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Abstract

Temporal patterns of frequency-localized features in ASR
Pratibha Jain

Supervising Professor: Hynek Hermansky

This work investigates the use of frequency-localized temporal patterns of the speech sig-
nal for developing robust front-end for Automatic Speech Recognition (ASR). Various
linear transforms are investigated for parameterization of the frequency-localized tempo-
ral patterns. We show that temporal patterns closely follow the properties of a first-
order Markov process, which results in the PCA transforms being very close to the DCT
transform. Better recognition performance is achieved on using the DCT components of
temporal patterns as opposed to directly using temporal patterns for feature estimation.
Other linear transforms such as Linear Discriminant Analysis (LDA) are also studied
for the parameterization. The parameterized TempoRAl PatternS (TRAPS) are used to
estimate broad-phonetic class-posteriors independently in each critical-band. These class-
posteriors are combined and used as the features for word recognition. Qur work shows
that broad-phonetic features generalize better than other conventional features and yield
considerable complementary information with respect to short-term cepstral features in
ASR. Two practical applications are proposed for the broad-phonetic TRAPS features : 1)
Distributed Speech Recognition (DSR) in cellular telephony, 2) Voice Activity Detection
{VAD) tasks. These features yield a significant improvement in the performance for these

applications. New band-independent categories are proposed which represent distinct

Xv




speech-events in the frequency-localized temporal patterns of the speech signal. These
categories are obtained by clustering the mean temporal patterns of context-independent
phones using an agglomerative hierarchical clustering technique. A Universal TempoRAl
PatternS (UTRAPS) system is proposed for the speech-event class-posteriors estimation.
Combining UTRAPS features with cepstral features achieves a significant improvement in
the recognition performance under noisy conditions. Finally, this work studies the effect
of broadening the frequency-context on TRAPS features and ASR. This study shows that
combining temporal patterns from more than one critical-band is important to achieve

higher recognition rates.
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Chapter 1

Introduction

The goal of automatic speech recognition (ASR) is to interact with machines via voice
commands and provide a mean of natural interface. The major problem with the current
ASR systems is their limited ability to deal with the diversity and variability of real-
world environments. For example, the performance of an ASR system degrades drastically
in the presence of different speakers, different speech-context, communication channels,
and background noises, i.e., in environments not seen by the system during its training
[9]. Several studies have been carried out to develop noise-robust ASR systems that
can perform well in different real-world environments [22]. This includes extraction of
various robust front-end features from the speech signal that are relatively insensitive to
operational environments [2, 25, 28, 49]. Another approach that has been studied is the
use of various adaptation techniques that can adapt an ASR system (at various levels such
as at the feature-level or the model-level) to real-world operating conditions [32, 43, 70].

The objective of this dissertation is to investigate frequency-localized temporal patterns
of the speech signal for developing noise-robust front-end for ASR systems.

This chapter is organized as follows. Section 1.1 gives a general frame-work of ASR
systems. The first step in ASR systems is the estimation of useful features or measure-
ments from the speech signal for speech recognition. The different approaches for feature
extraction are described in detail in Section 1.2. Section 1.3 describes a recently proposed
approach for robust feature estimation. The work proposed in this dissertation mainly
expands, and explores upon on this approach for feature estimation. In this technique
temporal patterns of frequency-localized features are used for robust feature detection

for ASR. The chapter concludes with contributions of the thesis in Section 1.5 and an




overview of the thesis in Section 1.6.

1.1 General framework for Automatic Speech Recognition

Systems

Automatic speech recognition is a process which maps the speech signal to a sequence of
speech sub-units such as phones, syllables, words. The mapping is based on statistical
pattern recognition techniques {18]. The general framework of such a system is shown in
Figure 1.1. The recognition process comprises three main processing steps - feature ex-
traction, likelihood computation, and search for the most likely sub-unit sequence such as
word sequence. In the feature extraction step, the incoming signal is typically divided into
short-term segments (typically 20 to 32 ms) equally spaced in time, and a feature vector
is extracted from each segment. This is followed by the computation of log-likelihoods
or posterior probabilities of feature vectors with respect to the speech sub-units. The
speech sub-units are modeled as a sequence of hidden states. The states corresponds to
a particular part of speech sub-units. Each state is modeled as mixture of Gaussians.
Neural Networks (NN) also have been used for modeling the states [24]. The mathematic
structure known as Hidden Markov Model (HMM) [38, 42] is utilized to map sequence of
acoustic features to the sequence of speech sub-unit log-likelihoods. Given the sequence of
log-likelihoods, finally the recognition process performs a search over all possible sub-unit
sequences to obtain the the highest likely or probable sequence. The Viterbi algorithm is

commonly used to perform the search [42].

1.2 Feature extraction Process

The major problem for high-accuracy recognition is the large variability in the speech
signal characteristics. This includes variability due to different pitch, variability due to
different speakers, the effect of background noises, and the transmission channel (e.g.,
microphone, telephone) etc. In ASR, the goal of the feature extraction process is to reduce
these aspects of signal variability and extract a robust representation of the speech signal.

The feature extraction process can be divided into two parts : 1) short-term spectral
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Figure 1.1: Block diagram of speech recognition system

processing, and 2) long-term temporal processing. The spectral processing extracts short-
term (typically 20 — 32 ms) spectral features from the speech signal. The short-term
spectral features are temporally processed using various techniques. In this section, we
first describe conventional spectral processing techniques. Next we describe some of the

commonly used techniques for temporal processing.

1.2.1 Spectral processing for short-term spectral features

The speech signal is divided into overlapping short (typically 20 — 32 ms or 160 — 256 sam-
ples at 8 kHz) segments. The adjacent segments overlap by 10~ 20 ms ie 80— 160 samples.
The segments are multiplied by a Hamming window to minimize the discontinuities at the
edges of the short segments. A short-time Fourier transform is applied to convert these
segments to the frequency domain. Only the magnitude of Fourier transformed segments
is kept while phase is ignored. For a speech signal sampled at f; = 8 kHz this operation
results in around 129 parameters. The resulting parameter vector corresponds to frequen-
cies that are uniformly spaced from 0 — 4000 Hz. The parameter vector is referred to
as the short-term spectral density of the speech signal. This operation can be expressed

mathematically as,

=R axk
Xm(R) =] Y smln)e %™

=00




Where sp,(n) is given by,
Sm(n) = h(mM — n) « z(n)

Where z(n) refers to the speech signal, s;,(n) refers to windowed speech signal centered
at mM sample, h refers to the Hamming window which acts as a sliding analysis window,
M refers to the amount of frame shift in samples, X (k) refers to the short-term spectral
density (sampled in frequency at frequencies wy, = 27725, k=20,1,--- ,K—1) at time instant
n = mM/fs sec, and m is an integer variable. The analysis of short-term spectrum of
speech signal is more discussed in [3, 7, 6, 58].

Human perceptual studies indicate that human hearing has a non-uniform frequency
resolution. To emulate the human processing, non-uniform filterbanks based on non-
uniform frequency scales such as the Mel [63, 66] or Bark scales [15, 25] have been proposed
to warp the short-term spectrum into a non-uniform frequency spectrum. The magnitude
coefficients of the short-term spectrum are binned by correlating them with each non-
uniform filter. Here binning means that each FFT magnitude coefficient is multiplied by
the corresponding filter gain and the results accumulated. Thus, each bin holds a weighted
sum representing the spectral magnitude in that filter. This operation can be expressed

mathematically as,
k=Bandwidth

Pa(i)= > Xn(k)FB(ik)
k=0

Where i refers to the filterbank index, FB(3,k) is the values of k™ filter coefficient of the
ith filter in the frequency domain, and P, (i) refers to the value of ith filter energy at time
instant n = mM/ f; sec.

Next, a compressive non-linear transformation such as log or cube-root is applied to
the filterbank energies, and finally these energies are projected on a discrete cosine basis.
These features form the basis of the conventional front-end used in ASR systems. Example

of features based on this technique includes Mel Cepstral Coeflicients (MFCC) [40].



1.2.2 Temporal processing of short-term spectral features

The short-term spectral features have the drawback that they are sensitive to changes
in the communication environment, such as characteristics of different channels or back-
ground noise. As a result, the performance of recognizers that uses only these features
rapidly degrades in realistic communication environments. In ASR, the success of dy-
namic features [21] , cepstral mean subtraction (CMS), and RelAtive SpecTrAl (RASTA)
techniques, all of which involve temporal processing of short-term spectral features over
50 ms to several hundred milliseconds, indicates that temporal processing is required for
improving robustness of ASR systems. Psychoacoustic studies also suggest that the pe-
ripheral auditory system in humans integrates information from much larger time spans
than the temporal duration of the short segments used in spectral processing. One piece
evidence is forward masking [34, 50, 51] which is an auditory process that operates over a
relatively longer time span ( 200 — 500 ms). Recent studies based on Multivariate ANaly-
sis Of VAriance (MANOVA) [59] and based on joint mutual information {29] also indicate
that the eflect of a phone lasts for approximately 500 ms. Several attempts were made to
incorporate information from longer time spans of the speech signal into features [26, 62].

One recent approach applies temporal processing in the multi-band framework [26)].
In this approach, acoustics and environment characteristics are estimated independently
from narrow frequency regions of speech signal and later combined for final classification.
This approach is motivated by the Fletcher and Stewart multi-channel model of phone
recognition in human auditory system, which was brought up into attention later by
Allen [4]. Their work suggests that the recognition errors in a given frequency band are
independent of the errors in the other frequency bands, thus each frequency channel should
be processed independently for building reliable acoustic models {19]. The independent
processing of each frequency channel allows for selection of reliable (with high signal-to-
noise ratio (SNR) ) feature estimates when combining information from narrow frequency
regions. Several benefits have been reported on using the multi-band approach for robust

recognition {12, 67)].




1.3 The TempoRAl Patterns based (TRAPS) approach for

feature estimation

With the previous studies as motivation, the temporal characteristics of individual phones
were analyzed to understand the nature of the linguistic information available in the tem-
poral structure of speech. For this analysis, frequency-localized features such as cube-root
or log compressed critical-band energies were used. Results showed that each phone has a
unique pattern of energy evolution in each frequency band [64]. Utilizing the information
present in the temporal patterns of the phones in each band, a TRAPS based system was
developed for feature estimation [26, 61]. The basic building blocks of this system are

shown in Figure 1.2. This system consists of the following processing steps :

Class-posteriors estimation from individual frequency-bands

The temporal patterns of critical-band energies are used to estimate the posterior prob-
abilities of sub-word classes (phones) in each frequency band. Multilayer perceptrons
(MLPs) are used as the class (phone) posterior estimators. The input features to each
MLP (posterior estimators) are cubic-root or log compressed Bark or Mel-scaled critical-
band energies. Each MLP makes a local estimate of the posterior probability of sub-word
(phone) classes from a 101—sample window (+50 samples around the current frame) of
compressed critical-band energies at every 10 ms. MLPs are trained using error backprop-
agation algorithm with a cross-entropy error criterion. Each 101—sample window (covers
1 s of context) is normalized to have zero mean and unit variance before using it as input
to the posterior estimators (MLPs). The normalized 101—sample vector of compressed
critical-band energies is also referred to as temporal pattern which essentially captures

temporal dynamics around the current frame.

Merging information from frequency bands

The information about sub-word classes (phones) gained from narrow frequency bands is
then combined for final recognition. For this, the estimated class-posterior probabilities

from individual bands are concatenated and converted into class-conditional log-likelihoods
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Figure 1.2: The TempoRAI PatternS (TRAPS) approach for feature estimation

by taking log of their estimates and scaling by class priors. The concatenated vector of
log-likelihoods is then treated as the input feature vector to a Tandem speech recognition

system [27]. The details of this recognizer are described in the following section.

1.4 The Tandem approach to speech recognition

The basic idea behind this approach is to use a Neural Network (NN) to map given
features into class-posterior (e.g. phone posteriors) probabilities. A Neural Network is
discriminantly trained using a labeled dataset to estimate posterior probabilities of the
phone classes given the observations. The observations are nothing but a set of features
(e.g. 9 frames of MFCC |, class-posteriors estimated from individual critical-bands etc.).
At a given framerate (e.g. 10—ms) NN gives an estimate of a set of posterior probabilities
given a observation or a feature vector. The distribution of these posteriors is heavily
skewed and these posteriors are correlated with each other. This makes these posteriors,
if used directly as input features, not suitable for successive Gaussian Mixture Modeling
(GMM) in a HMM-based recognizer. Due this reason, class-posterior probabilities are
first processed and then used further as input features for a conventional back-end HMM-

based recognizer. The posteriors are converted to log likelihoods by taking a log to their



values. The other alternative is to collect outputs from NN without the final non-linearity
(e.g. softmax) which gives a close estimate of log of the posterior probabilities. The
distribution of the log likelihoods of classes is more Gaussian-like, which is required for the
successive GMM. This step is referred to as Gaussianization of features. The log likelihoods
values of the classes can be correlated with each other. Since most commonly GMM uses
diagonal covariances assuming feature vectors are decorreleted, a KLT (Karhunen-Loeve
Transform) is applied on the log of posterior probabilities to decorrelate them. This
processing step is referred to as Diagonalization or De-correlation of features. The KLT
transformn is estimated a priori using the training dataset or using an independent dataset.
KLT transform is also known as Principal Component Analysis (PCA) transform. Finally
the processed posteriors that are estimated at every 10—ms are used as input features to
the back-end HMM-based recognizer (27, 13].

A Tandem system adds a layer of discriminability to the feature extraction process and
provides a convenient mechanism for combining multiple feature sets [61]. The general

block diagram of such a system is shown in Figure 1.3.

Combining different feature streams in a Tandem system

In a Tandem system, information from different feature streams can be combined for
final classification. The block diagram of such a system is shown in Figure 1.4. A set of
estimated features are mapped to class-posteriors (e.g. phone posteriors) using MLPs and
different feature streams are combined at the level of class-posterior probabilities. The
combination techniques can be as simple as averaging the class-posteriors or concatenating
the posteriors (followed by decorrelation) estimated from different feature streams. A
gain in recognition performance has been seen when two or more feature streams make

complementary errors [61].

1.5 Contributions of this work

This thesis work further investigates the use of frequency-localized temporal patterns

of features in ASR. First, it investigates various techniques for parameterization and
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representation of the temporal patterns in each band. Then it investigates the use of
broad-phonetic categories based on, for example nasality, affrication, voicing, and plosive
nature of the speech sounds for feature estimation. It shows that broad phonetic features
generalize better across different conditions and are robust to noisy environments. The
estimated broad-phonetic category features are evaluated for two practical applications
: Voice Activity Detection (VAD) and Distributed Speech Recognition (DSR) in cellular
telephony. This thesis further presents a new approach for defining band-independent
broad-phonetic categories for feature estimation. These categories characterize distinct
speech events manifested in the frequency-localized temporal patterns of the speech sig-
nal. We also show that by using these new speech-activity based categories, band-specific
class-posterior estimators can be replaced by a universal class-posterior estimator. Finally,
this thesis work studies the effect of broadening the frequency-context presented to the
class-posterior estimators.

The contribution of this thesis can be summarized as follows

e Investigated various parametric representations for frequency-localized
temporal patterns in ASR Several linear transforms such as DFT, DCT, and
LDA are investigated for the parameterization of temporal patterns. We show that
the temporal patterns closely follow the properties of a first-order Markov process
which results in the PCA transforms being very close to the DCT transform. Better
recognition performance is achieved on using linear components of temporal pat-
terns as opposed to directly using patterns as input to the posterior estimators for
feature estimation. Frequency components of frequency-localized temporal patterns
are referred to as modulation speciral components. These components capture the
temporal dynamics of spectral envelopes. The 101-sample (1 s) temporal trajectory
covers 0 — 50 Hz of modulation frequency components. The effect of cutting off the
components of higher modulation spectra on ASR is also studied by limiting the
higher order DCT components during parameterization. We show that on cutting
off modulation frequency components beyond 8 Hz, recognition performance severely
degrades in different testing environments. With around 32 DCT components {(cov-

ers upto 16 Hz range of modulation spectrum) better recognition performance can
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be achieved across different testing environments.

