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Abstract

In the last few years, a number of speaker verification (SV) systems exploiting sparse repre-
sentation classification (SRC) using different types of speaker representations have been proposed.
The existing SRC based SV approaches use an exemplar dictionary created by arranging the train-
ing vectors of the target speaker and that of a set of background speakers as columns (atoms).
The exemplar dictionary used for the SRC based approaches may not generalize well due to the
absence of any learning unlike that used in the i-vector based approach. The SRC over exem-
plar dictionary based methods suffer from certain other shortcomings also, such as the need for
selecting an optimal set of background speakers and the requirement of multiple examples for
each speaker. Motivated by these we propose a novel SV paradigm based on the sparse coding
of GMM supervectors over a learned dictionary. The derived sparse codes are used as speaker
representations for SV task. This approach is further extended to enable a built-in compensation
of session/channel variability with the use of joint sparse coding over learned speaker and chan-
nel dictionaries. The proposed sparse representation based SV system is compared with that of
state-of-the-art i-vector PLDA system on the NIST 2012 SRE dataset and a relative performance
improvement of 14.4% in terms of the detection cost function (DCF) is noted. In comparison to
the i-vector based system, the salient attributes noted about the proposed SV system are: (i) a
significantly enhanced performance for very low-false alarm rates, (ii) a higher robustness to the
short duration test data condition, (iii) a competitive robustness to additive noise in test data, and
(iv) a much lower computational complexity. With these features, the proposed approach seems
to be a promising candidate for the practical high-security voice biometric applications.

Though the i-vector based approach is reported to result in very good performance, it is noted to
have some drawbacks. The derivation of i-vectors is computationally complex and requires a large

amount memory to store the transformation matrix and the algorithm-specific variables. These
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problems could be addressed to some extent by obtaining the projections of GMM supervectors
using low-complexity data-independent projections existing in literature. The low-complexity data-
independent projection methods such as normal random projection, sparse random projection and
simple decimation are explored in context of PLDA classifier based SV system. The resultant
system is found to be attractive in terms of both the number of computations involved and the
memory requirement, without much degradation in the performance compared to the default i-
vector based one. A novel SV system that exploits the diversity among the representations obtained
by using different offsets in the decimation of supervector, is also proposed. The proposed system
is found to achieve 7% relative improvement in DCF over the i-vector based system on NIST 2012

SRE dataset while still having lesser overall complexity.

Keywords: Speaker verification, GMM mean supervectors, sparse representations, learned

dictionary, discriminative learning, random projections.
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1. Introduction

Speaker recognition refers to the technology that enables machines to recognize persons using
their voice samples. Based on the constraint imposed on the text content of the speech used,
speaker recognition systems can be classified into text-dependent and text-independent ones. In
text-dependent speaker recognition, each of the users speaks a pre-defined text which is known
to the system. On the other hand, in text-independent speaker recognition no such constraint is
used. Based on the mode of operation speaker recognition systems can be classified into speaker
identification (SI) and speaker verification (SV) systems. In an SI system, the task is to identify
the speaker of the input speech utterance from a set of enrolled speakers. In contrast, an SV
system takes not only the speech samples but also an identity claim as inputs and decides whether
the input speech belongs to the claimed speaker or not. The predominant applications of SI and
SV technologies lie in person authentication and forensics. Among all the different variants of
speaker recognition technologies mentioned above, text-independent SV is considered to be the
most challenging one and is the focus of research in recent years. In last two decades, the SV
technology has made a considerable progress and achieved an accuracy that makes it deployable

for many practical applications.

1.1 Review of current SV approaches

Typical SV systems use short-term features for parameterization of speech and employ either a
generative or a discriminative model for classification. The most successful short-term features are
mel frequency cepstral coefficients (MFCC) [2] and perceptual linear predictive cepstral coefficients
(PLPCC) [3]. For modeling the speakers, most commonly a Gaussian mixture model (GMM) [4] is
used. In this approach, typically a few thousands of Gaussian components are used to capture the
distribution of feature vectors of a given speaker and the parameters of the same are estimated using
the available training data. For verifying a claim, the likelihood of the test data feature vectors are
computed over the GMM that corresponds to the claimed speaker. Usually an approach involving
the adaptation of the mean parameters of a universal background model (UBM) [5] using the
speaker training data is followed to derive the speaker models. The UBM is a GMM trained using
a sufficient amount of speech data from a large number of speakers by following the maximum
likelihood (ML) approach. Thus it accounts for the speaker-independent distribution of speech
feature vectors. For adaptation of the UBM mean parameters using the speaker dependent data,

usually the maximum a-posteriori (MAP) approach is followed. This speaker modeling approach
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is generally termed as GMM-UBM in short.

Support vector machine (SVM) is a discriminative classifier and is also widely used for speaker
verification [0,[7]. The SVM is a binary classifier which uses a separating hyperplane as the
decision boundary between the target speaker and the imposter (non-target speakers) population.
The separating hyperplane that maximizes the margin of separation between these two classes is
learned in the training phase. In the testing phase the decision is taken based on the distance of
the test vector from the hyperplane that corresponds to the claimed speaker. For developing an
SVM based SV system, an appropriate kernel function is used to map the speech utterances of
arbitrary durations to a fixed and high-dimensional kernel space where the two classes are easier
to separate with a hyperplane. In fact the linear hyperplane in the high-dimensional kernel space
corresponds to a nonlinear decision boundary in the input feature vector space. There exists a
number of kernels [I] which can be grouped into either parametric or derivative ones. Fisher
kernel [8], GMM-supervector kernel [9], maximum likelihood linear regression (MLLR) kernel [10]
and cluster adaptive training (CAT) based kernel [I1] are a few to mention and among those the
GMM-supervector kernel [12] happens to be the most commonly used one. A GMM supervector
is derived by concatenating the mean parameters of all components of the speaker-adapted GMM-
UBM model to form a high dimensional vector. Apart from individual kernel based approaches, the
combination of multiple kernel functions has also been explored to improve the performance [13].
The SVM based SV systems have generally been found to outperform the traditional GMM-UBM
likelihood based approaches.

Exploiting the fixed dimensional representation of the utterances provided by GMM supervec-
tors, a number of session/channel variability compensation methods such as nuisance attribute
projection (NAP) [14], linear discriminant analysis (LDA), within-class covariance normalization
(WCCN) [15], joint factor analysis (JFA) [16] have also been developed. Majority of the current
SV systems use a low dimensional representation of GMM supervectors called i-vectors [17], de-
rived using factor analysis for representing the speaker utterances. The earlier i-vector based SV
systems [17] used a simple cosine distance based classifier along with NAP/WCCN and LDA for
channel compensation. Later in [I8], a Bayesian approach referred to as probabilistic linear dis-
criminant analysis (PLDA) that performs simultaneous channel compensation and classification
was proposed. The PLDA based SV system uses a generative approach to model the speaker

and channel subspaces in the i-vectors domain. The hyper-parameter matrices representing the
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speaker and channel subspaces are learned offline using a labeled development data. Given an
i-vector representing the training utterance of a target speaker, the latent variables corresponding
to the speaker and channel subspaces are estimated. The likelihood of the test data i-vector is com-
puted from the marginal density function obtained by integrating the channel factors out. In [I§],
heavy-tailed priors are assumed for the latent variables to handle the non-Gaussian nature of the
i-vectors and the resultant model is known as heavy-tailed PLDA (HPLDA). In the simplified
Gaussian PLDA (GPLDA) model proposed in [19], a radial Gaussianization (whitening) followed
by length normalization is applied on the i-vectors and Gaussian priors for the latent variables are
assumed. The GPLDA approach is reported to be much faster compared to HPLDA without any
degradation in performance and is the most commonly pursued one at present.

