1..L-1/,c/0/d/0/dd/0/,dd/1..L-1/" => 's2 4x',

'c/1..L-1/d/1..L-1/c¢/0/d/0/dd/0/dd/1..L-1/" => 's3 1x39',
'c/0..L-1/d/0..L-1/dd/0..L-1/" => 'ls ¢ d dd',
'c/0..L-1/d/0..L-1/" => 'cep dcep',
'c/0..L-1/" => 'cep',
'c/0..L-1/dd/0..L-1/" => '"INVALID',
'4s 12c 24d 3p 12d4dd’ => 's2 4x°',

'ls 12c _12d 3p 12d4dd’ => 's3 1x39"',
's2 4x! => 's2 4x'
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"s3 1x39" => 's3 1x39°',

'ls ¢ d dd’ => 'ls c d dd',
'ls ¢ d 1d dd' => 'ls c d 1d dd',
'ls c d' => 'cep_ dcep',
'ls c' => 'cep',
'ls c dd' => 'INVALID',
'ls d' => 'INVALID',
'ls_dd’ => 'INVALID',
)7
SDEC_CFG_FEATURE = "INVALID"

unless ((exists $feature type{$CFG FEATURE})
and ($DEC_CFG _FEATURE = S$feature type{SCFG FEATURE})) ;

if ($DEC_CFG_FEATURE eq "INVALID") {
die "Feature type used for training, $CFG_FEATURE, cannot be used for
decoding.\n"
"Please use one of 1s ¢ d dd, 1s c d, 1s ¢, s2 4x, s3 1x39,
1s ¢ d 1d dd\n";
}

SDEC_CFG _NPART = 1; # Define how many pieces to split decode in
$DEC_CFG_OKAY COLOR = '00D000';

$DEC_CFG WARNING COLOR = '555500';

$DEC_CFG_ERROR COLOR = 'DD0000';

return 1;

191