Investigated broad-phonetic feature estimation from temporal patterns
in ASR Various broad-phonetic categories are investigated for feature estimation.
The broad-phonetic categories are obtained independently in each band by cluster-
ing the mean temporal patterns of phones using a similarity measure. This results in
broad-phonetic classes based on vowels, plosives, fricatives, flaps, nasals, schwa, and
silence like groups of phones in each band. The broad-phonetic features are evaluated
for ASR. Work this part shows that broad-phonetic category based features gener-
alize better than other conventional features and yield considerable complementary

information with respect to short-term spectral features.

Proposed broad-phonetic features for VAD and DSR The estimated broad-
phonetic category based features are evaluated for two practical applications : Voice
Activity Detection (VAD) and Distributed Speech Recognition (DSR) in cellular
telepbony. The proposed features show significant improvements in performance for

these applications.

Proposed Universal Temporal Patterns (UTRAPS) based approach for
feature estimation We found that mean temporal patterns are quite similar not
only across similar phones but also across different frequency bands. We propose new
band-independent categories obtained by clustering temporal patterns from all the
critical-bands. The resulting clusters represent distinct speech-activities manifested
in frequency localized temporal patterns of the speech signal. The class-posterior
probabilities for these new, band-independent categories can be estimated using
a universal posterior estimator. We show significant improvement in recognition

performance in various testing conditions on using UTRAPS for feature estimation.

Studied the effect of broadening frequency-context for feature estimation
on ASR This study shows that combining temporal patterns from more than one

critical-band is important to achieve better recognition rates. This work indicates
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modeling the interaction among several adjacent critical-bands is important for ob-

taining higher recognition performance.

1.6 Organization of the thesis

Chapter 2 describes different linear representations for the parameterization of temporal
patterns of log critical-band energies. The effect of parametrization of temporal patterns
on ASR is also studied. This work proposes Discrete Cosine Transform (DCT) or DFT
components from 1 — 16 Hz frequency range for efficient representation of information
carried by temporal patterns.

Chapter 3 investigates band-dependent broad-phonetic categories for feature estima-
tion using the parameterized temporal patterns. This work shows that broad-phonetic
category features generalize better across different testing conditions. It shows that six
broad—phonetic category features carry a significant amount of complementary information
to short-term spectral features such as cepstral features. The effect of choosing different
sets of broad-phonetic categories for feature estimation on ASR is also investigated.

Chapter 4 investigates further the use of broad-phonetic category based features in two
practical applications : Voice Activity Detection (VAD) and Distributed Speech Recogni-
tion (DSR) in cellular telephony. Results shows significant improvements in the recognition
performance for both applications.

Chapter 5 investigates a new set of band-independent categories for feature estimation.
These categories are based on distinct speech-activities localized in time-frequency regions
of the speech signal. As opposed to earlier work that used band-specific class posterior
estimator, a universal class-posterior estimators is proposed for feature estimation.

Chapter 6 studies the effect of broadening the frequency-context by using temporal
patterns from several adjacent critical-bands for feature estimation on ASR. The work in
this chapter proposes that temporal patterns from several adjacent critical-bands should be
used jointly for feature estimation. A significant improvement in recognition performance
is achieved on using more than one critical-band frequency-context for feature estimation,

as opposed to using frequency-context spanning just a single critical-band.




Chapter 7 summarizes the work and suggests future directions.

i3




Chapter 2

Parametric representation of temporal

patterns of features

As described earlier in section 1.3, the TRAPS based system was developed to incorporate
information from syllable-length time spans of the speech signal into short-term features
[26]. In this system, 1 s long (101 samples at a 10 ms frame-rate) temporal trajectories of
log critical-band energies were used directly as input features for sub-word unit (phones)
posterior estimation. The 101-point input vectors require the training of a large number
of parameters in individual class-posterior estimators (MLPs) which cannot be accurately
estimated from a limited amount of available training data. We believe that by doing
appropriate parameterization of the temporal feature vector, the large dimensionality of
temporal patterns can be reduced without losing useful information required for estimating
class-posterior probabilities.

In this work, we investigate various linear transforms for efficient represeﬁtation or pa-
rameterization of frequency-localized temporal patterns. We show that temporal patterns
closely follow the characteristics of a first order Markov sequence [8]. This results in the
principal components of the temporal patterns being similar to Discrete Cosine Transform
(DCT) components. We show that DCT components can be used to parameterize 1 s long
{101-point) temporal patterns and can achieve a significant reduction in number of sys-
tem parameters. The Linear Discriminant Analysis (LDA) [55] and the Fourier Transform
(DFT) are also investigated for representing temporal patterns.

The frequency components of temporal patterns are referred to as modulation spectral

components. They represent the change in the spectral envelope over time. The effect of

14
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low-pass filtering the modulation spectra of temporal patterns on ASR is also studied in
this chapter.

The chapter is organized as follows. Section 2.1 analyzes temporal patterns and show
their association with first-order Markov sequences. Section 2.2 describes various linear
transforms used for parameterization of temporal patterns. Section 2.3 describes the used
databases and the experimental setup for evaluating parameterized temporal patterns
in ASR. Section 2.4 shows the effect of parameterization of temporal patterns on ASR.
Section 2.5 investigates the effect of low-pass filtering the modulation spectra of temporal

patterns on ASR by limiting the linear transform basis.

2.1 Temporal patterns as Markov-1 vector sequence

For 101 point long, mean subtracted and variance normalized, temporal patierns of log
critical-band energies, the estimated covariance matrix is shown in Figure 2.1. Its highest
values lie along the diagonal and the off-diagonal terms gradually decay. This matrix has

a structure close to that of r(n}), which is given by,
T(n) = |p§“,‘v'n,

where r(n) represents the covariance function of a Markov-1 vector sequence [8]. For
temporal patterns, the estimated value of the correlation coefficient, p, is around 0.85.
This results in eigen vectors of the covariance matrix of the temporal patterns (Principal
components i.e. PCAs) being close to the DCT bases. The more details of the covari-
ance function of a Markov-1 vector sequences can be found in Appendix A. The PCA
computation is described in detail in Appendix G. The estimated principal components
are shown in Figure 2.2. Figure 2.3 shows the distribution of total variability in the es-
timated principal components. It can be observed that around 50 principal components
cover around 98 % of the total variability. These 50 bases span 1 — 25 Hz of modulation

spectrum of temporal patterns.




16

Temporal feslure index

' : 20 40 60 80 100
20 4 60 &0 100 Termparal teature index

Temporal fahue Indos

Figure 2.1: Correlation matrix of 101 point Figure 2.2: Principal components basis vec-
long temporal pattern of log critical-band en- tors

70

ergies
100~ P s White noise
e g

ol |I —— SNROdB |
50+ 1 | b SNAGdE |

| ?0|~ —¥— SNA10dB 1
BO- |!+SNR|511I3

| aoll == SNR2048 |

E ([ == _clean

- |
= | 20l |
£ sob - {i =7 |
= H E | |
® H w40}
2 E
# qop 389
a0 H 20+ i
| :: H |
20 i | . |
|
10 . . i | o j i Fiig
Q0 20 40 60 80 100 120 4 B 12 16 25 35
Number of PCA basis Modulation frequancy

Figure 2.3: % of total variability in number Figure 2.4: Effect of low-pass filtering the
of retained PCA basis vectors modulation spectrum at different SNRs by
limiting DCT bases in White noise

2.2 Linear transforms for parameterization

In this section, we describe various linear transforms used for the parameterization of
temporal patterns. The parameterized temporal patterns are used as input to class-
posterior estimators (MLPs) in each critical band. Later these posteriors are combined
(concatenated), converted to log-likelihoods, and used as input features in a Tandem

speech recognition system [13].
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In the previous section we observed that the covariance matrix of 101 point long temporal

feature vectors (spanning around 1 s of context) has a structure very similar to that

of first-order Markov sequences and due to this reason, the PCA transform can well

be approximated by a DCT. The 50 PCA components cover around 98 % of the total

variability of 101-point long temporal patterns. We used 50 DCT components of mean

subtracted, variance normalized temporal patterns as input features to sub-word class

(phones) posterior estimators (MLPs).
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Discrete Fourier Transform (DFT)

Fourier components covering 1 — 25 Hz of modulation spectrum are used for parameteri-
zation of temporal patterns. The 50 DFT components of temporal patterns, which consist
of 25 real and 25 imaginary parts, are used as input features to sub-word class (phones)

posterior estimators.

Linear transform obtained from LDA

This linear transform is obtain by using Linear Discriminant Analysis (LDA} {20, 55]. The
linear discriminants are derived from 101 point long temporal trajectories of log critical-
band energies, which are mean subtracted and variance normalized. The 29 phones are
used as the target classes for deriving 29 linear discriminant basis vectors. The LDA
bases are derived on the clean, OGI-Stories corpus, a dataset described in section 2.3.
The first 15 LDA components of the temporal patterns are then used as input features
to sub-word class (phones) posterior estimators. We also derive the first 50 LDAs basis
vectors from 554 Gaussian mixtures (from 3-state monophone HMM models), which are
used as the target categories, for the second experiment. The more details of computing

linear discriminants is covered in Appendix G.
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2.3 Databases

Two databases are used in this work : 1)} the OGI-Numbers database and 2) the OGI-
Stories database. The training of band-specific MLPs is performed on OGI-Stories while
the Tandem MLP is trained on OGI-Numbers.

OGI-Numbers database

The OGI-Numbers corpus [52] consists of a set of continuous, naturally spoken utterances
collected from many different speakers over the telephone and sampled at 8 kHz. The
utterances represent the numbers portion of utterances where people recite their addresses,
telephone numbers or zip codes. The utterances vary in length from one to ten numbers
but most utterances have five numbers. The task has a 32-word vocabulary consisting
of the words zero, oh, one, two, three, four, five, six, seven, eight, nine, ten, eleven,
twelve, thirteen, fourteen, fifteen, sixteen, seventeen, eighteen, nineteen, twenty, thirty,
forty, fifty, sixty, seventy, eighty, ninety, hundred, uh and um. Three independent subsets
of this database of approximately 1.7-hour, 0.6-hour and 0.2-hour respectively have been
used for our experiments. The 1.7-hour subset is the training set, the 0.2 hours subset is
the cross-validation set on which the frame-level error rates are reported. We used these
datasets for training of the posterior estimators (MLPs). The Numbers database consists
of 29 phonetic classes which are a subset of the 61 phones from the TIMIT database. The
word recognition experiments are performed on the continuous digit-part of this database.
This dataset is referred to as OGI-digits. It consists of 1.3-hour training set and 1.7-hour

testing set.

2.3.1 Testing conditions at different SNRs

There are five testing conditions : 1) clean, 2) babble, 3) pink, and 4) white noises
artificially added at 0, 5, 10, 15, and 20 dB signal-to-noise ratio (SNR) to the clean
testing dataset. We define SNR as the ratio of signal to noise energy after filtering both
speech and noise signal to 0 — 4000Hz frequency-range. The noise energy is calculated as

the root mean square value (RMS) over the noise signal segment of same length as the
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Figure 2.10: Block diagram of temporal patterns based feature estimation

speech signal is. This noise segment is selected randomly from the noise signal. We assume
duration of the noise signal much longer than that of the speech signal. The level of the
speech signal is not changed . Based on the desired SNR the scaling factor is calculated

to multiply the noise samples before adding them to the speech signal.

OGI-Stories database

OG]I-stories is the English portion of the OGI multi-lingual database [53]. The database
consists of telephone quality conversational speech. A subset is phonetically hand labeled
and comprises approximately 2.7 hours of extemporaneous speech from each of the 210

different speakers.

Experimental setup

Different linear transforms for parameterization of temporal patterns are evaluated on a
continuous digit recognition task using OGI-digits database. In this task, the vocabulary
consists of 11 words (0 — 9 and "oh”). Each word is modeled as a sequence of context-
independent phones and each phone is modeled using a five-state, three-mixture Gaussian
hidden Markov model (HMM). The block diagram of this system is shown in Figure
2.10. The training of the band-specific class-posterior estimators (MLPs) is performed on

clean OGI-Stories and the posterior estimator used in Tandem system is trained on clean
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OGI-Numbers. The Multilayer perceptrons (MLPs) are trained using backpropagation
algorithm with a cross-entropy error criterion. They were trained to estimate 29 phones
posteriors from linearly transformed temporal patterus of log critical-band energies. The
used critical-bands are described in Appendix H. The band-specific MLPs are trained
using 150 hidden units and 29 phones as the target categories used at the output nodes.
The MLP used in the Tandem system (described in detail in section 1.4) is trained with
300 hidden units and the same 29 phone targets for final class-posterior estimation. These
posteriors are gaussianized (by taking the log), decorrelated (using a KLT transform), and

then used as features in an HMM-based recognizer.

2.4 Performance of linearly transformed temporal patterns

Table 2.1 shows word error rates for features estimated from parameterized temporal
patterns using various linear transforms at the clean condition. The performance of these
features is compared with the features obtained by directly using temporal patterns as
the input to the class-posterior estimators. From the results, it can be observed that
the linearly transformed temporal patterns perform significantly better than using these
patterns directly for feature estimation. The gain in the performance is significant at 98 %
confidence interval. Figures 2.7, 2.8, and 2.9 show the recognition performance of linearly
transformed temporal patterns using DFT, DCT, and LDA transforms at different noises
and SNR conditions. In this experiment, 50 linear bases were used for the projection.
The features estimated from DCT-transformed and DFT-transformed temporal patterns
perform significantly better than LDA-transformed temporal patterns at lower SNR noisy
conditions. This result is significant at 98% confidence interval. For confidence measure,
we performed a Matched Pairs Sentence-Segment Word Error (MAPSSWE) test [23]. On
the average, DCT and DFT-transformed temporal patterns give very similar recognition

performance across most of the noisy conditions.
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2.5 On low-pass filtering the Modulation spectra

Previous studies on the intelligibility of speech with filtered spectral time-trajectories show
that speech intelligibility isn’t severely impaired as long as the spectral envelope has a rate
of change up to 16 Hz in modulation frequency [54]. The studies such as conducted by
N. Kanedera et.al. [45, 46] indicate that modulation frequency components from range
between 1 to 16 Hz carry most of the linguistic information important for robust ASR.
In contrast to the above findings, the work by R. V. Shannon et. al. [57] had found
that recoguition scores from 50, 160, and 500 Hz modulation (speech envelop) filters for
vowels, consonants, and sentences were not significantly different but the results from 16
Hz modulation filter gave significanily lower recoguition scores.

With these studies as motivation, we investigate the effect of eliminating higher mod-
ulation frequency components of temporal patterns on ASR at different noisy conditions
and at different signal-to-noise ratios (SNR). Figures 2.4, 2.5, and 2.6 show the effect
of cutting off higher modulation frequencies on the word error rate by dropping higher
DCT components at different testing conditions. The recognition performance drastically
reduces on cutting off the modulation frequencies beyond 8 Hz whereas it fairly remains
the same for upto 12-35 of modulation spectrum for higher SNR (10 ~ 20 dB and clean)
testing conditions. However, for lower SNR (0 — 5 dB) conditions, keeping modulation

spectrum above 16 Hz reduces the recognition performance.