In the last few years a lot of interest is generated about sparse representation of signals which
provides new directions to signal processing research [20]. Sparse representation denotes the process
of computing the sparsest solution among the infinitely many solutions available for a redundant
system of linear equations. In sparse representation literature, the coefficient matrix of the linear
system of equations is generally termed as dictionary and the columns of the dictionary are called
as atoms. SR has been exploited successfully for various signal processing tasks like de-noising,
compression etc. Recently the discriminative abilities of SR have also been exploited in various
areas of applied pattern recognition. The signal classification using SR was first proposed by
Huang et. al. [21] and later Wright et. al. [22] exploited it for the face recognition task. In the
SR based classification, an exemplar dictionary is created by arranging the training examples
corresponding to all classes in the task as atoms. A target vector is then approximated as a sparse
linear combination of the atoms of the dictionary. The class assignment is done by comparing
the absolute sums of the sparse coeflicients corresponding to the atoms belonging to different
classes. Motivated by the excellent performance reported for the face recognition task, the SR
based classification is explored for the speaker identification task in [23] using GMM supervectors
as speaker representations. Later in [24], the same approach is extended to the SV task using a
set of background (non-target) speakers. For the verification of each claim, a dictionary is created
using the examples of the claimed speaker along with that of the background speakers, and the
test vector is sparse coded with that dictionary. In the sparse code, the coefficients corresponding
to the claimed speaker atoms are compared to those corresponding to the imposter speaker atoms

with a suitable metric [25]. In [26,27], the same idea is explored with i-vectors as the speaker
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representations. These SR based SV approaches are reportedly found to give competitive but lower
performances in comparison to their corresponding baselines when evaluated on the NIST 2006
and 2008 speaker recognition evaluation (SRE) datasets. Unlike the above discussed approaches,
in [28] an exemplar dictionary created directly using the MFCC features is used for the SR based
SV task. The developed system is reported to give inferior but complimentary performance to the
GMM-UBM based one and thus an improvement is obtained with the fusion of the two systems.

Apart form the above described approaches, there are a few works in literature exploiting
non-negative matrix factorization (NMF) to obtain sparse representations for speaker recognition.
In [29], non-negative tensor principal component analysis with a sparsity constraint in spectro-
temporal domain is used to extract features for a closed-set speaker identification task. The
proposed features showed improved noise robustness when compared to the traditional features like
LPCC and MFCC. In [30], NMF of GMM supervectors is used to derive sparse and discriminative
representations of speakers and the corresponding SV system is found to outperform a GMM-UBM
baseline system on a Putonghua (Mandarin) corpus [31]. In [32], NMF is used to derive sparse
vectors from the spectrograms of speech to represent speakers and these representations are then
used to perform text-dependent speaker identification. The reported experiments show the higher
noise robustness of the proposed system in comparison to the GMM-UBM based and the hidden
Markov model (HMM) based baseline systems.

1.2 Motivation to the work

As mentioned in the above section, the current SV approaches predominantly use GMM mean
supervectors as a fixed dimension representation of the speaker utterances. For reducing the
dimensionality of the supervectors, the factor analysis based i-vector approach uses a projection
matrix that represents the subspace where the principal variations in the data lie. In the i-vector
framework proposed in [17], the learning of the subspace matrix as well as the computation of
projection is done following maximum likelihood criterion. This approach has close similarity with
principal component analysis (PCA) which is based on a minimum error criterion. In other words,
the i-vectors can be interpreted as being derived minimizing the representation error. To enhance
the discrimination between classes, generally the i-vectors are processed with various additional
transformations such as NAP, LDA and WCCN. On the other hand, in the SR based approaches

described above, a discriminative projection of the supervectors is intended. But, unlike the i-
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vector based one, the SR based approaches use an exemplar matrix (dictionary) and that may not
generalize well in absence of any learning. The existing SR base methods also suffer from certain
other shortcomings such as the need for selecting an optimal set of background speakers and the
requirement of multiple examples for each speaker. Interestingly, despite these issues the SR based
approaches are reported to perform competitive to the i-vector based one.

Considering the above mentioned facts, we hypothesis that an SV system that can exploit the
positive aspects of both the i-vector based and the SR based approaches would result in a better
performance. The work reported in [33] tries to replicate the probabilistic JFA approach with a
non-probabilistic signal coding framework. Though this work can be seen as the first step towards
building the link between the factor analysis and sparse representation based approaches, it does
not try to exploit the possible advantages in terms of discrimination achieved due to the sparsity
in speaker representations. Motivated by these, in this work we first propose the use of a learned
dictionary to address the shortcomings in the exemplar dictionary based approach and to exploit
the generalization achieved with learning. The proposed approach is then extended by the use of
a joint speaker-channel dictionary which provides a built-in compensation of the session/channel
variability.

Despite the success of the i-vector approach in representing speaker utterances in low-dimensional
space, it is noted to have some shortcomings too. The main problem lies in high complexity of
the i-vector computation process which is further aggravated by requirement of a large amount
of memory for the storage of transformation matrix and the algorithm-specific variables. In re-
cent past, these issues have attracted the attention of researchers and a few works simplifying the
i-vector computation are already reported in literature. An approach presented in [34] uses two
approximations to reduce the number of computations. The first one is the use of a constant GMM
component alignment across utterances given by the UBM-GMM weights. The second assumption
is that the i-vector extractor matrix can be linearly transformed so that its per-Gaussian compo-
nents are orthogonal. In [35] the factor analysis (FA) is performed on the pre-normalized centered
GMM first-order statistics supervector to ensure that the statistics sub-vector of each of the Gaus-
sian components is treated equally in the FA, which reduces the computational cost significantly.
In addition the matrix inversion term is simplified using a look-up table based approach which
resulted in further speed up with only a small quantization error. A fast i-vector computation

using the factored sub-space approach is also proposed that achieves a five fold reduction in the
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memory required for storing the T-matrix, without degradation in performance [36]. In literature
data-independent projection approaches using random matrices are reported to provide a viable
alternative to the data-dependent ones [37]. In this work we have also tried to reduce the computa-
tional burden in the front-end of SV system with the use of a few low-complexity data-independent

projections.

1.3 Contributions in the thesis

The thesis mainly deals with the application of sparse representation techniques and exploration
of some efficient data-independent projections for speaker verification. The salient contributions

made in this thesis are summarized below:

e An SV system that uses sparse representation of GMM supervectors over a learned dictionary
is proposed. Both simple and discriminative methods are explored for learning the dictionary
in the supervector domain.

e For enabling built-in session/channel variability compensation, an approach using the joint
sparse coding over speaker and channel dictionaries is developed.

e The proposed systems employing the SR over learned dictionary are evaluated on a large
multi-variability dataset that includes test utterances recorded over multiple-channels, of
varying durations and with ambient noise.

e For reducing the high computational complexity in the front-end of the present SV sys-
tems, the use of data-independent random and non-random (decimation) projections for the
dimensionality reduction of GMM supervectors is explored.

e A novel SV system that exploits the diversity among the representations obtained by using

different offsets in the decimation of the GMM supervectors is developed.

1.4 Organization of the thesis

The rest of the thesis is organized as follows. The Chapter [2] describes various modules of
a typical SV system and reviews the most commonly used techniques for realizing each of the
modules. The state-of-the-art SV approaches are also described in detail which are used to contrast
the efficacy of the SR paradigm pursued in this work.

In Chapter [3 first the existing approaches of speaker identification and verification using SR

over an exemplar dictionary in GMM supervector domain are described and major drawbacks
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in them are highlighted. It is followed by the presentation of the proposed speaker verification
approach exploiting the SR over learned dictionary. Dictionary learning using both simple and
discriminative approaches are presented. For session/channel compensation in the proposed SR
based systems, the supervectors are preprocessed with JFA prior to dictionary learning. In addition
to the SR over exemplar dictionary based system, an i-vector based system with cosine kernel
scoring and session/channel compensation with LDA and WCCN is also implemented and used as
contrast system. The evaluation and analysis of the performance of the proposed as well as the
contrast systems performed on the NIST 2003 SRE dataset, is also presented.

In Chapter[d] the proposed approach of SV using sparse representation over a learned dictionary
has been extended to achieve built-in session/channel compensation. This is achieved with help of a
novel approach developed exploiting the joint sparse coding over speaker and channel dictionaries.
On contrasting with the i-vector PLDA system and the SR over exemplar dictionary and the
learned dictionary based systems with session/channel compensation using JFA, the efficacy of
the proposed joint sparse coding approach is highlighted. The various SV systems are built and
evaluated on the NIST 2012 SRE dataset. The performance of the proposed system is analyzed for
the utterance durations and noisy conditions in the test data. A comparison of the computational
complexity of the proposed as well as the contrast systems are also provided.

Chapter[Bldeals with the development of a low-complexity SV system by using data-independent
projections for reducing the dimensionality of GMM mean supervectors. This is motivated by the
high computational complexity and memory requirement involved in the i-vector representation
based SV systems. Data-independent projections using random matrix, sparse random matrix
and decimation operation are used. The concept is initially explored in context of a speaker
identification system using SR based classification on the NIST 2005 SRE dataset. The low-
complexity data-independent projections are then used in a PLDA based SV task. The experiments
performed on the NIST 2012 SRE dataset to evaluate the performance of the proposed approaches
are also presented. A novel SV system that exploits the diversity among the representations
obtained by using different offsets in the decimation of supervector, is also proposed. The results
are presented and the comparative analysis of the complexity of various systems are performed.
Finally, the thesis is summarized and the future directions of the work are discussed in Chapter [6l
The details of the key algorithms used for sparse coding and dictionary learning are presented in

Appendix [Al and Appendix [Bl respectively.
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2.1 Signal processing and parameterization

The primary objective of this chapter is to provide the necessary context to the art of speaker
verification by machines which forms the focus of the thesis. To serve the same, the various com-
ponents of a typical text-independent SV system are described. The overall SV system comprises
of two modules namely the training (enrollment) module and the testing (verification) module.
The enrollment module of an SV system accepts the speech data from target speakers and creates
the corresponding speaker models. The verification module accepts the test speech utterances
and their corresponding speaker claims as inputs. It then verifies each of the claims and output
its decisions by either accepting or rejecting it. Figure 21 shows the block-diagram of a generic
SV system. The different blocks involved in the enrollment the verification modules are shown
separately. The functionality of each of the blocks and the most commonly used techniques for

realizing those are described in the following sections.

2.1 Signal processing and parameterization

The purpose of the signal processing and parameterization module is to remove silence portions
from the raw speech and to transform the speech signal into feature vectors information about the
speaker space is enhanced while suppressing the redundancies [38]. The task of removing silence
from raw speech is usually performed with the help of a voice activity detector (VAD). Once the
regions containing speech in an utterance are identified by the VAD, the remaining portions are
treated as silence/non-speech and so are discarded. A simple VAD that uses signal energy to

classify speech and silence regions works satisfactorily for telephone quality speech [I]. In that

Signal .
. Speaker Session/channel
—p Processing & > | |—»| X
. . Modeling Compensation
Training Parameterization
Speech TRAINING (ENROLLMENT)

TESTING (VERIFICATION)

Identity
Claim Speaker
Models
M“r Signal Session/channel Pattern Score Decision
—> Processing & —> R —» X >l L > X —>
Test Parameterization Compensation Matching Normalization Logic Accept/Reject
Speech

Figure 2.1: Block-diagram of a generic speaker verification system.
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method, a threshold derived from the average energy of the utterance is compared with the energy
of each of the signal frames to decide whether the corresponding frame belongs to speech or silence
category. The major disadvantage of an energy based VAD is its sensitivity to additive noise.
Among the many advancement proposed to address this problem, the simplest one is the use of
two thresholds in the energy based VAD to enhance its effectiveness in noisy conditions [39]. The
two thresholds, out of which one is used for noise and the other for speech, are kept adaptive to
the noise level and are derived using a sliding mean calculation of noise signal energy. The noise

signal energy E,(k) for the k' frame of speech is computed as,

En(k) = p1Bn(k —1) + (1 — ¢1)E(k) (2.1)

if the fame is identified as speech and as,
En(k) = @2Bn(k — 1) + (1 — @2) E(k) (2.2)

if the fame is identified as noise. ; and o are the adaptation parameters and their typical values
lies in the ranges of [0.85,0.95] and [0.98,0.999], respectively. The noise threshold 7;,(k) and speech

threshold T (k) for the k™" frame are defined as,

To(k) = En(k) + nn (2.3)

Ts(k) = En(k) + ns (2.4)

where 7, and 7, are the additive constants and their typical values fall in the ranges of [0.1,0.4]
and [0.5, 0.8], respectively. The first few frames in the utterance are assumed to be the noise frames
and the thresholds are initialized accordingly. When the energy of a given frame is greater than
the speech threshold, the frame is identified as speech and when the energy is lower than the noise
threshold then it is identified as silence. The use of two thresholds form a hysteresis and avoids the
problem of fast changes in the detection which are obtained if a single threshold is used. In addition
to the short-time energy profile, the VADs based on spectral entropy [39] and negentropy [40] are
also explored for very low SNRs. A recently proposed likelihood ratio based VAD [41] that trains
speech and non-speech models on an utterance-by-utterance basis is reported to outperform the
energy based VAD by a wide margin for noisy telephone and microphone speech.

Speech is a non-stationary signal and therefore it is processed in short frames of about 20-
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30 milliseconds in duration. These speech frames are assumed to be stationary and appropriate
acoustic parameter vectors are derived from each of the frames. The majority of the acoustic
parameterization techniques used for SV task are based on spectral features. Such methods cap-
ture the short-term spectral envelope which is correlated to the timbre as well as the resonance
properties of the supralaryngeal vocal tract. The commonly used short-term spectral features are
MFCC [2], LPCC [42], line spectral frequency (LSF) [42], and perceptual linear prediction (PLP)
coefficients [3], with MFFCs being the most popular among those. Before computing the features
the speech frames are usually pre-emphasized to boost the higher frequencies and a applied with
suitable window function in order to reduce spectral leakage effect due to the short-term process-
ing. Hamming and Hanning windows are the most commonly used window functions. Recently
the use of multi-taper window [43] and a windowing technique that inherently performs frequency
domain differentiation [44] for short-term analysis are also shown to be advantageous for SV tasks.

For computing the MFCC features, the fast Fourier transform which is an efficient imple-
mentation of discrete Fourier transform is used to analyze of frequency content of each of the
speech frames and the corresponding magnitude spectrum is extracted. The magnitude spectrum
of a frame is then multiplied with a triangular filter-bank whose center frequencies are uniformly
spaced on the Mel-scale to derive the nonlinearly (Mel) warped spectrum coefficients. A logarith-
mic compression of the magnitude of the Mel-warped spectrum followed by the inverse mapping
with discrete cosine transform results the MFCC coefficients. The first and second order derivatives
of the MFCC coefficients are often appended with the base features to incorporate some temporal
information. The resultant feature vectors are attributed to represent the static and dynamic
characteristics of the vocal tract and are reported to provide good verification accuracy [5]. To
reduce the effect of convolutive acoustic channel from the feature vectors cepstral mean subtraction
(CMS) and cepstral variance normalization (CVN) are also performed.

Voice source features those characterize the glottal excitation signal of voiced sounds carry
speaker specific information and have been exploited for speaker verification [45H48]. The salient
voice source features used for speaker verification include the fundamental frequency, the glottal
pulse shape, the degree of vocal-fold opening and the duration of the vocal-fold closing phase.
With an assumption that the glottal source and the vocal tract are independent of each other, the
source signal can be estimated by first estimating the vocal tract filter parameters and then inverse

filtering the original waveform. The estimation of the vocal tract filter parameters can effectively
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be done using methods like linear prediction (LP).