Table 2.1: % Word Error Rate (Recognition Performance) on using different linear trans-
forms on temporal patterns of log critical-band energies at clean condition

| 101 temporal patterns | 50 DFT | 50 DCT [ 50 LDA | 15 LDA |

| 7.1 | 64 [ 64 [ 63 [ 66 |

2.6 Conclusion

Tn this chapter, we investigated various linear transforms for the parameterization of tem-

poral patterns. We showed that temporal patterns closely follow the properties of first




23

order Markov sequences and as a result the principal components (PCA) of temporal pat-
terns can be well approximated by DCT components. Around 50 PCA (DCT) components
cover 25 Hz of modulation spectrum of 101—point frequency-localized temporal patterns.
The features estimated from linearly transformed temporal patterns give significantly bet-
ter recognition performance than those estimated directly from temporal patterns. Using
50 linear components of temporal patterns reduces the total number of parameters in
posterior estimator from 585 k to 178 k. DCT, DFT, and LDA components give very
similar recognition performance in clean condition. However, DCT components and DFT
components of temporal patterns outperform those obtained from LDA components of
temporal patterns [62] in 0 — 15 dB SNR conditions. The reason why LDA components
of temporal patterns didn’t perform well is that the posterior estimators (MLPs) play the
role of non-linear discriminants that reduces the advantage of using linear discriminants
for parameterizing temporal patterns. They were also derived from a clean dataset (OGI-
stories corpus), so they do not generalize well to unseen conditions. We also showed the
effect of low-pass filtering the modulation spectrum of temporal patterns on ASR. The
results show that recognition performance drops significantly on cutting off modulation
spectrum below 8 Hz. As long as upto 16 Hz of modulation spectrum is retained for the
successive feature estimation, higher recognition rates can be achieved. This result holds

good for noisy conditions ranging from 0 — 20 dB SNR in our experiments.




Chapter 3

Band-specific broad-phonetic category
features in ASR

In the previous chapter, we investigated various linear transforms for parameterization
of frequency-localized temporal patterns (temporal trajectories of log energies of indi-
vidual critical-bands) of the speech signal. The parameterized temporal patterns were
used to estimate phone class-posterior probabilities, and later these posteriors were com-
bined and used as input features to a Tandem recognizer (described in Section 1.4) for
word recognition. In this work, the estimated phone-posterior probabilities are referred
to as phone-category features. In this chapter, we investigate the estimation of broad-
phonetic category features using parameterized temporal patterns independently from
each frequency band. We further investigate the use of these features for robust speech
recognition.

The perceptual studies such as those performed by Miller and Nicely [44] suggest
that early in the human recognition process, speech perception is based on categorical
decisions that are other than phones. They attempted to measure the confusion matrix
for spoken and perceived phones in a noisy, bandlimited speech signal. They showed that
unlike phones, distinction implied by certain phonetic features such as voicing, nasality,
frication, etc. can be heard accurately in noisy and corrupted speech. Their studies
suggested that categorical decisions could be based on these phonetic features. Their
findings are summarized by Jont B. Allen [5]. The phonetic features categorize phones into
broad-phonetic classes based on their articulation or acoustic properties. In this work, we

refer phonetic features to broad-phonetic features. Several studies have been conducted,
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which attempt to incorporate phonetic features for robust recognition [37, 36]. In our
studies, We have also observed that temporal patterns of phones cluster very well into
broad categories that are based on nasality, voicing, frication, etc. of the speech sounds.
The phones cannot be recognized as robustly in narrow frequency bands as broad-phonetic
categories. Motivated by perceptual studies and our observations, we investigate broad-
phonetic category features for robust speech recognition. These features are estimated
from temporal patterns of the speech signal independently in each frequency band.

We show that estimated broad-phonetic category features generalize better across un-
seen testing conditions than other conventional features (cepstral coefficients etc.) in ASR.
We also show that broad-phonetic category features carry a siguificant amount of com-
plementary information with respect to short-term spectral features such as Perceptual
Linear Predictive coefficients (PLP).

The chapter is organized as follows. Section 3.1 describes earlier work on using broad-
phonetic features in ASR. In Section 3.2, we analyze mean temporal patterns of subword
classes (phones) and describe broad-phonetic classes which are obtained by clustering
mean temporal patterns of phones. Section 3.3 analyzes the confusion matrix of phones
and groups of the phones based on the degree of confusion obtained on phone classification.
Section 3.4 describes the system used for broad-phonetic category feature estimation.
Section 3.6 analyzes phone classification rates obtained from using broad-phonetic features
estimated independently from individual bands. Section 3.7 shows the performance of
broad-phonetic category features in ASR. Section 3.8 gives summary and conclusion of

this work.

3.1 Earlier work on broad-phonetic features

Saul and his collaborators [39] attempted to detect [+/- sonorant] features from critical-
band measurements of SNR and periodicity. This work suggested that greater under-
standing of narrowband phonetic cues is required for robust feature estimation for ASR.
Kirchhoff (36] also demonstrated that broad-phonetic category features are quite noise-

robust and can be used along with conventional features for robust recognition. Unlike
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our method, the whole spectrum (9 frames of cepstral coefficients) of speech was used for

detecting broad-phonetic cues. Other related work can be found in (37, 41, 47, 4].

3.2 DBroad-phonetic classes from temporal patterns

For understanding the nature of information available in the frequency-localized temporal
domain of speech signal, temporal patterns of log critical-band energies , given a phone,
were analyzed [64]. We used Mel filterbank energies for our analysis. The computation
of the filterbank is described in Appendix H. The mean temporal patterns of phones are
computed as described earlier in [64]. The details of this computation can be found in
Appendix B. The derived mean temporal trajectories show distinct patterns of temporal
evolution for different sounds. They indicate that the effect of the center phone lasts for
about syllable-length duration (250 ms) around it. The estimated mean temporal patterns
of some of the TIMIT phones are shown in Appendix B. The TIMIT phone-set is listed
in Appendix C. The following observations are made by analyzing the mean temporal

patterns of different phones.

1. Mean temporal patterns of the phones spoken in a similar manner share very similar
temporal characteristics. For example, the vowel sounds such as /ah/ and /ae/ are
very similar in temporal characteristics in individual critical-bands. The same is

true with unvoiced plosives (stop-consonants) such as /t/ and /p/.

2. The mean temporal patterns of phones cluster well into 6 — 7 broad-phonetic cate-
gories such as plosives, nasals, fricatives, flaps, schwas, vowels, and silence categories
of speech sounds. A simple correlation measure is used to cluster similar patterns

into one group [64]. The correlation based measure is given by

2
D(z,y) = -2

oTo¥

where o?

2y 0, and oY represent the cross-correlation between temporal patterns

z and y, the auto-correlation of pattern z, and the auto-correlation of pattern y

respectively.
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The clusters of broad-phonetic categories show distinct temporal behavior in indi-
vidual critical-bands. The cluster corresponding to vowels has an evolving peak
in the center which characterizes formant like high energy regions in different fre-
quency bands. The cluster corresponding to plosive-like sounds has a dip in energy
off-center to left. This is due to the presence of a stop-closure of low energy which
often precedes plosive sounds. The cluster corresponding to fricatives has a dip in
the center, which depends on the low-energy frequency bands of individual fricative
sounds. The energy increases around it due to the commonly surrounding vowels or
high energy sounds. The clusters corresponding to 'flaps’ and ’'schwa’ have rather
complex temporal patterns. The mean temporal patterns of seven broad-categories

are shown in Figure 3.5, 3.6, and 3.7.

3. The temporal patterns of some of the phones such as fricative /s/, nasal /m/, vowel
Juw/, glides and approximants /w/,/1/, and /r/ differ considerably across critical
bands. For example, the sounds /s/ and /sh/ show plosives-like temporal patterns
in frequency bands up to 2 kHz. For higher frequencies, where these fricatives have
high energy, they display vowel-like temporal pattern. The nasal sounds /m/ and
/n/ show vowel-like temporal pattern up to 500 — 600 Hz. In higher frequency bands
they display fricative-like temporal patterns. The glides such as /w/, /y/ and, /1/
show vowel-like patterns in lower bands and fricative-like or plosive-like patterns in
higher frequency bands. The mean temporal patterns of some of the phones such as
the front-vowels /ae/, /iy/, schwa /axr/, nasal /m/, plosive /b/, fricative /sh/, and
glide /1/ are shown in Appendix B.

Based on these observations we define seven broad-phonetic categories : nasals, vowels,
fricatives, plosives, flaps, schwas, and silence. Note that here we ignored the fact that
some sounds change cluster affiliation, e.g., fricative /s/ has vowel-like temporal char-
acteristics in higher bands. We address this problem in the chapter 5 by defining new

band-independent broad-phonetic categories.
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Plosives b,d,g,p.t,k,
Flaps dx,nx
Fricatives | jh,ch,s,sh,z,2h f,v .dh,thhh
Nasals n,n,ng,em,en.eng
Vowels Lr,w,y,hv,el
iy,ih,eh,ey

ae,aa,ay,ah,er,axr
a0,0y,ow,uh,uw

Schwas ax,ix,ax-h

silence sil,epi

Table 3.1: Seven broad-phonetic categories used for feature estimation from temporal
patterns in individual critical-bands

3.3 Broad-phonetic classes from confusion matrix of phones

In this section, we analyze phone confusion matrix to find clusters of phones that are most
often confused with each other during phone classification. Unlike the grouping of phones
based on the similarity of their temporal characteristics in individual critical bands, this
method of grouping is based on the similarity of the class(phones)—cohditional feature
distributions.

We train MLPs for estimating the phone posterior probabilities using DCT components
of temporal patterns as the input feature vector in individual critical-bands. The phone
confusion matrix obtained at the output of MLPs is far from being diagonal which suggests
that narrow frequency-regions are not sufficient to detect phones as the speech sub-units.
The confusion matrices for the first, fifth, and fifteenth bands are shown in Appendix D.
The estimated local phone posterior probabilities are used as input to a Tandem system.
The class-posterior estimator (MLP) in the Tandem system is trained to estimate phone
posteriors for final classification. The training of all the MLPs is performed on the TIMIT
dataset. Appendix D shows the phones confusion matrix at the output of the Tandem
MLP. Tt can be seen that the clusters of highly confused phones are very similar to the
groups of phones which have very similar temporal characteristics in individual critical-
bands. It can also be observed that clusters of highly confused phones contain phones

that have similar articulation properties.
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3.4 Estimation of broad-phonetic category features

In this section, we describe the estimation process for broad-phonetic class features using
temporal patterns. Figure 2.10 shows the block diagram of a temporal patterns based
system for broad-phonetic feature estimation. The 50 DCT components computed from
101-point mean and variance normalized temporal patterns of log critical-band energies
are used as input to class-posterior estimators {MLPs) in each critical-band. The phone
labels are canonically mapped into the broad-phonetic categories. The output nodes of
MLPs correspond to the broad-phonetic categories. There are two sets of broad-phonetic
categories that are investigated in this work : 1) three categories based on voiced, un-
voiced sounds , and background ; 2) seven broad-phonetic categories based on vowels,
nasals, plosives, fricatives, flaps, schwa, and silence or background. OGI-Stories was used
for training the band-specific class-posterior estimators (MLPs). The OGI-Numbers 29
phones were canonically mapped to one of the broad-categories. The category 'flap’ was
not present in the 29 phone set so it was ignored in the final broad-category set during
feature estimation. The Tandem class-posterior estimator (MLP) was either trained on

the target dataset, i.e., OGI-Numbers or an independent dataset, i.e., OGI-Stories.

3.5 Analyzing confusion matrix of broad-categories

Figures 3.1, 3.2, 3.3, and 3.4 show confusion matrix of seven broad-phonetic categories.
We used TIMIT database for training MLPs and computing confusion matrices. The con-
fusion matrix for these categories is more diagonal than the confusion matrix for phones.
The confusion matrix of the broad-phonetic categories at the Tandem output is more di-
agonal than that obtained at the output of the band-specific MLPs. This suggests that
information from all the critical-bands is needed to identify the broad-categories. The con-
fusion among broad-categories in individual bands is due the fact that some sounds such as
fricatives /s/ or front-vowel /iy/ change cluster affiliation in individual critical-bands. For
example fricatives, /s/ or /sh/ in higher bands (above 2 kHz) have vowel-like high energy
at the center, so they are confused with vowels. The mean temporal pattern of nasal /m/

shows vowel-like (peak at the center frame of temporal patterns) temporal characteristics
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in lower frequency bands, while in higher bands it shows temporal characteristics simi-
lar to those of plosive-sounds {characterized by a narrow dip in energy off-center to the
left). So it is likely for nasals to be confused with vowels in lower frequency bands and
to be confused with plosives-like sounds in higher frequency bands. Table 3.2 shows the
broad-phonetic category frame-level error rate at the output of the Tandem MLP mea-
sured (trained and tested) on the TIMIT dataset. The classification rates are higher for

silence and vowel categories than other broad-phonetic categories.

3.6 Phone classification using broad-category features

To understand the extent to which the seven broad-phounetic features estimated from
individual bands carry information about different phones, we use these features for phone
classification.  The estimated 15 = 6 (‘flap’ was not present) broad-phonetic features
from individual critical-bands are used as input features to a Tandem speech recognition
system. The 29 phones are used as the target categories for classification at the output of
the Tandem MLP. We analyzed the frame-level classification error rate for these phones.
Table 3.3 shows the frame-level phone classification error of 26% at the output of the
Tandem MLP.

3.7 Broad-phonetic category features in ASR

In this section, we describe performance evaluation of the broad-phonetic features in the
Tandem speech recognition system. To evaluate the word recognition r.ate, the class-
posteriors at the output of the Tandem MLP are Gaussianized, diagonalized (decorre-
lated), and used as input features to an HMM based recognizer (Section 1.4). The fea-
tures are evaluated for a continuous digit recognition task on OGI-Digits database. The
vocabulary is 11 words (0 — 9 and "oh™).

Table 3.3 shows the performance of the broad-phonetic features in a Tandem speech
recognition system. In this experiment, the broad-phonetic category 15 * 6 features are
used to estimate 29 phone category posteriors using the Tandem MLP (Section 1.4).

Around 26 % frame-level phone classification error is obtained at the output of the Tandem
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MLP. For word recognition performance evaluation, these 29 posteriors are gaussianized,
decorrelated, and used as input features to the HMM based back-end recognizer (Section
1.4). In the HMM based back-end recognizer, each word is modeled as a sequence of
context-independent monophones and each monophone is modeled using a five-state, three-
mixture Gaussian hidden Markov model (HMM). These features give around 8.75 % word
recognition error.

Table 3.4 shows the performance of broad-phounetic features when they are used in
conjunction with Perceptual Linear Predictive (PLP) cepstral coefficients. The cepstral
coefficients and broad-phonetic features are combined at the class-posterior level. In this
experiment, the 29 phone posteriors , estimated from 9 frames of 24 PLP cepstral co-

efficients and their dynamic features, are concatenated with the final 6 broad-phonetic
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class posteriors. The final 6 posteriors are obtained at the output of the Tandem MLP
using 15 % 6 broad-phonetic features as the input. The concatenated posteriors, 29 + 6
in dimension , are gaussianized (by taking the log) and decorrelated using a whitening
transform. The total dimensionality is reduced from 35 to 29 and finally these 29 features
are used as input to the HMM based back-end recognizer {Section 1.4). Using the same
framework, we also evaluate three broad-phonetic features based on voicing (i.e. voiced
speech, unvoiced speech, and background) when used in conjunction with PLP features.
The result obtained using these features is also shown in Table 3.4. We compare perfor-
mance of phone-category features with broad-phonetic category features. To obtain the
phone-category features band-specific posterior estimators (MLPs) estimate phone poste-
riors independently in each critical-band. The 29 * 15 phone posteriors estimated from 15
critical bands are mapped to 29 phone posteriors using the Tandem MLP. These posteri-
ors are referred to as phone-category features which were also proposed in earlier system
[64]. Table 3.4 also shows recognition performance of these features when they are used
in conjunction with PLP. The 29 phone posteriors at the output of the Tandem MLP are
concatenated with 29 PLP-estimated phone posteriors. The concatenated posteriors are
gaussianized, decorrelated, reduced in dimension from 58 to 29, and used as input features
to the HMM based back-end recognizer. From the results, it can be observed that gain in
the recognition performance is the same for six broad-phonetic category features as it is for
29 phone category features, both estimated from temporal patterns. This indicates that
the amount of complementary information provided by 6 broad-phonetic features is the
same as that carried by 29 phone-category features. This gain in the recognition perfor-
mance is significant at 99 % confidence interval. We used Matched Pairs Sentence-Segment
Word Error (MAPSSWE) test to perform significance test.