Various parameterization techniques characterizing the prosodic features such as syllable stress,
intonation patterns, speaking rate and rhythm are also been explored for speaker verification [49-
51]. In addition to these, the high-level features such as a speakers characteristic vocabulary
(idiolect) [52] are also used for speaker verification. The voice source feature, prosodic features
and high level features generally produce lower speaker verification performance compared to the
short-term spectral features, but these are noted to provide significant performance improvement

on augmentation with the former [I].

2.2 Speaker modeling techniques

The feature vectors extracted from the training speech data of the target speakers are used to
train the corresponding speaker models and those are stored in the database of the system. Based
on the nature of the approach followed, speaker modeling techniques can be divided into parametric
and non-parametric ones. In non-parametric approaches, a representation of the training examples
of each of the target speakers is derived in the enrollment phase and used as the templates. During
testing these target speaker templates are compared with the test examples to obtain a measure of
similarity. Vector quantization (VQ) [53] and support vector machines (SVM) [6] are examples of
nonparametric models used for text-independent SV. On the other hand, parametric approaches
use stochastic models to characterize the generation of the speech feature vectors. In the enrollment
phase, the parameters of target speaker models are estimated using their corresponding training
data. In the verification phase, the likelihood of the test data over the claimed speaker model is
computed and is used as the measure of similarity.

Another classification of speaker models based on the training paradigm used is into genera-
tive and discriminative categories. Generative models computes the posterior probability of the
unknown speaker given the observed data by using a learned likelihood function and the Bayes
rule. On the other hand, the discriminative modeling approaches tries to compute the posterior
probability directly from the observed data by applying suitable discriminative rules. The speaker
modeling approaches based on GMM and VQ fall in the generative category as these estimate the
feature distribution for each speaker, while those based on artificial neural networks (ANNs) [54./55]
and SVMs model the boundary between speakers so are examples of the discriminative category.

A few of the most commonly used speaker modeling approaches are described in the following
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subsections.
2.2.1 Gaussian mixture model

Gaussian mixture model (GMM) is composed of a finite number of multivariate Gaussian
components and is used to model the probability density function (PDF) of the feature vectors. A

GMM denoted by # can be expressed as,

C
p(x|9) = Z ch(x; He, Ec)’ (2'5)
c=1

where, x is the d dimensional feature vector, C' is the number of Gaussian components in the
model and N (.) denotes the Gaussian density function. The parameters w,, p. and X. represent
the mixture weight, mean vector and covariance matrix of the ¢® mixture component. Further,

the multivariate Gaussian density function is defined as,

1 1
N(z; pe, Be) = anirz e =P {—5(50 —pe) (- Hc)} : (2.6)

For using GMM as a speaker model, the parameters {we, ., Ec}g’;l are required to be estimated
using the corresponding speaker’s training data. These parameters are estimated following the
maximum likelihood (ML) criterion with the help of expectation maximization (EM) algorithm.
On account of the computational constraints and the limited amount of available training data

per speaker, generally the diagonal covariance matrices are used in modeling [4].
2.2.2 Adapted universal background model GMM

Typical text-independent SV systems use GMM having few thousands of mixture components
to achieve a reasonable performance. To ensure that all of the mixture components are well-
trained, a large amount of speaker-specific data is needed. Finding that much data per speaker
is not trivial and to overcome this challenge, a Bayesian adaptation based approach is proposed
in [5] for training speaker models. In this approach, a speaker-independent GMM called universal
background model (UBM) is used for deriving the speaker models. A UBM is trained using
hundreds of hours of speech data obtained from a large number of speakers and it represents the
distribution of speaker-space in general. To obtain a speaker-dependent GMM, the parameters
of the UBM are adapted using the speaker-dependent training data by following the maximum

a-posteriori (MAP) approach. Even though all the parameters can be adapted only the mean
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{wla 217 M1 }Adapt.

{w1, 31, 1 }uBm
{wa, Ba, p2} Adapt.

{wa, Ba, po }uBm

: .35,
{w37 33, “3}UBM {w3 3 MS}Adapt.

Figure 2.2: Illustration of the mean only adaptation of a UBM-GMM where the ellipses represent the
multivariate Gaussians of a GMM having three components.

parameters are adapted in general as it is found to be effective.

Given a UBM parametrized by Oypy = {we, pe, Zc}cczl, the MAP adaptation process of its
mean parameters using the speaker-dependent data vectors X = {@1,x2,..., @7} is performed as
follows. The posterior probability p(c|x¢, fusm) of the mixture component ¢ for a data vector xg

with respect to Oy pas is computed as,

ch(il?t; He, Xc)

p(C|iL’t, GUBM) = (27)
el N (s i, )
Using p(c|x¢, Oy par) the sufficient statistics for estimating the mean are computed as,
T
0" order statistics: N, = Zp(c|a:t, Oupn) (2.8)
t=1
1 T
1% order statistics: F, = — Zp(c]a:t, Oupnm )Tt (2.9)
N t=1
Then, the MAP adapted mean vector p!, corresponding to mixture ¢ is computed as,
p. = a.F.+ (1 — ac)pe (2.10)

where «. is the parameter that controls the contributions of the prior and the data. Fig. shows

an illustration of mean only adaptation of a 3-component GMM of two-dimensional data.
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1,1

1,2
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Figure 2.3: Illustration of extraction of a GMM mean supervector where the ellipses represent the mul-
tivariate Gaussian of an adapted GMM. In this work only adapted mean parameters of the Gaussian
components are used for deriving the supervectors and no normalization by the /w; %; /2 4 incorporated
as suggested in [1].

2.2.3 GMM mean supervector representation

Apart from the likelihood based approaches, the SVM classifier is also been widely explored
for the SV task [6,12,56]. For developing an SVM based SV system, the speech utterances
of arbitrary durations is needed to be mapped to a fixed and high-dimensional space. This is
generally performed with the help of an appropriate kernel function. There exists a number of
parametric and generative kernel functions for this task. Fisher kernel [8], GMM-supervector
kernel [9], maximum likelihood linear regression (MLLR) kernel [10] and cluster adaptive training
(CAT) based kernel [I1] are a few to mention and among those the GMM-supervector kernel [12]
happens to be the most commonly used one. GMM mean supervectors are created by concatenating
the mean vectors corresponding to a speaker adapted GMM-UBM and it provides an effective way
of representing a speaker utterance of arbitrary duration in terms of a fixed dimension vector.
Figure 2.3 illustrates the creation of a GMM mean supervector from an adapted GMM. Such a
representation has opened the possibility of the use of many other classifiers other than SVM such
as simple cosine distance and Bayesian classifier with probabilistic linear discriminant analysis
(PLDA) modeling for speaker verification [I8,[19]. The advent of GMM mean supervector also led
to the development of many highly effective session/channel compensation techniques [15,16]57]

which are discussed later in this chapter.
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2.2.4 i-vector representation

The GMM mean supervectors are found to be effective in representing speaker utterances,
but are noted to be highly redundant in terms of speaker-dependent information. To reduce
redundancy in the representation, commonly a factor analysis (FA) based approach is used in
the front-end of SV systems [17]. In factor analysis, a given supervector is decomposed into an
utterance-independent component and a low-rank utterance-dependent component. Thus a GMM
mean supervector y is modeled as,

y=p+Tw+e (2.11)

where p is the utterance-independent component, Tw is the utterance-dependent component and e
is the modeling error. Generally the UBM mean supervector is substituted for p. T is the low-rank
total-variability matriz (T-matrix) that represents the dominant speaker and channel variabilities
present in the supervector. w is the factors or the latent variable vector and is assumed to have
a standard Gaussian prior distribution.

The T matrix is learned iteratively using a large amount of speech data with the help of the EM
algorithm. Given T and the UBM, the MAP point estimate of the latent variable w corresponding
to a supervector y is computed as the mean of the corresponding posterior distribution and the

closed form solution for the same is given as,
w=I+TES'NT)'T'S'NF (2.12)

where, N and ¥ are matrices whose diagonal blocks are N.I and 3. respectively, and I is the
identity matrix. N, is the 0" order statistics derived from data for on the ¢* component of the
UBM and X, is the covariance matrix of the ¢/ component of the UBM. The vector F is obtained

by concatenating the component-specific centered 1%¢ order statistics which is computed as,

E

- 1
Fc = F p(C|ZCt, QUBM)($25 — uc). (2.13)
€ =1

The variables in Equation [2.13] are same as that defined in Subsection 2.2.2] The estimated latent
variable w is referred to as the identity vector (i-vector) and it is treated as a compact and fixed

dimensional representation of the speaker utterance.
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p
Figure 2.4: The joint factor analysis of speaker and channel variability is based on a decomposition of the

form y = p 4+ q. The vector y is the GMM mean supervector representation for a given recording, p is the
speaker component and q is the channel component.

2.3 Session/channel compensation methods

The performance of SV systems usually get severely affected due to the mismatch of session, re-
coding channel and environment conditions between the training and test data. These mismatches
are generally termed as the session/channel variability in literature. The compensation for these
have become an integral part of the current SV systems to achieve good performance in practical
conditions. In the following the salient session/channel variability compensation methods that are

commonly used are described briefly.
2.3.1 Joint factor analysis

Joint factor analysis (JFA) uses a generative model to separate the speaker and session/channel
components in the GMM supervector representation of a speaker utterance [16]. It is assumed that
the speaker and channel spaces are orthogonal to each other and hence a supervector y can be

decomposed into a the speaker-dependent and a channel-dependent components as,

Y :p+q (2.14)

where p and q are the speaker and channel components of the supervector, respectively. The

channel subspace is assumed to be low-rank and hence the component q is explicitly modeled as,
q=Uu (2.15)

where U is a rectangular matrix representing the the channel subspace and w is the channel factor
vector corresponding to the given utterance. Further, the speaker component p is assumed to have

a speaker and channel independent component g, a low-rank (eigen-voice) component Vv and a
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2. Speaker Verification System: Structure and Techniques

full-rank component Dd as,

p=p+Vv+Dd (2.16)

where V' is a low-rank matrix, and D is a diagonal matrix, both representing the speaker variability.
The vectors v and d represents the corresponding factors. The component Dd is found to be less
effective in limited data conditions and is avoided in general. The resulted simplified JFA model
becomes,

Y gt Unt Vo (2.17)

The UBM supervector is a good approximation for the speaker independent component g. In the
parameter estimation stage, a maximum likelihood based discriminative training is used to learn
the matrices U and V using large amount of labeled speaker data. The matrices are learned in an
iterative manner using EM algorithm [58]. Given the parameters of the JFA model, the speaker
and channel factors can be jointly estimated by using the matrix obtained by augmenting U and
V instead of the T' matrix in Equation The channel compensated supervector is given by

Vo, where v is the estimate of the speaker factors.
2.3.2 Linear discriminant analysis

Linear discriminant analysis (LDA) is used to perform session/channel compensation of i-vector
representations by enhancing the separability between speakers. The data vectors are projected
down to a set of new orthogonal axes where the discrimination between different classes (speakers)
is maximum. The LDA projection matrix is composed by the eigen vectors corresponding to the

most significant eigen values of the eigen analysis equation,

(W™ B)z = \z (2.18)
where W is the within-class covariance matrix, B is the between-class covariance matrix, z is the
variable representing eigen vector, and A is the corresponding eigen value [17].

2.3.3 Within-class covariance normalization

Within-class covariance normalization (WCCN) is another linear transformation method widely
used to compensate the effects of session/channel mismatch in the supervector and the i-vector
representations [I5l[I7]. The transformation minimizes the upper bounds on the classification error

metric and hence minimizes the classification error. The transformation matrix B is obtained by
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2.4 Pattern matching and score normalization

Cholesky decomposition of the inverse of the within-class covariance matrix W as,
w~!=BBT (2.19)
2.3.4 Nuisance attribute projection

In nuisance attribute projection (NAP) method objective is to find the nuisance subspace which
represents the channel /session variabilities [56]. The data is projected to the complimentary space

of the nuisance subspace for compensation. The projection matrix P is given as,
P=1-RR" (2.20)

where R is a rectangular matrix containing the eigen vectors corresponding to few of the top eigen

values of the within-class covariance matrix.

2.4 Pattern matching and score normalization

The pattern matching module choses the speaker model according to the identity claim input
and compute the verification score of the test data on the selected model. This verification score
is the measure of confidence of the system in the hypothesis that the input speech utterance is
generated by the claimed speaker. The method of computing the verification score depends on the
kind of the speaker modeling technique used. The score computation methods that are commonly
used with various speaker modeling approaches, discussed in Section 2.2] are described in the

following.
2.4.1 Likelihood ratio scoring with GMM modeling

In SV systems using parametric speaker modeling approaches like GMM or GMM-UBM, the
likelihood of the test data vectors on the claimed speakers model is used as the score for verification.
Usually, the feature vectors of a test utterance X are assumed to be independent and identically

distributed (IID), so the likelihood of a claimed speaker model 6. for a sequence of feature vectors,

X ={x1,x2,...,xN}, is computed as,
N
p(X|6c) = [ ] p(xnlbe) (2.21)
n=1
21
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2. Speaker Verification System: Structure and Techniques

The likelihoods over the claimed model is often normalized with the likelihood on the UBM model
to obtain the log-likelihood ratio (LLR) score as,

p(X16.)
p(X|0uBnr)

HnNzl p(mnlac)
HnN:1 p(illn WUBM)

N N
= ) logp(@alfe) = D> log p(wnlbusar) (2.22)
n=1 n=1

LLR Score = log

= log

2.4.2 Cosine distance scoring

With GMM mean supervectors or i-vectors as the speaker utterance representations, SVM can
be used for pattern matching [17,[56]. The representations for both the training and test speech
utterance are derived and the SVM classifier is used to compute the verification score. Later it
was shown in [59] that the use of a simple cosine distance measure between training and test data
representations provides better performance compared to the SVM classifier for SV tasks. This
is due to the fact that, in most of the publicly available SV databases like NIST SRE datasets,
only a few utterances are is available to train each speaker. As a result of this, the training of
SVM becomes suboptimal and it fails in achieving its effectiveness in such conditions. The cosine

distance score is computed as,
< Welm- Wist >

||wclm||2 ||1i7tst||2

Score = (2.23)

where W, and W represent the representations of the training and the test utterances, respec-

tively, and the operators have the usual meaning.
2.4.3 Bayesian classifier with probabilistic linear discriminant analysis

Probabilistic linear discriminant analysis (PLDA) [60)] is a stochastic approach which is recently
been explored for performing SV task in the i-vector domain [18,19]. In PLDA, an i-vector w

corresponding to a speaker utterances is represented using a generative model as,

w=p+Hh+Gg+e¢ (2.24)

where, p is the global mean of i-vector population, H and G are the matrices representing the
speaker and channel subspaces respectively, h and g are the speaker and channel factors, respec-

tively with each having standard normal prior distribution, and e is the residual factor having
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2.4 Pattern matching and score normalization

standard normal prior with diagonal covariance. In [I§], heavy-tailed priors are assumed for the
latent variables for handling the effect of outliers in the data and the model is known as heavy-tailed
PLDA (HPLDA). Later in [19] a simplified version of PLDA has been proposed which ignores the
term Gg and assigns standard normal prior to the latent variables. The residual term is modeled
with Guassian distribution with zero mean and non-diagonal covariance denoted by S. A Gaus-
sianization process consisting of whitening followed by length normalization is performed on the
i-vectors prior to modeling and testing. This approach is commonly referred to as Gaussian PLDA
(GPLDA) and reported to provide performance similar to that of the HPLDA with a much lesser
complexity.