Table 3.5 compares the generalization properties of the broad-phonetic category and
the phone-category features when parameters of the system are entirely trained on an
independent dataset. For this experiment, we trained band-specific posterior estimators
(MLPs) and the class-posterior estimator (MLP) used in the Tandem system on a task-
independent dataset, OGI-stories. In this case, the broad-phonetic category features give

better gain in word level recognition performance than phone category features.




Categories | priors | % error rate
plosives 17.0 32.8
flaps 0.6 52.9
fricatives 16.6 27.9
nasals 6.2 42.2
vowels 38.9 12.6
schwas 6.6 57.3
silence 13.8 9.3

Table 3.2: Frame-level broad-phonetic categories error rate (%) on TIMIT dataset.

frame error

word error

broad-phonetic features

25.8

8.7
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Table 3.3: Frame-level phone classification error (%) and WER on OGI connected digits
task using 6 * 15 broad-phonetic category features estimated from each band.

PLP with 3 broad-phonetic | with 6 broad-phonetic | with 29 phone category
features category features category features features
5.0 4.8 4.3 4.3

Table 3.4: Word Error Rates (%) on OGI-Digits, using cepstral features alone, or using
cepstral augmented with temporal patterns estimated features. Band-specific posterior
estimators (MLPs) were trained on OGI-Stories and the posterior estimator used in the
Tandem system was trained on the OGI-Numbers. The dimensionality of final feature
vector was kept at 29

| PLP with 6 broad-phonetic
features category features

with 29 phone
category features

7.4 6.9

7.3

Table 3.5: Word Error Rates (%) on OGI-Digits task, using cepstral features alone or cep-
stral augmented with temporal patterns estimated features. The band-specific posterior
estimators (MLPs) and the posterior estimator used in Tandem system were trained on
QGI-Stories, an independent dataset. The dimensionality of final feature vector was kept

at 29
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3.8 Conclusions

We showed that temporal patterns cluster well into a set of broad-phonetic categories in
each critical band. The confusion matrix of phones obtained from phone classification also
shows similar clusters of phones. The temporal patterns of log critical-band energies can
be used to estimate broad-phonetic category features, independently from each frequency
band.

The confusion matrix (obtained at the output of Tandem MLP) of broad-phonetic
classes is more diagonal than that of phone classes. This indicates that broad-phonetic
categories are better classified by temporal patterns than phones. By using just six broad-
phonetic category features around 26 % frame-level phone error rate for 29 phones (Ap-
pendix C) is achieved. These features give around 8.75 % word error rate when used for
word recognition.

A consistent and significant gain in the recognition performance is obtained by aug-
menting broad-phonetic features with short-term spectral features such as PLP cepstral
coefficients. This indicates that the broad-phonetic features are complementary in nature
with respect to short-term cepstral features. The gain in the recognition performance is
significant at 99 % confidence interval. For confidence measure, we applied Matched Pairs
Sentence-Segment Word Error (MAPSSWE) test [23].

The broad-phonetic TRAPS features give a similar gain in the recognition performance
as that given by phone category TRAPS features. However, broad-phonetic category
TRAPS features generalize better than phone-category TRAPS features when the system
is entirely trained on an independent dataset. The reason for this is attributed to having
more data to train each broad-phonetic categories as each category comprises several
phones. The system uses 120 k (15 * (50 % 101 + 101 % 6) + 15 % 6 + 200 + 200 + 6) parameters
which is around 50 % less than the parameters (15%(50%101+101%29)+15%29%300+300%29)
used in the earlier proposed TRAPS system (Section 1.3).
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Figure 3.5: Mean Temporal Patterns of seven broad categories in 1st critical-band
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Chapter 4

Broad-phonetic features : Applications

In the previous chapter, we investigated the estimation of broad-phonetic features from
témpora.l patterns and showed benefits in recognition performance on incorporating these
features in a conventional ASR system. In this chapter, we investigate further the use of
broad-phonetic features in two practical applications : 1) robust Voice Activity Detection
(VAD) and 2) Distributed Speech Recognition (DSR) in cellular telephony.

The broad-phonetic features that are iuvestigated for these practical applications are
the same features as described in Chapter 3 i.e. 1) based on Voicing the three categories :
voiced sounds, unvoiced sounds, background; 2) based on seven broad-phonetic categories
: vowels. nasals, fricatives, plosives, flaps, and background or silence.

The chapter is organized as follows. Section 4.1 describes proposed temporal patterns
based system for voice activity detection (VAD). It also describes a GMM-based VAD
scheme, the baseline system used for evaluating the proposed VAD. It presents some
results and conclusions of this work in the Subsection 4.1.5. Section 4.2 describes the use
of broad-phonetic features in DSR system. It gives a summary and conclusion of this work

in Subsection 4.2.6.

4.1 Broad-phonetic features for Voice Activity Detection
(VAD)

In previous section, we investigated TempoRAl PatternS (TRAPS) of log critical-band
energies for the estimation of broad-phonetic features. We observed that temporal pat-

terns are quite accurate for detecting non-speech or background portions of the speech

36
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signal in individual bands. That leads us to investigate the use of temporal patterns for
robust speech/non-speech detection or VAD . The results show the benefits of exploiting
the multi-band framework of this system in band-limited noisy conditions. We compare
the proposed VAD technique with another GMM-based VAD technique by using word

recognition performance on the hypothesized speech segments as an evaluation metric.

4.1.1 Voice activity detection (VAD)

The separation of an audio signal into speech and non-speech segments, a process known
as voice activity detection, is an important part of many speech processing systems. Effi-
cient speech and non-speech segmentor has two benefits in speech recognition. In speech
recognition systems, processing time is reduced because recognition is performed only on
speech segments and recognition accuracy is improved by eliminating noisy non-speech

segments that may be erroneously recognized as speech (causing insertion errors).

4.1.2 Frequency-localized temporal patterns for VAD

The temporal patterns of log critical-band energies are used to estimate the posterior
probabilities of three classes : voiced speech, unvoiced speech, and non-speech, given a
feature vector. The stream of non-speech posterior probabilities is then processed through
a median filter or Viterbi search to produce a segmentation. The critical-band MLPs have
101 hidden units, a softmax output layer and are trained using error backpropagation
algorithm with a cross-entropy error criterion. The final class posteriors are estimated by
averaging the band-local log-posteriors and processing the vector of averagea log-posteriors
through a softmax non-linearity. Two procedures for obtaining the final speech segments
from the averaged log-posteriors were tested. In first case, the speech and non-speech
segments are generated by passing the stream of non-speech posteriors through a 51-
sample { 0.51 s) median filter and marking frames with filtered silence posteriors less
than 0.5 as speech. Hypothesized speech segments separated by less than 250 ms. of
silence are merged , and the remaining speech segments are expanded by an additional
20 frames (10 at the beginning and 10 at the end of the segment). In second case, a

Viterbi search is applied to the averaged log-posteriors to mark final speech segments.
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Figure 4.1: Frequency-localized temporal patterns for VAD

The speech segments produced by the Viterbi search are expanded by an additional 40
frames to keep enough surrounding context and low-energy unvoiced speech sounds around
the hypothesized speech segments. The block diagram of this system is shown in Figure
4.1. We refer this system as the TRAPS-based VAD system.

4.1.3 GMM/HMM based VAD

In this section we briefly describe a baseline system for the VAD task. This system was
developed at IBM [10, 11] recently. This system is different from the temporal patterns
system (Section 4.1) in two aspects : 1) it uses Gaussian mixture models (GMM) for
acoustic modeling of the speech and non-speech regions and 2) it uses log-energy and
degree of voicing as features.

The HMM-based VAD system uses two five-state, left-to-right HMMs with no skip
transitions to model speech and non-speech segments. The output distributions are mix-

tures of sixteen diagonal-covariance Gaussian densities. They are tied across all five states
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in an HMM. The features used in the HMM system are derived from frame-level estimates
of log-energy and degree of voicing. Both the log-energy and degree-of-voicing estimates
are computed from 25 ms, mean-removed frames that have been weighted with a Han-
ning window. The log-energy features are normalized to have zero mean over an entire
conversation side. The degree of voicing measure , v(t), is

ri(t)

Tro®)

where r;{t) is the biased autocorrelation at lag ¢ (in sample, with a 16 kHz sampling

v(t) = ma £ =50,...,150 (4.1)

rate) computed from frame t. The range of lags over which the maximization is per-
formed corresponds to a pitch range of 106 — 320 Hz. The degree of voicing measure is a
very similar to the periodicity measure proposed by Thomson and Chengalvarayan [14].
The features for segmentation are computed by concatenating 17 frames of raw energy
and voicing features, sorting the features of each type into increasing order and project-
ing the resulting 34— dimensional vector down to two dimensional using a discriminant,
diagonalizing transform. Finally, segmentation is performed using a Viterbi search. A
segment-insertion penalty controls the number and duration of hypothesized segments.
The speech segments produced by the Viterbi search are expanded by 40 frames, 20 on
each side of the segment, to capture any low-energy, unvoiced speech sounds at the seg-
ment boundaries and to provide sufficient acoustic contexi to the speech recognizer. This

HMM VAD algorithm was used in IBM’s entry in the SPINE-2 evaluation [10].

4.1.4 The Database and Task description

We used the SPINE-2 dataset for evaluation of the three VAD schemes. SPINE audio data
is collected from a pair of speakers playing a collaborative war-game in which they locate
and destroy targets on a game grid. The speakers sit in individual sound booths in which
some background noise environment is reproduced. The noise environments represent a
range of military environments, including a quiet office, the combat information center of
an aircraft carrier, the cockpit of a helicopter and the interior of a Bradley fighting vehicle.
The signal-to-noise ratio in the training and testing conditions ranges from 520 dB. As of

the SPINE-2 evaluation there were 17 hours of data available for training and development
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testing. The SPINE-2 evaluation data comprises 128 unsegmented conversation sides with
an average duration of 200 s. To measure the quality of the three VAD algorithms, the
segmentations of the SPINE-2 evaluation data were generated using each algorithm. These
hypothesized speech segments were recognized using an ASR system and the word error
rates on the evaluation data are used as the quality metric. Earlier work on SPINE data
has demonstrated that accurate speech/non-speech segmentation is crucial for obtaining
accurate recognition performance [56]. The raw features used by the ASR system are 19
PLP features computed from the 16 kHz audio signal. Vocal tract length normalization
is applied via linear scaling of the frequency axis up to +20% prior to the Mel binning.
The PLP features are normalized on a per-side basis to have zero mean and unit variance,
except for ¢0, which is normalized to have a fixed maximum value in each segment. The
feature vectors on which recognition is performed are produced by concatenating 9 frames
of normalized PLP features (44 frames around the current frame) and projecting to a
39 dimensional feature space using a discriminant, diagonalizing transform. A Multi-pass
decoding strategy is applied in recognizing the SPINE-2 evaluation data using a series of
adaptation steps and two speaker- and environment-normalized acoustic models. The first
acoustic model is a VTLN {Vocal Tract Length Normalization) model for which training
and testing data are warped to match the characteristics of a canonical speaker. The
second acoustic model is trained using speaker adaptive training (SAT). For the SAT
system, both training and testing data are affine transformed into a canonical space. This
process is identical to applying constrained maximum-likelihood linear regression (MLLR)
to the acoustic models, but operates in the feature space. Three decoding passes are
performed on each segmentation of the SPINE-2 evaluation data. The first pass uses the
VTLN acoustic models and the VITLN-warped PLP features. The second decoding pass
SAT uses the SAT acoustic model and single FMLLR (Full-covariance maximum-likelthood
linear regression) transform per test speaker. The FMLLR transforms are trained on the
one-best hypothesis from the VILN decode. For the third pass of deéoding (SAT-n),
multiple regression class based FMLLR transforms are trained for each test speaker on
the one-best hypotheses from the SAT-1 decoding, and recognition is performed using

the SAT acoustic model. All passes of decoding are performed using IBM’s rank-based
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stack decoder. The language model is a class trigram trained only on SPINE training
data. Words in the 5720—word recognition lexicon are modeled as sequences of decision-
network clustered, context-dependent sub-phone units. Each sub-phone unit is modeled
by a one-state HMM with a self-loop and a forward transition. Output distributions on the
HMM transitions are modeled using mixtures of diagonal covariance Gaussian densities.
The VTLN acoustic model comprises 1912 sub-phone units and 18842 mixtures, while the
SAT model comprises 1537 sub-phone units and 15302 mixtures.

4.1.5 Results and Conclusions

Table 4.1 summarizes the recognition performance on decoding hypothesized speech seg-
ments from three different VAD schemes at various stages of feature and model adapta-
tion. For all three decoding stages, recognition performance is 1 % absolute better for
the TRAPS with Viterbi based segmentation than for the GMM based segmentation. By
looking at the breakdown of recognition errors into substitutions, deletions, insertions and
gap insertions (words hypothesized during non-speech segments), it is observed that the
VAD systems differ mostly in deletions and gap insertion error rates. The GMM-based
segments has low gap insertion and high deletion rates, whereas the TRAPS with median
filtering VAD has high gap insertion and low deletion rates. The reason for this can be at-
tributed to using locally mean and variance normalized temporal patterns of critical-band
energies. By replacing median filtering by global Viterbi search as the final post-processing
step to get hypothesized speech segments, the gap insertions in the TRAPS VAD can be
reduced. Tables 4.2 and 4.3 show a breakdown of recognition performance by noise con-
ditions for each VAD scheme. For narrow-band noises such as car, street, and office the
TRAPS with Viterbi VAD works significantly better than the GMM-based system due
to its multi-band framework. For carrier noise, which includes bursts of relatively high
energy speech in time, the gap insertion rate for the TRAPS VAD is higher than for the
GMM-based VAD scheme, which results in its poor performance in this particular condi-
tion. This indicates that the TRAPS VAD does not handle time-localized, non-stationary

noisy conditions well.
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gap

VAD WER | sub. | del. | ins. | ins.
VTLN

HMM 415]222]135] 48] 0.9

TRAPS+Median | 424 {234 | 96| 5.6 | 3.8
TRAPS+Viterbi | 406 | 22.8 | 11.2 | 5.2 | 1.4
SAT-1
HMM 3431170128 36| 09
TRAPS+Median | 346 | 18.0| 881! 41| 3.7
TRAPS+Viterbi | 33.5[174 | 108 | 3.8| 15
SAT-n
HMM 33.7 /166 {128 | 331 0.9
TRAPS+Median | 33.8 | 17.7 | 87 ] 3.9 3.6
TRAPS+Viterbi | 32717111051 36| 1.5

Table 4.1: % Recognition performance for each segmentation of the SPINE-2 evaluation
data and each pass of decoding. The word error rate is broken down in terms of substitu-
tions, deletions, insertions and gap insertions. Gap insertions are caused by segmentation
errors: the recognizer hypothesizes words during non-speech segments. For all three de-
coding passes, the best accuracy is obtained with the TRAPS+Viterbi segmentation.

4.2 Broad-phonetic features in cellular telephony for DSR

In this section, we evaluate broad-phonetic features, estimated from the tempaoral patterns,
for DSR. We propose the estimation of broad-phonetic features at the server-end. The

broad-phonetic features are used as an additional feature-stream in the recognizer.

4.2.1 Distributed Speech Recognition (DSR) for cellular telephony speech

This section describes briefly different processing blocks of a distributed speech recognition
(DSR) system, which was submitted to the AURORA-2 evaluation [1]. The AURORA-
2 task comprises English (TIDIGITS) and European languages (Spanish, Italian, and
Finnish) connected digits. There were three different testing conditions which were based
on the degree of mismatch between training and testing environments. The recognizer
was fixed in configuration by an ETSI committee [31, 17] where each digit was modeled
using a whole-word model. The models were based on 16-—state, 3—mixture whole word

HMMs. The silence model had 3-state and 6-mixture per state. Also, a one-state short




Channel A speakers

noise gap

VAD WER | sub. | del. | ins. | ins.
HMM Bradley | 41.9 {204 | 142 | 59| 14
office 326 | 143 | 154 | 2.2 | 0.8

carrier 2431129 661 3.5 14

car 3231140155} 23| 04

TRAPS | Bradley | 42.0 {20.51{ 148 ] 5.6 [ 1.1
office 286 (1511102 24| 0.9

carrier 276 [ 131 | 6.5 3.6 4.3

car 268 (143 ¢ 91| 26| 0.8

Table 4.2: SAT-n recognition performance for SPINE-2 evaluation data, by noise condition
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and segmentation. The table is divided into two parts corresponding two speaker groups
in the data. Because there are only sixteen speakers per group, meaningful cornparisons
can only be made within a speaker group.

pause model is used and is tied with the middle state of the silence model. The processing

of features for noise compensation was divided into two parts.