The parameters of the GPLDA model {p, H, S} are learned with the help of EM algorithm on
a development dataset. Given the length normalized i-vectors wg;,, and wsg corresponding to the
claimed speakers training utterance and the test utterance, respectively, the log-likelihood ratio

score using the GPLDA model is computed by a hypothesis test as,

p(wclma ’wtst|rs)
p(wclm|rd)p(wtst|rd)
fp(wclma Wtst, hclm’py S)dhclm
fp(wclmhclm|pv S)dhclm fp(’wtsta htst|/)a S)dhtst
fp(wclmv wtst) |p’ S)p(hclm)dhclm
fp(wclm|/0a S)p(hclm)dhclm fp('wtst|pv S)p(htst)dhtst
N ([, al)” | [o7o") HAT + ) (2.29
= 2.25
N ([wh,wh )" |67 p"]" diag (HHT + S, HHT + S})

LLR Score = log

clm
where I's is the hypothesis that both w.;,, and wys share the same speaker identity latent variable
h while T'y is the hypothesis that w,;,, and w;s are generated by different speaker identity latent

variables hi and hs. H= [HTHT]T

and S = diag {S, S}, where the operator diag{.,.} creates a
block diagonal matrix by placing the arguments across the diagonal. The final closed-form solution

for the LLR score is derived as,

LLR Score = C + wz;meclm + wa;thwtst + sz;mP'wtst (2.26)
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where
1 1 T
C = 5| Doll = 5 | D1l + p7(P + Q)p

P=A"1®(A-dA1®)?

Q=A"1'—(A-0oA1P)!

A=HHT +8
d=HH"

A P A0
D, = , Dy =

o A 0 A

2.5 Score normalization and calibration

The main purpose of score normalization is to transform scores from different speakers into a
similar range so that a common (speaker-independent) verification threshold can be used. Score
normalization can correct some speaker-dependent score offsets not compensated by the feature

and/or the model domain methods like CMN, CVN and JFA etc. The normalizes score t' for a

verification score ¢ is computed as follows.

(2.27)

where m and v are the mean and variance computed from a set of imposter scores, respectively.
The zero normalization (Z-norm) and test normalization (T-norm) are the two popular score
normalization approaches. In Z-norm, the impostor statistics m and v are are target speaker
dependent and they are computed off-line in the speaker enrollment phase. This is done by scoring
a set of non-target (imposter) speaker utterances against the target model and obtaining the mean
and standard deviation of those scores. In T-norm, the parameters are test utterance dependent
and hence they are estimated at the time of verification. This is done by matching the unknown
speakers feature vectors against a set of impostor models and obtaining the statistics [I]. The
verification scores are often calibrated for better comparison against a fixed threshold or for the
purpose of fusing with scores generated by another classifier. Score calibration is particularly
important for the systems those generate a non-likelihood scores (e.g. CDS score) whereas the

likelihood scores are required for decision making. In such cases the calibration process is used to
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map the obtained scores to the likelihood values and the process involves a scaling and shifting
operation. The parameters for calibration can be learned effectively form a set of development trial
scores using the logistic regression. BOSARIS [61] is a well-known toolkit used for performing the

logistic regression based score calibration.

2.6 Summary

In this chapter, the structure of a typical speaker verification system is described. The state-
of-the-art speaker representation approaches viz. GMM mean supervector, factor analysis based
i-vector and the corresponding classifiers used are explained in detail. Various session/channel
compensation and score normalization techniques are also presented. Some of the discussed ap-
proaches and techniques are used in later chapters to provide the contrast to the different sparse

representation based SV approaches explored in this thesis.
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3. Sparse Representation over Learned Dictionary based Speaker Verification

In the last few years, a number of speaker recognition systems exploiting sparse representation
classification (SRC) using different types of speaker representations have been proposed. These
works are motivated by the success of SRC for the face recognition task [22] especially in noisy and
occluded conditions. The earliest work [23] explored the sparse representation over an exemplar
dictionary for speaker recognition. In that work, the exemplar dictionary is created by arranging
the GMM mean supervectors corresponding to the speaker utterances in the training dataset
as columns. The supervector representing the test utterance is represented as the sparse linear
combination of the columns of that dictionary. The test supervector is assigned to the class
associated to the atoms having the highest non zero coefficients in the sparse vector. Later the
SRC with exemplar dictionary based approach is extended to the SV task in [24]. In that work,
the dictionary for verifying a claim is constructed by arranging the GMM mean supervectors of
the claimed speaker utterances and those of a set of imposter (non-target) speaker utterances.
So constructed dictionary is then used for representation of the supervector corresponding to test
utterance as a sparse linear combination of its atoms. For verification purpose, the coefficients of
the sparse vector corresponding to the target speaker vectors is compared to those of the imposter
speaker vectors with a suitable metric. The similar idea was explored with exemplar dictionary
created using the total variability i-vectors in [26,27] and using the MFCC feature vectors in [2§].
Among the various vector representations of speech explored for SRC based speaker verification
as of now, the GMM mean supervector has been found to be the most successful one.

On the other hand, state-of-the-art SV systems predominantly use the i-vector framework that
is based on the modeling of the total variability subspace in which the significant variations of the
GMM supervectors lie [I7]. Similar to the PCA based representation, in the i-vector representations
of the speaker utterances also happen to minimize the representation error only. As a result these
are often further processed with additional transformations (e.g., LDA and WCCN) to enhance
the discrimination. In contrast to that the SRC based approaches described above intends to
find a discriminative projection of the supervectors. But unlike the i-vector based approach, the
existing SRC based approaches employ a hand-crafted exemplar dictionary and hence those may
not generalize well due to no learning being involved in the dictionary creation process. The
existing SRC over exemplar dictionary based methods also suffer from certain other shortcomings
such as the need for selecting an optimal set of background speakers and the requirement of multiple

examples for each of the speakers. Interestingly, despite these issues the SR over exemplar based
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3.1 Sparse representation of signals

SV approaches are reported to perform competitive to the i-vector based one.

Motivated by the above mentioned facts, we propose the use of a learned speaker dictionary to
address the shortcomings in the exemplar dictionary based SV approach. For learning the speaker
dictionary, the well-known K-means singular value decomposition (KSVD) [62] and a discriminative
variant of KSVD are employed. The SRC over exemplar dictionary based and the simple CDS
based SV systems, using both supervectors and i-vectors as representations, are used to contrast
the performance of the proposed approach. The performance of the proposed system and that of
the contrast systems evaluated and compared on the NIST 2003 SRE dataset.

The rest of this chapter is organized as follows. Section Bl provides the basics of sparse
representation of signals. The existing works on the sparse representation over exemplar dictionary
based SI and SV are reviewed in Section The proposed learned dictionary based SV approach
is presented in Section B3l The details of the experimental setup are given in Section B.4] and the

results are presented in Section The chapter is concluded in Section B.7

3.1 Sparse representation of signals

Sparse representation refers to the representation of a target signal/vector as the sparse lin-
ear combination of the prototype signals (atoms) in a redundant dictionary. It can be achieved
by the computation of the solution that contains the least number of non-zero elements to the
corresponding redundant linear system of equations. The sparse coding of a target signal over
a dictionary is illustrated in Figure Bl Consider that a dictionary D € R™*™ that contains n
atoms, {d; }?:1, is being used to sparse code a signal vector y. The solution (sparse code) s to the
corresponding linear system of equations can be either exact, satisfying y = Ds or approximate
satisfying y ~ Ds, satisfying ||y — Ds||2 < €, where € is the error bound [62].

In case of an overcomplete dictionary, i.e., the dictionary having more columns than rows
(m < n), and if D is full rank, there exist infinite number of solutions to the representation
problem and to choose the sparsest one among them, the lp-norm constraint is used. Thus the

sparse representation problem can be formulated either as,

argmin |[s|jp subject to y = Ds (3.1)
S
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D y

Dictionary Target vector

S

Sparse vector

Figure 3.1: Illustration showing sparse coding of a target vector over a dictionary.

or as,

argmin ||sl|p subject to |y — Dsll2 <e€ (3.2)
S

The signal processing applications in which the sparse representation is successfully employed
include image de-noising [63], image compression [64], image and audio impainting [65,/66] and
signal classification [2I]. For developing the sparse representation framework for a type of signal,
the two fundamental issues that are required to be addressed are: (i) the choice/creation of a
dictionary suitable for the task, and (ii) the sparse coding problem, i.e., the computation of the
sparse solution given the dictionary and the target signal.

Obtaining an exact solution to the sparse coding problem as given in Equation Bl is proven
to be an NP hard. Thus the approximate solution is sought and there exist a number of pur-
suit algorithms for that purpose. Among those, the matching pursuit (MP) [67] and orthogonal
matching pursuit (OMP) [68] algorithms are very simple yet quite effective. These algorithms are
greedy in nature as the most suitable dictionary atoms are selected sequentially. The atoms are
selected based on the value of the inner product between the target vector and the dictionary
atoms, and the least square solution with the selected atoms provides the non-zero coefficients in
the sparse solution. The MP and OMP algorithms differ in the fact that in the former an atom
can be selected multiple times while the same is avoided in the former due to explicit orthogo-
nalization. Basis pursuit (BP) [69] is another well-known pursuit algorithm used for computing
sparse representations. It replaces the /g norm constraint in the sparse coding problem by /; norm
to make the optimization task convex. An equivalent approach called least absolute shrinkage and

selection operator (LASSO) uses a Lagrange multiplier to convert the constraint to a penalty term
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and solves the problem using the least angle regression (LARS) algorithm [70].

The dictionaries used for sparse representation can, in general, be either parametric or data-
driven. The parametric dictionaries, also known as analytic dictionaries, use pre-specified set of
mathematical functions to represent the target data. The examples of analytic dictionaries include
Fourier [71], wavelet [72], curvelet [73] and contourlet [74] transform based dictionaries. In many
cases such dictionaries lead to simple and fast algorithms which do not involve multiplication by
the dictionary matrix for the evaluation of the sparse representation [71]. The major drawback
of the analytic dictionaries lies in the limitations of the model functions used in them. These
models are typically too simplistic to handle the complexity of many natural signals. On the other
hand, in the case of the data-driven approach the dictionaries are directly learned from the data.
This approach is supported by the assumption that the structure of complex natural phenomena
can be more accurately extracted by learning the bases directly from the data rather than by
a closed-form mathematical description. Given the example vectors, the atoms for a dictionary
can either be chosen from the examples or be derived using a learning algorithm. There exist a
number of dictionary learning algorithms such as the method of optimal directions (MOD) [75],
union of ortho-bases [76], generalized PCA [77] and KSVD [62]. Among those algorithms the

KSVD happens to be the most popular one due to its effectiveness.

3.2 Speaker recognition using sparse representation over exem-
plar dictionary

In this section, the existing approaches employing sparse representation over an exemplar
dictionary for SI and SV tasks are described. Different kind of representations used for creating

the exemplar dictionary are also reviewed.

3.2.1 Speaker identification

Consider a speaker identification problem involving N speakers with n; examples being available
for training the i*" speaker. Let x;; € R™ denote the suitable vector representation for the gth
example of the ¥ speaker. All training example vectors of the i*" speaker are combined to form
a matrix X; = [@i1, Ti2, . . ., Tin,] € R"™*™. It is assumed that a test vector y belonging to the ith
speaker lies in the linear span of the training examples of the same speaker and hence it can be
approximated as,

Y = Si1Ti1 + Si2®i2 + -+ Sin; Tin,, (3.3)
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where {s;; };“:1 are real scalars. For the identification purpose, an exemplar dictionary is created

by concatenating all N speaker matrices as,
X =[X1, Xy,..., Xy e R K =N n,. (3.4)
Now vy is approximated as linear combination of k columns of the dictionary X as,
y=Xs (3.5)

where s € R¥ is the vector of unknown coefficients. With the assumption made in Equation B3]
s is expected to be sparse. The sparse solution § to Equation can be obtained by solving the

following objective function,
§=argmin ||y — Xs||3 subject to ||s]jo <! (3.6)
S

where, [ is the chosen constraint on sparsity.

Ideally all nonzero coefficients of § should correspond to the atoms from the class of y only.
But in practice due to the modeling error, noise and channel variability, the atoms other than
those corresponding to the class of y will also have nonzero coefficients. The classification is done

by comparing the class-wise [1-norm of the sparse representation vector as,
arg max 6(3)]. (3.7)
or by comparing the class-wise reconstruction error as,
arg min ||y — X5:(8)13, (3.8)

where §;(.) is a window operator that sets all the coefficients in a vector to zero, except those

corresponding to the i class.
3.2.2 Speaker verification

To perform SV using sparse representation, for each claim an exemplar dictionary X, is created
by concatenating the vectors representing the i*" (claimed) speaker and that of a set of background
(non-target) speakers as,

X = [Xi| Xy (3.9)
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Sparse vector for a true trial
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Figure 3.2: Example sparse vectors for a true trial and a false trial in case of SR based SV over a small
exemplar dictionary created for the ease of display. The first 5 atoms in the dictionary are the training
utterances of the claimed speaker and the rest are those of the background speakers. Note the difference
between the structure of sparse codes for true and false trials.

where X; represents the set of training example vectors of the claimed speaker and X3, denotes
that of the background speakers. Now, the sparse representation § for a test vector y over X.
is optimized using Equation To illustrate the efficacy of this approach, a toy-experiment is
conducted with a dictionary having 25 atoms where the first 5 atoms are the training examples
of the claimed speaker and the remaining are examples of the background speakers. Figure
shows the sparse vectors corresponding to a true trial and a false trial computed over the created
dictionary with a sparsity constraint of 10. Note that for the true trial, the predominant coefficients
in the representation of the test vector belong to the atoms corresponding to the claimed speaker.
On the other hand, for the false trial, the atoms representing the background speakers are also
significantly involved in the representation. Hence, the score for verification can be computed by
measuring either the sum of the magnitude of the sparse coefficients or the representation error of
the test vector, separately for the target and the background speaker atoms. The typical scoring

metrics explored in literature [24126] are as follows,

3i(8
Magnitude /jnorm (M-1) : [19:(8)lls (3.10)

Residue f2-norm (M-2) (3.11)
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where §(.) is the coefficient selection operator defined in Section B.2.Tl The sparse representation

over exemplar dictionary based SV system is referred to as XD-SR SV system in this work.
3.2.3 Speaker representations

The two kinds of speaker representations predominantly used in SR over exemplar dictionary
based SV systems are GMM supervectors [24125] and i-vectors [26,27]. In typical SV systems, the
size of GMM supervectors used is of the order of 50,000. At present, it is not possible to collect
that many speaker utterances from the publicly available SV databases. As a result, with the
GMM supervectors as the speaker representation, the exemplar dictionary formed becomes under-
complete, i.e., the number of examples being less than the dimensionality of the representation.
Although undercomplete dictionaries have been used for sparse coding in some works [78,[79], it is
a common assumption that the dictionary needs to be overcomplete in the SR framework.

On account of significant correlation among the elements, the intrinsic dimensionality of the
GMM supervector happens to be very much smaller (typically in the range of 400-800) com-
pared to its actual dimensionality. This fact is evident form the success of the low-rank modeling
approaches like JFA and i-vector. So we argue that even an undercomplete dictionary created
using supervectors and having a few thousand columns will be redundant enough to produce a
sparse representation of the speakers supervectors. Alternatively, one can use the low-dimensional
i-vectors instead of the supervectors to obtain an overcomplete dictionary. We have built SV sys-
tems following both of these approaches on same dataset as contrast systems and compared their
performances.