4.2.2 Handset-side processing

In the proposed DSR system [1], the following techniques were incorporated for compensat-

ing the various mismatched testing conditions. The feature processing at the handset-side

is as follows:

1. Wiener filtering was applied in the power spectral density domain as a first step for

additive noise compensation.

2. RASTA like filtering was applied on 23 Mel critical-band energies, which were com-

puted on the Wiener filtered power spectral densities, as a channel compensation

technique. The filter-bank computation is described in detail in Appendix H.

3. Finally 15 cepstral coefficients were computed on RASTA filtered Mel critical-band

energies.
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Channel B speakers
noise gap
VAD WER | sub. | del. | ins. | ins.
HMM helicopter | 40.9 | 21.6 | 140} 3.5 | 1.8
F-16 348 (208| 94 ) 38} 0.9
quiet 34116.1 1139 3.3 0.9
street 32711691123 ] 3.1 0.3
TRAPS | helicopter { 41.8 1 22.8 | 13.1 | 4.6 | 1.2
F-16 3531206 | 9.7 414 0.9
quiet 3421711123 34 14
street 320|175 97| 3.7 10

Table 4.3: SAT-n recognition performance for SPINE-2 evaluation data, by noise condition
and segmentation. The table is divided into two parts corresponding two speaker groups
in the data. Because there are only sixteen speakers per group, meaningful comparisons
can only be made within a speaker group.

4.2.3 Server-side Processing

The server-side feature processing further compensates for mismatched noise and channel
testing conditions. The following techniques were proposed for feature processing at the

server-side:

1. Adaptive mean and variance normalization was applied on the received 15 cepstral
features. The estimates for local mean and variance were updated only for speech-

detected frames using information from a voice activity detector.

2. Dynamic features (15 delta and 15 double-delta) were computed on the normalized

cepstral features.

The dimension of final feature vector was 45 after including dynamic features. We refer
these features as robust MFCC features. More details of the proposed DSR system can
be found in [1].

4.2.4 Aurora Dataset

Aurora-2 is the TIDIGITS dataset artificially distorted by additive noise and simulated

channel distortion. Two kinds of training are used: clean speech training (denoted as
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Broad-phonefic features (7)

Figure 4.2: Distributed Speech Recognition (DSR) system

Clean), and training by using both clean and noisy speech (denoted as Multi). For each
training set, three tests are realized : (A) - matched training and testing noises, (B)
- mismatched training and testing additive noises, and (C) - mismatched training and
testing additive noises and channel (convolutive) distortions. Aurora-3 is a set of multi-
language SpeechDat-Car databases recorded in-car under different driving conditions with
close-talking and hands-free microphones. Three recognition experiments are defined for
Aurora-3 with different levels of training and testing mismatch : Well-matched, Medium
-mismatched, and Highly-mismatched.

For Italian, the training and testing conditions cover stop-motor-running, town-traffic,
low-speed-rough-road, and high-speed-good-road driving conditions. The data is recorded
using close-talking (CT) and hand-free microphones (HF) . The Well-matched training
and testing datasets have CT and HF recorded data from all the driving conditions. The

Medium-mismatched training set has HF recorded data covering three driving conditions
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stop-motor-running, town-traffic, and low-speed-rough-road. Whereas the Medium-
mismatched testing condition has HF recorded high-speed-good-road condition. The
Highly-mismatched training set has CT recorded all the driving conditions whereas testing
condition has HF recorded data in the town-traffic, low-speed-rough-road, and high-speed-
good-road conditions [68].

For Finnish, the data is recorded in 0 kmh and engine on (low-noise), 40 — 60 kmh
car-speed (low-noise), 40 — 60 kmh and window open (low-noise), 100 — 120 kmh (high-
noise), and 100 — 120 kmh with music on (high-noise} driving conditions. The data is
recorded with CT and HF microphones. The Well-matched training and testing datasets
cover all the driving conditions with both HF and CT microphone recorded data. The
Medium-mismatched training dataset covers 70% of quiet and low noise (with HF micro-
phone) conditions whereas Medium-mismatched testing dataset covers 30% of high-noise
driving conditions. The Highly-mismatched training set comprises 70% of all the driving
conditions with CT microphone whereas Highly-mismatched testing dataset has 30% of
low-noise and high-noise conditions, recorded with HF microphone [48].

For Spannish, the data is recorded in quiet (stop-motor-running), low-noise {town-
traffic+low-speed-rough-road), and high-noise ( high-speed-good-road) driving conditions
again with HF and CT microphones. The Well-matched training and testing datasets
cover all the driving conditions with data recorded with both HF and CT microphones.
The Medium-mismatched training set has HF recorded in quiet and low-noise condi-
tions whereas the testing condition has HF recorded high-noise conditions. The Highly-
mismatched training set has CT recorded all the driving conditions whereas testing set

has HF recorded low- and high-noisy conditions [69)].

4.2.5 Broad phonetic features estimated from temporal patterns in DSR

In the DSR framework, we propose estimation of broad-phonetic features from temporal
patterns of log critical-band energies of 15 bands, which are reconstructed from the received
15 cepstral features (prior to adaptive mean and variance normalization and dynamic
feature computation), at the server-side. 50 DCT components of temporal trajectories of

log critical-band energies are used to estimate posteriors of seven broad phonetic classes :
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vowels, plosives, fricatives, nasals, flaps, schwa and silence (Table 3.1). A set of multilayer
perceptrons are trained using the backpropagation algorithm with cross-entropy criterion
and these seven categories as target classes in individual critical-bands. The estimated
posteriors from the multilayer perceptron (MLP) in each critical-band are then used as
input features to a Tandem MLP for final posterior estimation. The seven outputs from
this MLP are taken out without applying the softmax non-linearity and concatenated with
the robust MFCC features. The components of the resulting 52-dimensional feature vector
are decorrelated and used in an HMM based back-end recognizer. Table 4.5 and Table 4.6
show the results of speech recognition experiments. The results show that by incorporating
the seven additional features with cepstral features a 1 — 3% absolute reduction in %
word error rate is obtained in various testing conditions of the TIDIGITS task. Whereas
for the SpeechDat car condition a 0.3 to 0.7 % absolute reduction in word error rate is
achieved but this improvement does not hold good on the highly mismatched condition.
The improvements in the most of the widely varying testing conditions in TIDIGITS
and SpeechDat car tasks show that seven features largely generalize well across different
environments. Note that the training of the posterior estimators (MILPs) are entirely
performed on an independent dataset i.e. the noisy TIMIT dataset.

Table 4.4 shows the effect of using shorter temporal context (190 ms) on the recognition
performance. It can be observed that the gain in the recognition performance is consistent
with reduced system delay (90 ms) in a real-time applications however longer context (1
s) further improves the recognition performance but introduces more delay (0.5 s) in a

real-time applications.




multi-style

clean-style

robust with robust with

MFCC | TRAPS | MFCC | TRAPS
‘Well matched 9.0 8.0 14.4 13.0
Medium mismatched 9.4 79 14.8 14.2
Highly mismatched 9.9 9.0 14.5 13.6
overall 9.4 8.3 14.6 13.6

robust with

MFCC | TRAPS
Well matched 3.3 3.0
Medium mismatched 8.5 7.8
Highly mismatched 13.0 14.2

multi-style

clean-style

robust with

robust with

MFCC | TRAPS | MFCC | TRAPS
Well matched 9.0 7.2 14.4 11.1
Medium mismatched 9.4 7.1 14.8 11.0
Highly mismatched 9.9 8.3 14.5 12.1
overall 9.3 7.4 14.6 11.3
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Table 4.4: Word error rates (%) on Aurora-2, TIDIGITS data, by training data {multi-style
vs. clean) and by feature set (noise-robust MFCCs alone,or robust MFCCs augmented
with TRAPS-estimated broad-phonetic features, context window = 190 ms).

Table 4.5: Word error rates (%) on Aurora-3, SpeechDat-car data, by testing conditions
by feature set (noise-robust MFCCs alone,or robust MFCCs augmented with TRAPS-
estimated broad-phonetic features, context window = 1 s).

Table 4.6: Word error rates (%) on Aurora-2, TIDIGITS data, by training data (multi-style
. clean) and by feature set (noise-robust MFCCs alone,or robust MFCCs augmented
with TRAPS-estimated broad-phonetic features, context window = 1 s).
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4.2.6 Conclusions

We obtain consistent gains in recognition performance on combining broad-phonetic fea-
tures and conventional cepstral features. We achieve 0.3 to 3.0 % absolute reduction in
word error rates on most of the conditions of AURORA datasets. The number of parame-
ters used in the temporal pattern system is around 98040. The temporal patterns system
has an algorithmic latency of 190-500 ms. We showed that it is feasible to reconstruct
critical-band energies from the transmitted cepstra for a temporal patterns system at the
server-end without disturbing the terminal-side feature processing. Thus an additional set
of features can be extracted by utilizing the information from frequency-localized temporal

patterns of the speech signal and improved recognition performance can be achieved.




Chapter 5

Universal TempoR Al PatternS
(UTRAPS) based system

In the previous chapter, band-specific broad-phonetic categories were investigated for fea-
ture estimation. The broad-phonetic categories were obtained by clustering mean temporal
patterns of phones in individual critical-bands (Section 3.4). By looking at the confusion
matrices of broad-phonetic categories, it can be seen that the nasals and vowel categories
are most often confused with each other in lower frequency bands, while the nasals and plo-
sive categories are confused with each other in higher frequency bands. Likewise fricatives
and plosives are confused with each other in lower bands while in higher bands fricatives

“and vowels are confused with each other ( Figures 3.1, 3.2, 3.3, and 3.4) This is due to the
fact that some of the phones change cluster affiliation in different frequency bands. This
depends often on the type of speech activity present in that particular band. For example
fricative /sh/ has a high concentration of energy in higher frequency regions which makes
temporal patterns of /sh/ in these regions have a peak at the center , much like vowels
have (Appendix B).

These observations lead us to define clusters (new categories) based on distinct speech
activities in different frequency bands. Instead of defining broad-phonetic categories by
clustering temporal patterns independently in individual critical-bands, we propose new
band-independent broad-phonetic categories which can be obtained from clustering tem-
poral patterns from all the critical-bands. These clusters of temporal patterns represent
distinct speech activities or events manifested in log critical-band energies of the speech

signal. In our work described in the previous chapters, we have used independent posterior

50
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estimators in each frequency band. In this chapter, We propose a new system which uses
single, universal class-posterior estimator for estimating posterior probabilities of speech-
events categories. These posteriors are used as features in the Tandem speech recognizer
for final recognition.

This approach is a step towards providing more sharable acoustic information by defin-
ing consistent and distinct acoustic regions in the time-frequency representation of the
speech signal. We show that the new features are robust across various noisy environments.
They are also complementary in nature with respect to short-term spectral features such
as cepstral coefficients.

The chapter is organized as follows. In Section 5.1, we describe the clustering of tem-
poral patterns of phones into speech-event categories. Section 5.2 describes a Universal
TempoRAl PatternS (UTRAPS) system for feature estimation. Section 5.4 shows the per-
formance of the UTRAPS features in ASR. Section 5.5 gives the summmary and conclusion

of this work.

5.1 Clustering the temporal patterns to define speech events

This section describes how we obtain band-independent speech-event categories for feature
estimation. The mean temporal patterns are computed using 101-sample ( 1 s in tem-
poral context) mean subtracted, variance normalized, and hamming windowed temporal
patterns of log critical-band energies for each phone on a labeled dataset (TIMIT) [60].
The details of computation of mean temporal patterns is described in Appendix B. An
agglomerative hierarchical clustering technigue [55] is used to obtain new categories. A
correlation measure is used as a similarity measure for clustering the temporal patterns.

It 1s given by, )
Ty

org¥

S(z,y) = i

For number of TIMIT phones = 56 and number of bands = 15, the agglomerative clustering
procedure starts with 56 x 15 mean temporal patterns as the singleton clusters. At each
iteration the two closest together clusters are merged with each other. This is performed

iteratively until the number of clusters reach finally to 9 clusters. The matlab code used
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for generating these clusier is given in the Appendix F.

This stopping point in clustering is based on some heuristics - had we continued fur-

ther in the clustering, final clusters would not be able to capture the distinct 'flap’ or

'schwa’ mean temporal patterns, and we have chosen to keep these distinct patterns in

our inventory of speech events. The final nine clusters are shown in the Figure 5.1. They

represent distinct frequency-localized temporal patterns of the speech signal.

=1

. SILENCE-like - ¢.g. mean temporal patterns of the silent speech regions for all the

critical-bands.

PLOSIVE-like - e.g. mean temporal characteristics of most of the plosives which
shows a dip in energy off-center to the left as plosives are usually preceded by a
stop-closure. This pattern is also found in the 8-9 bands of the glide /w/ and in the
5-6 bands of the glide /y/.

NASAL-like - e.g. mean temporal characteristics of a nasal /em/ in the lower 1-7

bands.

GLIDE-like - a peak in energy off-center to the right which represents mean temporal
characteristics of glides /r/, /w/ in 1-6 bands , and of /y/ in the lower 1-4 bands
and the higher 10-15 bands.

LOW VOCALIC ENERGY - a small burst in the energy off-center to the left followed
by a small dip in energy off-center to the right. This pattern is often seen in the

middle bands of vowel /iy/ and higher bands of vowel /axr/ etc.

SCHWA-like - mean temporal characteristics of the schwa sounds such as /ix/, /ax/

in most of the bands.

FLAP-like - mean temporal characteristics of the flap-like sounds such as /nx/, /dx/

in most of the bands.

HIGH VOCALIC ENERGY - mean temporal characteristics of most of the vowels

such as /aa/, /ae/ in 1-15 critical-bands, of a vowel /iy/ in the lower 1-5 and upper
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Figure 5.1: Mean temporal patterns of nine speech-events

10-15 bands, and of a dipthong /oy/ in the lower 1-6 bands. This pattern is also
found in the higher 12-15 bands of fricatives such as /zh/, /sh/ etc.

9. FRICATIVE-like - The nineth cluster represents mean temporal patterns of most
of the fricatives such as /s/, /sh/, /f/ and of affricatives such as /ch/, /jh/ in the
lower 1-9 bands. It also represents mean temporal characteristics of nasals /m/, /n/

in the higher bands

The grouping of the phones based on these nine clusters in individual bands is shown in

the Appendix E.

5.2 A Universal TemPoRAI PatternS (UTRAPS) system

A single posterior estimator (MLP) is trained with 9 clusters as the target categories. The
50 lowest DCT components computed from 101-point, mean and variance normalized tem-
poral patterns of log critical-band energies are used as input to the MLP. The MLP has 101
hidden units. The new class-labels are obtained by mapping mean temporal patterns of
phones from each of the critical-bands to one of the 9 speech-event clusters using a similar-
ity (correlation coefficient) measure. The phone-labels of the training dataset are obtained

by forced-alignment or manual-transcription. The MLP is trained with backpropagation
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Figure 5.2: Block diagram of the UTRAPS system

algorithm with cross- entropy as the error criterion. At every frame, class-posteriors are
obtained by doing a forward pass for each temporal pattern from the 15 frequency bands
through the MLP. The 9 * 15 class-posteriors are used as input features to a Tandem sys-
tem for final recognition. The block diagram of the UTRAPS system is shown in Figure
5.2

5.3 Speech-event for phone and broad-phonetic category

classification

In this section we compare phone classification rates for 56 TIMIT phones based on speech-
event features and based on the previously described broad-phonetic features. We used
temporal patterns of 15 Mel filterbank, which are described in Appendix H, for this exper-
iment. The 9% 15 features are used as input to the Tandem MLP which targets 56 phones
for classification. The UTRAPS MLP is trained with 101 hidden units and the Tandem
MLP is trained with 200 hidden units. Similarly the 7 * 15 broad-phonetic features are
used as input to the Tandem MLP for phone classification rate. In this system, the band-
specific MLPs are trained with 101 hidden units and the Tandem MLP is trained with 200
hidden units. All the MLPs are trained on the TIMIT dataset using the backpropagation

algorithm with a cross-entropy error criterion.
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Table 5.1 shows that similar or lower phone frame-level error rates are obtained for
most of the phones using speech-event UTRAPS features. Table 5.2 shows frame-level
classification error rates for the seven broad-phonetic categories obtained using speech-
event UTRAPS features and broad-phonetic TRAPS features. The speech-event features
give similar classification error rates for vowels, nasals, fricatives, and plosives categories
than broad-phonetic features that are estimated independently from each frequency band.

For flap, schwa, and silence categories they perform worse than broad-phonetic features.

5.4 Speech-event features in ASR

The speech-event features are evaluated on the small vocabulary continuous digits tasks :
OGI-Digits and AURORA tasks. Description of the datasets can be found in Section 2.3
and Section 4.2.4.

For OGI-Digits task, we used 50 DCT components of temporal patterns of 15 logBark
filterbanks energies. The used filterbank is described in Appendix H. The UTRAPS MLP
is trained with 101 hidden units and 9 target classes on an independent dataset i.e. OGI-
stories. The 15 * 9 speech-event posteriors from UTRAPS MLP are taken before soft-max
non-lipearity and used as the input features to a Tandem MLP that estimates posteriors
for the seven broad-phonetic categories posteriors. For this task, since 'flap’ was not
present we used six broad-phonetic categories for posterior estimation at the output of the
Tandem MLP. The Tandem MLP is trained with 200 hidden units. These six posteriors
output from the Tandem MLP are used as features and evaluated in conjunction with PLP
cepstral features. The posteriors are combined at the class-posterior level as described
earlier in section 3.7. For estimating class-posteriors from cepstral features, 9 frames of
24 PLP cepstra along with dynamic features (delta+double delta) are used as input to
a MLP for estimating 29 phone posteriors. These posteriors are concatenated with 6
broad-phonetic posteriors. The 35 concatenated posteriors are gaussianized, decorrelated,
reduced in dimension to 29 (using the PCA transform), and finally used as input to the
HMM based back-end (Section 3.7). We had two cases based on the dataset used for
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Phone | TRAPS | UTRAPS | Phone | TRAPS | UTRAPS
b 82.3 80.1 m 56.4 55.4
d 89.8 87.6 em 99.9 99.9
g 86.1 80.9 n 56.7 57.3
p 71.7 72.1 nx | 80.6 82.1
t 61.6 60.5 ng 86.9 85.0
k 59.2 55.7 en 83.4 83.6

dx 44.7 49.8 1 50.8 50.2
bel 77.2 77.0 el 69.6 65.4
del 77.0 77.9 r 51.9 51.6
gel 91.4 93.1 w 54.8 55.8
pcl 79.8 77.0 y 79.5 77.2
tel 63.6 64.9 hh 88.9 87.5

“ kel 62.5 62.4 hv 69.8 69.0

jh 75.0 72.9 iy 33.1 31.4
ch 75.9 72.9 ih | 745 72.8
s 32.8 31.4 eh 69.4 68.2
sh | 476 45.6 ey 54.0 51.5
z 69.3 66.9 ae 48.8 48.6
zh 91.4 90.0 aa 58.6 58.9
f 69.1 68.7 aw 80.1 77.6
th 99.6 99.4 ay 50.2 47.3
v 83.5 83.5 ah 76.4 74.9
dh 83.6 83.0 ao 59.5 58.3
oy 75.6 71.5 ow 74.2 69.6
uh 97.0 96.0 uw 71.3 66.3
er 63.7 59.7 axr 65.9 66.4
ax 68.2 68.0 ix 56.4 59.2
si 7.1 7.9 q | T35 73.2

Table 5.1: % Frame-level phone classification error rates obtained at the output of the
Tandem MLP, using the UTRAPS features and using broad-phonetic TRAPS features es-
timated independently from individual critical-bands. Results are obtained on the TIMIT
dataset. The minimum error is shown in bold type
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training the Tandem MLP. In the first case, we trained it on the target dataset i.e. OGI-
Numbers (contains OGI-Digits) and in the second case, we trained it on an independent
dataset i.e. OGI-stories.

We compare the result with six broad-phonetic features that are obtained from the
previously described TRAPS system (Section 3.4). In the TRAPS system, six broad-
phonetic posteriors are obtained from each frequency band independently at the output
of band-specific posterior estimators. The estimated 15 * 6 posteriors are mapped to 6
final broad-phonetic posterior using a Tandemn MLP. These 6 posteriors are evaluated in
conjunction with PLP cepstral features as the speech-event features are. We also compare
this result with phone-based TRAPS features. The phone-based TRAPS features are
obtained from each frequency band independently at the output of band-specific posterior
estimators using the 29 phones as the target categories. Table 5.4 shows that we obtain
similar gain in recognition performance using the UTRAPS speech-event features or the
both phonetic and broad-phonetic TRAPS features in conjunction with PLP cepstral
features. In this experiment, the Tandem MLP is trained on the target dataset, OGI-
Numbers, and the UTRAPS MLP and band-specific TRAPS MLPs are trained on OGI-
Stories.

Table 5.5 shows the performance of the features when the Tandem MLP, the UTRAPS
MLP, and the band-specific MLPs, all are trained on OGI-Stories. In this case the
UTRAPS features outperform the broad-phonetic category features. The UTRAPS fea-
tures are significantly better (at 98 % confidence interval) than both phone-based and
broad-phonetic TRAPS features. For confidence measure, we applied Matched Pairs
Sentence-Segment Word Error (MAPSSWE) test [23].

Table 5.3 shows that speech-event features performance when they are used alone in
the Tandem recognizer. In this experiment, 15x9 features are used as input to the Tandem
MLP. The Tandem MLP estimates 29 phone posterior probabilities and these posteriors
are gaussianized, decorrelated, and used as input to the HMM back-end recognizer. The
result is compared with that obtained from 15 * 6 broad-phonetic TRAPS features. The
15 * 6 broad-phonetic TRAPS {eatures are used as input to the Tandem MLP for esti-

mating again 29 phone posterior probabilities. These phone posteriors are gaussianized,
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decorrelated, and used as input to the HMM back-end recognizer for WER computation.

For the AURORA task {Section 4.2), 15 % 9 speech-event features are evaluated in
conjunction with the robust MFCC features in the DSR framework. In this experiment,
speech-event features are estimated from the reconstructed 15 Mel critical-band energies at
the server-end. The computation of reconstructed Mel critical-band energies is described
in Appendix H. The 50 DCT components of 101-sample temporal patterns are used as
input to the UTRAPS MLP. The MLP is trained with 101 hidden units and 9 target
categories at the output layer. Every 10 ms, 15 % 9 class-posteriors are estimated using
temporal patterns from all the frequency bands. They are mapped to 7 broad-phonetic
class posteriors using the Tandem MLP. The Tandem MLP is trained with 200 hidden
units and 7 target categories at its output layer. These 7 posteriors are taken from the
Tandem MLP without applying the softmax non-linearity and then concatenated with the
robust MFCC features at the server-end. The description of the robust MFCC features can
be found in Section 4.2.1. The final 52 dimensional feature vector is decorrelated (using
a whitening transform) and is used as input to the HMM based back-end recognizer.
The description of this back-end recognizer can be found in Section 4.2.1. The speech-
event UTRAPS features are compared with previously described broad-phonetic TRAPS
features used in DSR (Section 4.2). Table 5.6 and Table 5.7 show that the speech-event
UTRAPS features give very similar word recognition performance on the Aurora-2 and
Aurora-3 datasets as the broad-phonetic TRAPS features give.

Note that the UTRAPS system has only 5959 (50 * 101 + 101 * 9) parameters as
opposed to the TRAPS system which has 86355 (N*(50 = 101 + 101 * 7). where N= 15

bands) parameters.

5.5 Summary and Conclusion

We proposed band-independent categories for robust feature estimation. These categories
characterize distinct speech events in the frequency-localized temporal domain of the
speech signal. These categories exploit the redundancy of events across different fre-

quency bands as well as across different phones. Each category has more data for training
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Broad-phonetic | UTRAPS | TRAPS

categories %error | % error
Plosives 31.6 32.8
Flaps 58.5 52.9
Fricatives 27.5 27.9
Nasals 42.3 42.2
Vowels 11.0 12.6
Schwas 60.9 37.3
Silence 10.7 9.3

Table 5.2: % Frame-level broad-phonetic classification error rates obtained at the output
of the Tandem MLP, using the UTRAPS features and using broad-phonetic features esti-
mated independently from individual critical-bands. Results are obtained on the TIMIT
dataset

PLP cepstral | UTRAPS | broad-phonetic |
features features | TRAPS features
5.0 8.4 8.3 }

Table 5.3: Word Error Rates (%) on OGI-Digits : PLP cepstral features, the UTRAPS
features, or the broad-phonetic TRAPS features.

PLP cepstral | UTRAPS | broad-phonetic phone-based
features features | TRAPS features | TRAPS features
5.0 43 4.3 4.3

Table 5.4: Word Error Rates (%) on OGI-Digits :

PLP cepstral features alone, PLP

cepstra augmented with UTRAPS features, or cepstra augmented with various TRAPS

features.

PLP-cepstral
| features

with UTRAPS
features

with broad-phonetic
TRAPS features

with phone-based
TRAPS features

| 74

6.1

6.9

7.3 ]

Table 5.5: Word Error Rates (%) on OGI-Digits :

PLP cepstral features alone, PLP

cepstra augmented with the UTRAPS features, or PLP cepstra augmented with various
TRAPS features. In this case, MLPs training was entirely done on an independent dataset,
OGI-Stories.




60

robust | with broad-phonetic | with UTRAPS

MFCC TRAPS features features
Well matched 8.9 7.2 7.4
Medium mismatched 9.4 7.1 7.2
Highly mismatched 9.9 8.3 8.2

Table 5.6: Word error rates {%) on the Aurora-2, TIDIGITs data and by feature set (noise-

robust MFCCs alone, robust MFCCs augmented with broad-phonetic TRAPS features or
the UTRAPS features), with context window = 1 s.

[ robust | with broad-phonetic | with UTRAPS
MFCC TRAPS features features
Well matched 3.3 3.0 2.9
Medium mismatched 8.5 7.8 7.8
Highly mismatched 13.0 14.2 11.2

Table 5.7: Word error rates (%) on the Aurora-3, by testing conditions and by feature
set (noise-robust MFCCs alone, robust MFCCs augmented with broad-phonetic TRAPS

features or robust MFCCs augmented with the UTRAPS features), with context window
= 1s.
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as it uses temporal patterns from all the critical-bands as opposed to using band-specific
patterns for training (as used in the broad-category features). These categories are defined
by the clusters obtained from an agglomerative clustering technique which is applied to
mean temporal patterns of context-independent phones. The used clustering techniques
is only one of many alternatives which may be employed for deriving the speech events
from speech data so this particular technique for deriving speech events is very much an
open issue.

We proposed a universal class posterior estimator for speech-events feature estimation.
We showed that similar or better phone classification rates can be obtained using speech-
event features versus using the broad-phonetic features. A consistent and significant gain
{at 98 % confidence interval) in recognition performance is achieved by augmenting these
features with cepstral features. This indicates features are complementary to short-term
cepstral features. We compared speech-event UTRAPS features with broad-phonetic and
phone-based TRAPS features. We showed UTRAPS features give similar gain as TRAPS
features, when used in conjunction with PLP cepstral features. We showed UTRAPS
features generalize better than both sets of TRAPS features. A significant reduction in
the number of parameters is achieved on using a UTRAPS system over earlier proposed

TRAPS system.




Chapter 6

Incorporating broader-frequency context

In the previous chapters, we investigated various categories such as context-independent
phones, band-dependent broad-phonetic classes , and band-independent speech-events cat-
egories for noise-robust feature estimation using the temporal patterns of the speech signal.
The temporal patteins of individual eritical-bands were treated as independent feature
streams for estimating posterior probabilities of classes (Section 3).

To know the nature and the spread of signal interaction across the critical-bands, we
investigate the effect of broadening the frequency context on the estimated features and
ASR. The frequency context is gradually increased from a single critical-band to several
critical-bands by using temporal patterns jointly from adjacent critical-bands as input to
class-posterior estimators.

Section 6.1 analyzes two-dimensional principal components (PCAs) from the time-
frequency feature space. It shows the effect of broadening the frequency context by incor-
porating temporal patterns from several adjacent critical-bands on the estimated features.
Section 6.2 describes the experimental setup. It shows the effect of broadening the fre-
quency context on the recognition performance using the features in ASR. Section 6.3
describes a joint transform using a DCT basis as a replacement for joint PCAs. It also
describes the results obtained from using the joint DCT transform and compares it with
that obtained from joint PCAs. The chapter ends with summary of this work in Section
6.4.
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6.1 On incorporating broader frequency context

In contrast to estimating features from the entire frequency spectrum in a single step, pre-
viously proposed TRAPS systems estimate features (class-posterior probabilities) from 1
s (or 101 —samples) temporal trajectory of log critical-band energies from a single critical-
band (Sections 1.3, 3.4) in ifs first stage of feature processing. In such a system, ouly
within-channel (critical-band) cues are used and across-channel cues are ignored for esti-
mating class (phone) posteriors in its initial stage of processing. To study the effect of
incorporating the local across-channel cues on ASR, we investigate combining temporal
dynamics of patterns from several adjacent critical-bands in a TRAPS based system. The

results also show the effect of broadening the frequency-context on ASR.

6.1.1 Evidence of across-channel processing

S. A. Shamma et. al. work on Spectro-Temporal Modulation Transfer function (STMF)
[35, 65] indicates spectral-temporal modulations play significant role in the perception of
speech signal. They measured the sensitivity of human subjects to a range of spectro-
temporal modulations. Their results indicate that STMF exhibits low-pass characteristics
in both the dimensions, spectral and temporal. They also investigated STRF (spectro-
temporal response field) which represents the spectro-temporal pattefns that best excites
the auditory cells. They found that the temporal selectivity of these cells ranges from
rapid (over 16 Hz) to very slow (under 2 Hz) whereas spectral selectivity ranges from 0.5
to 2 octaves. This indicates that receptive fields gather information not only from longer
temporal-span (order of 250 ms) of the signal but also from a range of spectral frequencies.
These studies indicate that auditory system utilizes not only within-clannel cues but also
across-channel cues for identifying a particular sound. The other evidence for across-
channel processing is comodulation masking release (CMR), known as a psycoacoustic
phenomenon. The work on CMR, by Hall et. al. [16] indicates that initial stage of auditory
filtering is followed by across-channel processing. They found that for masker bandwidths
larger than the critical-band signal-thresholds in the modulated-noise condition go down

than in the reference condition where unmodulated bandpass noise was used as the masker.
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This difference between the modulated and the unmodulated condition diminishes when
the masker bandwidth is smaller than the critical band-width. Based on these findings
Hall et. al. suggested [30] that the energy-envelops fluctuations between different auditory
chanuels are compared and thereby across-channel cues are used in detecting the signal

during auditory processing (33].

6.1.2 Computation of joint PCAs

To incorporate broader frequency-context, joint principal components (PCAs) are esti-
mated from 3 two dimensional time-frequency tile of log critical-band energies. The tem-
poral context is kept the same as before : 1 s (101—samples from 8 kHz speech). The
frequency context is increased from one critical-band to five critical-bands in steps of one
critical-band. The joint PCAs are used as input features to successive phone posterior
estimators (MLPs).

For joint principal components computation, the 101-sample long temporal patterns
are concatenated from the adjacent N critical-bands where N is the used frequency con-
text. These temporal patterns are mean and variance normalized prior to estimating
joint PCAs. For the NX101 sample long vector total covariance is computed using a
dataset. We used an independent TIMIT dataset for this computation. The joint PCAs

computation can be described mathematically as follows,

Where vector Y} represents a normalized 101-sample temporal pattern of Nth critical-
band at time rn, X% represents 101-sample temporal vector of log critical-band energies of
the same critical-band formed by concatenating 50 samples in the past and in the future of
the current frame at time n. At every 10ms, the temporal pattern X7 is mean subtracted
and variance normalized. The local mean m%; and the variance p%, of temporal pattern

T in Nth critical-band are computed as follows,
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1 k=101
my =1 3 XR(K)
k=1
1 k=101
ph= o 3 (XR(R) ~mp’

The vector Y is formed by concatenating the temporal patterns from NV adjacent critical-
bands. C is the total covariance matix computed over vector Y. Singular value decompo-
sition of matrix C gives eigenvalue matrix S and eigenvector matrix U. The columns of
the matrix U represent joint principal components (PCAs) of the concatenated temporal

patterns. This computation can be described mathematically as follows,

Y"* = {Y{‘,Y{‘,--- ,ym
C = cov[Y™]
C=U*x8S=U'

For N= § critical-bands, the joint PCAs are shown in Figures 6.5 and 6.6. It can
be seen that the joint PCAs can be approximated by combinations of cosine functions
of different modulation frequencies. For example in Figure 6.5 each principal component
can be viewed as a concatenation of three segments of each 101-samples which can be
approximated by a cosine function of appropriate frequency. All three cosine components
are inphase with each other. Whereas in Figure 6.6, each principal component can be
viewed as a concatenation of two out of phase 101-sample cosine segments. These joint
PCA basis vectors in effect do spectral subtraction ( Figure 6.6 ) along the frequency axis,
which essentially incorporates information about local spectral-slope into the projected

feature components.

6.2 Experiment and Results

We have used two databases for evaluation : OGI-Stories and OGI-Numbers (described
in Sections 2.3 and 2.3.1). OGI-Stories database is used for training the band-specific
posterior estimators (MLPs), and the Tandem MLP is trained on OGI-Numbers. Testing

is done on continuous OGI-Digits.
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The mean subtracted, variance normalized, and hamming windowed 101-sample tem-
poral patterns of log critical-band energies are concatenated from the given number of
critical-bands. The concatenated patterns are projected to 75 components using the joint
Principal components (PCAs) and used as input to class-posterior estimators (MLPs).
The class-posterior estimators are trained with 29 phones as the target categories in each
frequency channel. Here, a frequency channel is a group of N adjacent critical-bands. The
channels have an overlap of N — 1 critical-bands where N is the number of critical-bands
that are combined and used as input to the class-posterior estimators. The joint PCAs are
computed a priori on an independent dataset {TIMIT) using N * 101-samples from a 2—-D
time-frequency tile of log critical-band energies. The estimated local phone posteriors are
used as input to a Tandem MLP for the final phone posterior estimation. Al MLPs have
300 hidden units and 29 phones as the target categories for the class-posterior estimation.
The 29 phone posteriors at the output of the Tandem MLP are gaussianized, decorrelated,
and used as the input features to the HMM based back-end recognizer (Section 2.3.1).

Table 6.1 shows WER in clean condition for different number of combined critical-
bands. From the result it can be seen that on increasing frequency-context from 1 band
to 3 bands recognition performance significantly (at 98 % confidence interval) increases.
On increasing turther the context it decreases. Figures 6.1, 6.2, 6.3, and 6.4 show ASR
performance for different number of combined critical-bands in noisy conditions. The
results show that word error rate reduce significantly (at 98 % confidence interval) when
the frequency context increases from 1 critical-band to 3 critical-bands in all the 10 — 20
dB SNR, noisy testing conditions. For these conditions, beyond three critical-bands of
frequency context, the recognition error rate increases or remains the same. However, for
low SNR (0—5 dB), in Pink and Babble noisy conditions, the WER significantly reduces on
increasing frequency-context from 1 band to 3 bands but it increases on increasing context
from 3 to 4 bands and then it again decreases on increasing further the context from 4 to
5 bands. We used a Matched Pairs Sentence-Segment Word Error (MAPSSWE) test to
perform significance test on the results [23]. The effects of increasing frequency-context

on frame-level phone accuracies on clean testing condition are shown in Table 6.3. For
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most of the vowels, plosives, and fricatives, accuracy increases with increasing frequency-
context from one critical-band to three critical-bands. For more than 3 critical-bands of

frequency context, the phone accuracy reduces or remains the same.

Table 6.1: % Word Error Rate (Recognition Performance) on using joint PCAs on time-
frequency plane of speech representation for feature estimation at clean condition

Frequency-context 1-band | 2-band | 3-band | 4-band | 5-band
{number of critical-bands) | (WER) | (WER) | (WER) | (WER) | (WER)
[ WER 6.6 53 | 50 59 | 58 |

6.3 Replacing Joint PCAs by DCT bases

The previous section, we noticed that the joint PCAs can be represented by a combina-
tion of DCT bases. In this experiment, for the 3-band case, two 101-sample vectors are
computed. The first 101-sample is obtained by averaging 101-sample temporal patterns
from three adjacent critical-bands, while the second is obtained by taking the difference
between patterns in the first and third bands. These two 101-sample vectors are projected
independently onto a 38-component DCT basis. This gives 76 projected components
spanning 1 —~ 20 Hz of modulation frequency. These components are used as input to the
class-posterior estimators for estimating phone posterior probabilities in each frequency

channel. Table 6.2 shows the recognition performance obtained using 3—band joint DCT

Table 6.2: % Word Error Rate on using 76 joint DCTs on the temporal patterns of three
adjacent critical-bands, 75 joint 3-bands PCAs, 50 1-band DCT in clean, and in noisy
condition

Frequency-context clean  babble pink white

(number of critical-bands) | (WER) | (WER) { (WER) | (WER)
3-band DCT 5.7 8.6 5.8 5.8
3-band PCAs 5.0 8.7 5.8 5.3
1-band DCT 6.0 10.3 7.5 7.1

components, 3—band joint PCAs components, and 1—band DCT components on clean as
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well as 10 dB SNR noisy condition. With joint DCT components, we obtain similar or

worse results than those obtained from 3—band joint PCAs, But the joint DCT results are

still significantly (at 98 % confidence interval) better than those obtained from 1-band

DCT components.

Table 6.3: % Frame-level phone error rates obtained using 1—5 critical-bands of frequency
context. The minimum error is shown in bold type.

phones | 1-band | 2-band | 3-band | 4-band | 5-band
t 20.7 18.7 17.5 17.7 18.5
k 41.9 39.8 38.2 39.6 39.6
tcl 28.8 273 26.9 27.0 28.5
kel 12.9 11.2 10.8 10.7 11.5
s 16.9 17.6 16.0 16.7 18.3
zZ 25.2 23.1 21.2 21.3 23.5
f 21.0 21.9 21.4 21.5 21.1
th 29.7 26.4 26.1 26.9 26.5
v 34.2 32.0 30.5 29.8 30.2
n 17.2 16.4 15.6 15.6 16.2
r 21.7 17.6 18.3 19.1 19.5
w 19.1 18.2 17.4 17.6 18.9
iy 21.4 20.7 19.7 20.0 21.0
ih 21.2 224 21.6 22.4 23.7
eh 28.5 25.1 24.2 24.2 24.0
ey 24.5 23.5 20.7 22.5 22.1
ay 12.0 9.3 9.2 9.8 9.7
ah 34.1 30.6 28.8 29.0 28.7
ow 23.2 18.6 18.5 184 17.8
uw 17.2 15.5 14.3 14.2 15.3
sil 13.9 12.3 12.5 13.0 12.7

6.4 Summary

In this work, we investigated the effect of broadening the frequency-context on ASR. The

joint PCA components are computed and used as input for phone posterior estimation.

From the structure of the joint PCAs it can be seen that joint PCA bases capture local

spectral-slope information in the projected temporal patterns. We showed that broader

than one critical-band frequency context is required for higher recognition performance.
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The robustness of the estimated features doesn’t suffer on incorporating more than 1
critical-bands of frequency context during feature estimation in all the testing condi-
tions. This indicates that local spectral-slope information is required for achieving higher
phones accuracies. We showed that joint PCA bases can be approximated by a combina-
tion of several DCT bases. The trend of improved recognition performance on increasing
frequency-context still holds on using joint DCT components. The 3-band DCT com-
ponents outperform (significant at 98 % confidence interval) 1-band DCT components.
In conclusion, we showed that modeling the interaction among adjacent critical-bands is

required for obtaining higher recognition performance.




70

0.05 0.05

0 | i 0

2005 L 08

0.051 0.0
0 [

005 Y

0.05 \ oA \ARRARNN
ot ol

s | WV UWVY sl TUURVVVY

V\r U
005 ! 0.05 \ 1
0 0f <
-0.05§ L -0oslHITI

1 101 22 303

Figure 6.5: First 8 PCAs over 3 critical-bands and 1 s (101-samples) temporal context




71

0.1

0.1}

0.1

OL

-0.1

0.1 f'n

0.1

0 i

-0.1¢

ail

0.1-”

ol

"

_0_1!1 u

U

U

U

i

0

| Y

o 22 a0

Figure 6.6: Some of the next 6 PCAs over 3 critical-bands and 1 s (101-samples) temporal

context




Chapter 7

Summary

In this chapter, we summarize the thesis work in the section 7.1. We present some of the

future directions in the section 7.2 and the final comments in the section 7.3.

7.1 Summary

The thesis was organized in five parts. Chapter 2 described various ways of parameterizing
temporal patterns. The work in this chapter showed that linear components of temporal
patterns can be used to parameterize patterns for obtaining better recognition performance
in clean as well as in noisy environments. The temporal patterns closely follow the proper-
ties of a first-order Markov sequence, which results in their principal components (PCAs)
being close to a DCT basis. Around 50 PCA (DCT) components cover 1 — 25 Hz of mod-
ulation spectrum and 98 % of the total variability of 101-sample temporal patterns. Using
DCT or DFT components of temporal patterns give significantly better recognition perfor-
mance than using temporal patterns directly for recognition. DCT and DFT components
performance very similarly in most of the testing conditions. However, LDA components
of temporal patterns perform significantly worse than DFT or DCT components in low
SNR, noisy environments. This work also showed the effect of low-pass filtering the mod-
ulation spectrum of temporal patterns on ASR. The recognition performance drastically
goes down on cutting off modulation spectrum below 8 kHz of modulation frequency com-
ponents. The recognition performance doesn’t drop significantly as long as upto around
16 Hz of modulation spectrum of temporal patterns is retained for the successive feature

estimation.
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Chapter 3 investigated broad-phonetic category features. These features are estimated
from temporal patterns independently in each frequency band. The features are evalu-
ated for phone classification and continuous word recoguition tasks. We showed that
broad-phonetic features give significant gain in the recognition performance when they
are combined with short-term features (PLP cepstra) in ASR. This indicates their com-
plementary nature to short-term cepstral features. On using broad-phonetic features,
the gain in recognition performance is the same as that carried by phone category fea-
tures which are estimated from temporal patterns. By using broad-phonetic features, the
number of parameters of the system is drastically reduced with improved generalization
properties of these parameters.

Chapter 4 showed two practical applications of broad-phonetic features estimated from
temporal patterns. The first one is robust Voice Activity Detection (VAD). The proposed
VAD scheme is compared with a state-of-art GMM VAD technique. Speech recognition
performance on the hypothesized speech segments was used as the performance metric
for evaluating different VAD techniques. The proposed temporal patterns VAD system
outperformed the GMM based VAD scheme in various noisy conditions. The second ap-
plication is DSR in cellular telephony. We showed that broad-phonetic features can be
estimated from the temporal patterns obtained from the reconstructed critical-band ener-
gies at the server-end without disturbing the terminal-end feature processing modules. On
augmenting the broad-phonetic features with the short-term cepstral features we achieved
significant gain in the recognition performance in various noisy conditions.

Chapter 5 proposed a new UTRAPS system. This system uses a single, universal,
class-posterior estimator for estimating the speech-event category posteriors. The band-
independent categories are obtained by using an agglomerative hierarchical clustering
technique applied to the mean temporal patterns of the context-independent phones col-
lected from all the critical-bands. A simple correlation measure was used as a distance
measure to obtain the final clusters of temporal patterns. These patterns indicate distinct
temporal activities manifested in the frequency localized temporal domain of the speech
signal. We showed that UTRAPS features give consistent gains, similar to TRAPS broad-

phonetic features, in recognition performance when they are combined with conventional
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ASR features. These features are complementary to short-term cepstral features. They
have better generalization properties than previously proposed broad-phonetic features,
as data is shared not only across different phones but also across different frequency bands
during system training. The UTRAPS system used just 5959 parameters as opposed to
86355 parameters used in the earlier TRAPS system.

Chapter 6 studies the effect of broadening the frequency-context on the estimated
phone category features. We show that broader than one critical-band frequency context
is required for higher recognition performance. The robustness of the estimated features
doesn’t suffer on incorporating more than 1 critical-band of frequency context during
feature estimation in most of the testing conditions. We show that joint PCA bases
can be approximated by a combination of several DCT bases. The trend of improved
recognition performance on increasing frequency-context still holds on using joint DCT
components. The 3-band DCT components outperform 1-band DCT components. In
conclusion, we showed that modeling the interaction among adjacent critical-bands is

required for obtaining higher recognition performance.

7.2 Future Directions

This work can be further extended by exploring band-independent speech-event cate-
gories obtained from 2-D dimensional time-frequency regions of the speech signal. A
universal posterior estimator can be used to classify these categories and the estimated
class-posteriors can be used as the robust features for ASR. The categories should target
consistent and trainable the acoustic regions of the speech signal. The frequency-context
can be around 3 critical-bands wide and the temporal-context can be around 200 — 500
ms long to identify different speech-events of the speech recognition.

For merging the information from individual frequency-bands, we used the Tandem
system. In this system, narrowband features (broad-phonetic or speech-events ) are con-
catenated and mapped to the final class-posteriors using the Tandem MLP. The other
methods for features combination need to be investigated. The reliability measure needs

to be incorporated for selecting narrowband features on their reliability during combining
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them.

7.3 Final Comments

In this work, we defined broad-phonetic categories and speech-events categories on the
similarity in temporal characteristics of context-independent phones in different critical-
bands. We assumed that phone like entities represents different sounds and thus can be
used as the basis to find different events in time-frequency plane of the speech signal. The
speech-event like categories were also obtained by clustering mean temporal patterns of the
context-independent phones. Choosing the context-independent phones as the basis for
defining speech-events categories may not be an optimal way for robust feature estimation.

The more investigation is needed for defining these categories for feature estimation.




Appendix A

First-order Markov sequences

A random sequence u(n) is called Markov-p or pth-order Markov if the conditional prob-
ability of u{n) given the entire past is equal to the conditional probability of u{n) given

only u(n — 1), ...,u{n — p),

Pu(n)|u(n —1),u(n - 2),...) = Pu(n)lu{n — 1), ...,u(n — p)), Vn.

Another interpretation of a pth-order Markov sequence is that if the present, i.e.
u(§),n —p < 7 < n -1, is known, then the past ie., u(j),7 < n — p, and the future,
i.e. u(j),j > n, are independent. A Markov-p scalar sequence can also be expressed as
a (pzl) Markov-1 vector sequence. The covariance function of a first-order stationary

Markov sequence u(n) is given as

r(n) = o, lp| < 1,¥n

where |p| is close to 1. The NXN discrete cosine transform (DCT) is very close to
the Karhunen Loeve (KL) transform of a first-order stationary Markov vector sequence of
length N whose covariance matrix is given by r(n), when the correlation parameter p is
close to 1. The reason is that R™!, the inverse of the covariance matrix, is a symmetric
tridiagonal matrix (8].

The covariance matrix of a first order N-point long Markov sequence has a following
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structure.
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It is a Toeplitz matrix. The inverse matrix of R, for the value of p? = %i—g;% and

a = L satisfies the following relation.

(1+p°)

,32R-1 —

(1 —-pa —a
-« 1
0

\ 0

- l—paJ

0 )

For p 1, the R™! matrix can be approximated by the following symmetric tridiagonal

matrix Q.

/1 -—a —a
—Q 1
0

o

- 1~—a/

0 )

The basis vectors of the cosine transform are the eigen-vectors of the symmetric tridi-

agonal matrix Qc.




Appendix B

Mean Temporal patterns

The computation of 101-sample mean temporal patterns of different phones is as follows,

n=Nppone n n
1 (Xphvne,B - m )

p" ’

M, phone,B = N
phone

n=i

Where Mpsone 5 is the mean temporal pattern computed over Nppon, observations of
a phone, phone in the critical-band B. Where X;‘hane’ g represents 101-sample temporal
vector of log critical-band energies formed by concatenating 50 samples in the past and
in the future of the current frame at time n. At every 10ms, the temporal pattern X is

mean subtracted and variance normalized. The local mean m” and the variance p™ of X"

are computed as follows,

| k=i
m" = To1 > Xphone,s(k)
k=1

1 k=101
"= 157 2 Xphone,s(K) —m")?
k=1

We used 15 Mel critical-band energies for computing mean termporal patterns. The
computation of 15 Mel critical-bands are described in detail in the Appendix H. We used
TIMIT dataset for this computation.

The mean temporal patterns of some of the phones are shown in the following figures.
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Appendix C

Phone Set

Table C.1: The set of 56 phones in TIMIT.

PhoneJ Example | Phone } Example | Phone | Example | Phone | Example }
b bee d | day g gay p pea |
t tea k key dx muddy bcl BCL B iy

dcl | DCL D ey gel | GCLGey | pc | PCLPiy tel TCL T iy
kcl KCL K iy jh joke ch choke 5 sea

sh she z gone zh azure f fin

th thin v van dh then m mom

em bottom n noon nx winner ng sing

en button 1 lay el bottle r ray |
w way y yacht hh hay hv ahead |
iy beet ih bit eh bet ey bait

ae bat aa bott aw bout ay bite

ah but a0 bought oy boy ow boat

uh book uw boot er bird | axr butter |
ax about ix | debit sil pause | q glottal stop |

Table C.2: The set of 29

phones in OGI-Numbers.

Phone | Example lPhone ] Example | Phone 1 ExampleJ Phone } Example J
d day 1 tea k key dcl DCL D ey
tcl TCL T iy kel | KCL K iy s sea z zone
f fin th thin v van m mom
n noon 1 lay T ray w way
1y beet ih bit eh bet ey bait
ae bat ay bite ah but ao bought
ow boat uw boot er bird ax about
sil pause
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Appendix D

Confusion matrices for phones

In a TRAPS based system (Section 1.3, the confusion matrices are computed at the
output of the band-specific class posterior estimators (MLPs) as well as at the output of
the Tandem MLP. For that, the MLPs are trained with 56 phones as the target classes. For
every 10ms, a decision is made about the winning phone whose posterior probability was
found greater than the other phone classes. Using the correct phone labels of each feature
frame, confusion matrix was estimated. We used TIMIT dataset for this estimation.

The confusion matrices at the output of band-specific MLPs show more confusion
among those phone classes which have similar temporal patterns of log critical-band en-
ergies. The Tandem MLP learns the specific patterns of the confusion matrices from
individual critical-bands and try to combine that knowledge to estimate final phone class-

posteriors. It plays the role of a merging net in a TRAPS based system.
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Figure D.1: For 56 TIMIT phones in the 1st critical-band, 115 — 265 Hz
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Figure D.2: For 56 TIMIT phones in the 5th critical-band, 4.538 — 629 Hz
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Figure D.3: For 56 TIMIT phones in the 15th critical-band, 2962 — 3769 Hz



H

L ]
I I L1

bdgpt kdxbotichopelekejhehs shz znf thv dhmermn nxngen| el r w y hbhviy iheheyaeasawayahacoyowutuweraxaxix si g

Figure D.4: For 56 TIMIT phones at the Tandem outputs




Appendix E

Clﬁsters of speech events

The table shows which phone classes fall under which speech-event after applying cluster-
ing in a given critical-band. Each phone is quantified by one of the 9 speech-events in each
critical-band. Phones change cluster affiliations based on distinct speech-activities present
in each critical-band. Here N represent the critical-band index and C1 — C9 represent

nine speech-event clusters.

N1 Cl C2 C3 | C4 Cs | C6 | C7 C8 C9
1 | st bgp |em|lrwy |en | ax dxv | nxeliy qthf
k dh hv ao | z ng m | ih eh ey zh sh s
t hh oy n ae aa aw ch jh kcl
ay ah oy tel pel gel
ow uh uw dcl bel d
€r axrT ix
2 | si bgp (em|rwy |en |ax |dxv |[nxeliy qthf
k dh oy z pgm |ihehey zhsh s
hh n ao ae aa aw | ch jh kcl
ay ah oy tcl pel gel
ow uh uw dcl bel d
er axr ix 1 t hv
3 | si bgp |em |rwy |en |ax |dxv |eliy qthfz
k db oy ix ngnx | ih eh ey zh sh s
t hh nm ao ae aa aw | ch jh kcl
ay ah oy tcl pcl gel
ow ub uw dcl bel d
er axr ] hv
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C1 C2 C3:C4 C5 1 Cé6 |C7 C8 C9
si bgp |em|rwy |en | ax dxn |eliy gthfve
k dh oy ix ng nx | ih eh ey zh sh s m
i t hh ao ae aa aw | ch jh kel
ay ah oy tcl pel gel
ow uhuw  delbeld
er axr 1 hv
si bgp |emjrw en | ax dxn |eliy thfv
k dh oy Z ix ng nx | ih eh ey zhshsm
yq 1 a0 ae aa aw | ch jh kel
t bh ay ah oy tel pel gel
ow uh uw del bel d
er axr hv
si bgp |em |rw en jax |dxn el thfv
k dh oy ng | ix nx ih eh ey zhshsm
vy q z iy ao ae aa aw | ch jh kel
t hh ay ah oy tcl pel gel
ow uh uw dcl bel d
er axr 1 hv
si bgp |em |w en | ax dxn [elr thfv
k dh oy ng | ix nx ih eh ey zh sh s m
qt A a0 ae aa aw | ch jh kel
hh iy ay ah oy tel pel gel
ow ub uw dcl bel d
er axr 1 hv y
s bgp |em en lax |dxv jelr gthfn
k dh oy ng | ix nx m | ih eh ey zh sh s
wq ao zZ 1 ae aa aw ch jh kel
t bh iy ay ah oy tcl pel gl
ow uh uw dcl bel d
€r axr hvy
si bgp oy en | ax dx er axr r gthfnv
em | kdh aooy |el |ix nx ih eh ey zhshs mng
wy z 1 ae aa aw ch jh kel
t hh iy ay ah tel pel gel
ow uh uw dcl bel d
th
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[NJCi JCz JC3|C4 JCsjCe [CT [C8 | C9 |
16 | st bgp hvr |en |ax dx l'iy ay ah gthfv
em k dh oyy el |ix nx ih eh ey smng beld
t hh ao oy |z sh ae aa aw ch jh kel 1
n ow uh uw tcl pel gel
sh €T axr del beld w
11 ) si bgp hvrt |en |ax |dxsh |iyiheh thfv ]
em k dh chy el |ix nx ng | ey ae aa m jh kel
q hh aooy |z aw zh | ah ow uh 1wtcld
ay naxr | uw er pel gel
dcl bel
12 |} si bgp hvrt |en [ax {dxnx |iyiheh thfv
em k dh choy |el |ix sh ng | ey ae aa lwmd
g hh y ay Z nzh | aoah aw kel tel
jh er w uh uw pel gel
axr dcl bel
13 || si bgp hv t en | ax dx zh | iy ih eh thfv
em k dh chl el |ix nx ng | ey sh ae nwimgq
r hh oy y Z s uw | aa ao ah gel kel
jhd axr aw ay uh tcl pcl
er w dcl bel
14 Ul si bgp hv t en |ax |dxnx |iysz thfv
em k dh yoy ‘el Jix ng 1 ih eh ey nmgqw
r bh jhd ax uw ch ae aa gel kel
er ah aw ay tcl pcl
w uh zh dcl bel
sh ao
15 § si bgp oy t el |ax dx iy sz th en hv v
em k dh yld |axr|ix nx ih eh ey nmqg
hh er uw ch ae aa r kel w
ah aw ay tcl pel gel
w uh zh jh | dcl bel ng
f sh ao

Table E.1: Clusters in individual critical-bands




Appendix F

Code for generating Speech events

The following code is used to generate nine speech events.

clear Data Data

Data=[];

%% Number of critical-bands
Bands=15

%% Number of phones
Classes=56;

% Reading the mean temporal patterns of 56 phones

% (TIMIT dataset) from individual critical-bands (15)

for i = 1:15,
str=strcat(’Mean_TRAPS_phones’,int2str(i-1));
MeanTRAPS{i}=load(str)};
Data={MeanTRAPS{i}; Data];

end

% Randomizing the data
NN=randperm(length(Data));
Data=Data(NN,:);

% Calculating the correlation matrix
Cv=(Data¥Data’);

dd=sqrt (diag(Cv));

92




pp=dd*dd’;
Corr=Cv./pp;
DD=diag(diag(Corr));
DD=-1%DD;

Corr=Corr+DD;

TMP=Data;
for iter = 1 : 831,
% position of the maxima in the correlation matrix
[my x]=max(Corr);
[mx yl=max(my);
searchVec=1:size(TMP,1);
X=x(y);
Y=y;

% Merging the two nodes of maximum correlation
tmp=mean( [TMP(X, :) ;TMP(Y,:)1);
searchVec=setdiff (searchVec,X);
searchVec=setdiff (searchVec,Y);
TMP=TMP (searchVec,:);

TMP=[TMP; tmp] ;

% Updating the correlation matrix after merging the nodes
Cv=(TMP*TMP’) ;
dd=sqrt (diag(Cv));
pp=dd*dd’;
Corr=Cv./pp;
DD=diag(diag(Corr));
DD=-~1*DD;
Corr=Corr+DD;

end
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Appendix G

Linear Transforms of temporal patterns

G.1 Linear transform from Principal Component Analysis
(PCA)

For PCA transform computation {20] of the temporal patterns, first total covariance matrix

of the normalized temporal patterns is estimated using TIMIT or OGI-Stories dataset.

X" = [Xnp,- - » Xnao1);

Y'n. _ ( Xn . mn) )

o
Where X™ represents 101-sample temporal vector of log critical-band energies formed
by concatenating 50 samples in the past and in the future of the current frame at time
n. At every 10ms, the temporal pattern X" is mean subtracted and variance normalized.
Y™ represents a mean and normalized temporal pattern. For normalization, local mean

m" and the variance p" of X™ are computed as follows,

k=101

1
m" = —1.61_ Z X"(k)
k=1
1 k=101
= (X" (k) - m™)?
k=1

Next total covariance matrix is estimated as follows,

n=N
Cov = %7 S (Y™ = my)T (Y7 — g

[=)

3
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Where my, is given by,
n=N

1
My = = Z YY"
N n=0
Where Cov represents 1012101 covariance matrix of the vector Y, m, represents mean
of normalized temporal vector Y, and NV is the total number of frames in the dataset.
After computing total covariance matrix, singular decomposition is applied to compute

eigenvector matrix V and eigenvalue matrix S.

Cov=U=xS*V";

The columns of the eigenvector matrix V represent principal component bases of the
temporal vector X. We used first 50 bases for estimating class-posterior probabilities.

These 50 bases cover 98 % of the total covariance of dataspace Y.

G.2 Linear transform from Linear Discriminant Analysis
(LDA)

For LDA transform computation [55] of the temporal patterns, first within-class covariance

and across-class covariance matrices are computated as follows,

1
m; = }Vz Z Yn,
neC;
m = Z ~]\—;-'m,i,
nec;

1=C
N;
Sp = E N Ec(mi ~m)T * (m; — m),
=0 nel;

i=C
N.
Sw =" jvl d (Y™ = my)T « (Y™ —my),
=0 neC;

Where m; is the mean of the ith class, N; is the number of sample-points for ith
class, m is the global mean of the normalized temporal pattern, Y™, Sp and Sy are the

between-class and within-class covariances respectively for the C number of classes.
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D = S;} + Sg;

D=Ux*x8*V"

On singular value decomposition of matrix D the eigenvector matrix V and eigenvalue
matrix S are obtained. The eigenvectors are referred to as linear discriminants. These
discriminants are sorted based on their eigenvalues. The leading discriminants are used
as the projection bases. |

We used 29 phones as the target classes for deriving 29 Linear Discriminant basis
vectors (LDAs). The LDA bases are derived on the clean, OGI-Stories corpus, a dataset
described in section 2.3.1. The first 15 LDA components of the temporal patterns are
used as input features to sub-word class (phones) posterior estimators.

We also derive the first 50 LDAs basis vectors from 554 Gaussian mixtures (from 3-state

monophone HMM models), used as the target categories, for our second experiment.




Appendix H

Computation of PLP critical-bands and

Mel critical-bands

We used 1-Bark spaced PLP critical-bands for the continuous numbers task on OGI-

Numbers. The cut-off frequencies are listed in the following table.

Table H.1: Cut-off frequencies of the 1-Bark spacing critical band filters used in PLP
feature representation for 8 kHz sampling frequency.

Critical band | Lower cut-off frequency | Upper cut-off frequency
)

number | (Hz) (Hz)

1 17 161

2 115 265

3 216 375

4 323 495

5 438 629

6 563 778

7 707 949

8 868 1144

9 1031 1370

10 1262 1632

11 1506 1937

12 1790 2292

13 2122 2709
: 14 2509 3197
| 15 1 2962 3769

For Aurora experiments, we used 23 MEL filterbank energies for feature extraction.
The frequency range (64 — 4000Hz) was used for computing MEL-warped spectrum for
feature extraction. The cut-off frequencies of 23 critical-bands are listed in the following

table. The 23 MEL fiiterbanks are generated as follows,
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Table H.2: Cut-off frequencies of the used Mel critical band filters for 8 kHz sampling
frequency.

Critical band | Lower cut-off frequency | Upper cut-off frequency
number (Hz) (Hz)
1 64 186
2 1565 248
3 217 341
4 279 403
5 372 496
6 434 589
7 527 682
8 620 806
9 713 930
10 837 1054
11 961 1178
12 1085 1333
13 1209 1488
14 1364 1674
15 1519 1860
16 1705 2047
17 1891 2264
18 2078 2512
19 2295 2760
20 2543 3008
21 2791 3318
22 3039 3628
23 3349 3969

Mel {z} = 2595 » log {1 + %—0}

fo, = Mel™ { Mei(64) +iMel(4002(;)+—lMez(s4)

},i=1,--- ,23

chin; = round { I—c—l * 256}
fs

Where floor(.) stands for rounding downwards the nearest integer. The output of the
Mel filter is the weighted sum of the 256-point FF'T power spectrum values (bin;) in each
band. fs (8000Hz) is the sampling frequency. Triangular half-overlapped windowing is

used as follows.

. =chiniy1 .
k— cbm,-_l ' cbzni+1 -k

k
k: = —_— 5 —_—5
foanki= > ching — cbing_, * T+ \ 2 chingy1 — chin; S

=cbin;+1
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Where & = 1,---,23, ching, and chingg denote the FFT bin indices corresponding to the
starting frequency of 64Hz and final frequency of 4000Hz respectively. S is the short-term

power spectral density of the speech signal.
ching = round(64 * 256 /8000)

cbin24 = 256/2 = 128

The 23 critical-band energies are projected to 15 DCT components and 15 cepstral based
features (referred to as 15 robust MFCC}) are computed at the handset side and transmitted
to the network. At the server these 15 features are projected back to critical-band energies
uéing a 15 point IDCT transforin and that gives 15 reconstructed critical-band energies.
These reconstructed energies are used in the TRAPS and UTRAPS based system for

class-posteriors estimation for the DSR experiments.
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