Further, in context of SR based face video verification [80], it is shown that with the mean
shifting (centering) of the GMM supervectors the mutual coherence of the dictionary is improved
and it results in an improved classification performance. The centered GMM supervector, y’ is

derived as,
y=y—n (3.12)

where, y is the GMM supervector for the speaker utterance and p is the speaker-independent UBM
mean supervector. Motivated by the above stated facts, in this work, centered GMM supervectors

are used for representing the speaker utterances.
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3.3 Speaker verification with sparse representation over a learned
dictionary

In this section we propose a novel SV approach employing sparse representation over a learned
dictionary. First the issues with the exemplar dictionary based approach are highlighted which

provided the motivation for this work.
3.3.1 Motivation

Despite exhibiting a competitive performance, the SR over exemplar dictionary based SV

approach suffers from the following shortcomings:

e For the cases where the number of training examples available for a speaker is very small, the
assumption that a target can be expressed as a linear combination of the training examples
may not hold well enough.

e A single selection of the background speaker set for creating an exemplar dictionary may not
be optimal for all the speakers while making such selections for each of the claimed speakers
is a non-trivial task.

e The restricted isometric property (RIP) [81] and a high mutual coherence [71] are desired
for a dictionary to produce sparse representation. These attributes are difficult to achieve

in case of an exemplar dictionary.

To address the above mentioned issues, one solution is to learn a dictionary using examples
from a large number of speakers such that all target speakers can be represented in a sparse manner
in a unified space. Let D denotes the learned dictionary of K atoms which spans a space SpanD.
Assume that an i*" target speaker lies in an unknown subspace formed by a set of M; atoms
{dim}f‘fi:l £ D; ¢ D. Thus an example of the i** speaker y; can be approximated as,

M;
Y; ~ Z Sim, dim, Sim € R. (313)

m=1

On representing over the dictionary D, y; finds a sparse representation as,
Y; = DSZ' such that HSZHO < l, (314)

where [ is the chosen constraint on sparsity. The sparse solution §; can be obtained by optimizing
the objective function given in Equation[3.6l It is argued that, the atoms of D that are not involved

in representing a target speaker vector act as an optimal set of background speakers. An example
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y; form another speaker j finds a representation in its own subspace D; C D. It is desired that on
seeking the sparse representation of y; over D; would result in high representation error compared
to that over Dj, i.e.,

ly; — Didjll5 > lly; — D;3ll3 (3.15)

The above inequality ensures that for any two target speakers, the sets of atoms involved in their

sparse representations over the dictionary D are maximally disjoint.
3.3.2 Dictionary learning

The aim of the dictionary learning process is to create a redundant dictionary that produces a
sparse representation for a large pool of speakers. In this work, we have explored both simple and
discriminative approaches for learning the dictionary. For learning a simple dictionary the KSVD
algorithm is used and a supervised variant of KSVD is used for learning the discriminative one.
In the following, these dictionary learning algorithms are presented and some issues related to the

creation of dictionaries on supervectors are discussed.
3.3.2.1 KSVD learned dictionary

Given a set of examples X = {ml}f\; 1, the objective function for learning a dictionary for sparse

representation can be expressed as,
D,U = argmin | X — DU|5 such that [Jull, <1 Vi (3.16)
DU

where D is the dictionary of k atoms, U = {u;}¥, is the matrix of sparse vectors and [ is the
chosen sparsity constraint.

The KSVD algorithm [62] solves the optimization problem given in Equation using an
iterative process having two stages: the sparse coding stage and the dictionary update stage.
In the sparse coding stage, a pursuit method such as OMP [68] is used to compute the sparse
representation of the given set of examples over the current dictionary. In the dictionary update
stage, the data vectors associated with each of the atoms are determined. For each atom, the
residue of the data vectors over the dictionary excluding that atom is computed. The chosen atom
is then updated with the topmost principal component of the residue computed using SVD. The
detailed steps involved in the KSVD algorithm are presented in Appendix [Bl

As discussed earlier in Section [B.2.3 the dictionaries created with supervectors as speaker
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Figure 3.3: Quality of reconstruction (in PSNR) achieved with undercomplete dictionaries of different size
for varying sparsity (I) in representation. For contrast, the quality of the non-sparse representation with
corresponding size PCA based projections are also shown.

representations turn out to be highly undercomplete. This motivated us to assess the quality of
reconstruction of the sparse representation produced by such an undercomplete dictionary learned
using KSVD. For the same, dictionaries of varying size are learned using a set of 3000 supervectors.
A different set of 1000 supervectors is then sparse coded over the learned dictionaries using the
OMP algorithm with varying sparsity constraints. Figure shows the quality of reconstruction in
terms of the average peak signal-to-noise ratio (PSNR) for different sizes of the dictionary as well as
for varying sparsity. For contrast purpose, the quality of reconstructions of the same set of vectors
with the PCA based representation for varying projection dimensions are also shown in the figure.
Note that, there is only a slight degradation in the quality of reconstruction with SR over the
undercomplete dictionary (1% relative on an average, for a sparsity value of 100) compared to that
with the non-sparse representations obtained using PCA. These results clarify the apprehension

that a meaningful sparse representation can not be obtained with an undercomplete dictionary.
3.3.2.2 Discriminative learned dictionary

The KSVD algorithm is primarily developed for the sparse representation of data for recon-
struction purpose. For classification tasks, a number of its discriminative variants which use

labeled training data have been proposed. These algorithms are intended to provide better class
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3. Sparse Representation over Learned Dictionary based Speaker Verification

separability in the sparse representation domain. The supervised KSVD (S-KSVD) [79] algorithm
uses class supervised simultaneous OMP (CSSOMP) in the sparse coding stage of the dictionary
learning process which differs from OMP in two aspects: (i) CSSOMP uses the same set of atoms
from the dictionary to represent all examples from a given class and so attempts to extract the
common internal structure of that class whereas OMP treats each example independently, and (ii)
in addition to the minimum error criterion used in OMP, CSSOMP uses a discrimination measure
also which increases the separability among classes.

Given a set of labeled data vectors X = {{z;;}}1, N |, the optimization of the discriminant

dictionary D using the S-KSVD algorithm is represented as,

D,U = arg max {e.J(X) T g DU||§} such that [Jugll, <! Vi (3.17)
DU
The function J(.) represents the discriminant measure defined as := % where B and W are

the between-class and the within-class covariance matrices of the learning data X, respectively.
U = {{u };":1}5\; ; is the matrix of sparse vectors corresponding to the data vectors X. [ is the
sparsity constraint and 6 is a parameter controlling the trade-off between discriminative and re-
constructive terms in the learning criterion. The steps involved in the CSSOMP and the SKSVD

algorithms are given in Appendix [Al and Appendix [Bl respectively.
3.3.3 Verification process

In case of the learned dictionary based system, the metrics given in Section can not be
used directly since the dictionary does not have speaker label attached to its atoms. To address
this, one could determine the atoms associated with a claimed speaker by sparse coding the corre-
sponding training examples using the learned dictionary. By considering the indices of the atoms
corresponding to the non-zero coefficients in the sparse codes of training data as the target speaker
label, one can use the metric in Equation or Equation B.17] to compute the verification score.

In contrast to the exemplar dictionary case, we could define another metric for verification
purpose based on the similarity between the sparse codes of the test vector and the training
examples of the claimed speaker computed with respect to the learned dictionary. To explain that,
a toy experiment is conducted using a dictionary of 25 atoms learned using KSVD. Figure B.4
shows the sparse representation vectors for a training example of a target speaker along with that

of the test examples corresponding to a true claim and a false claim, computed over the created
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Figure 3.4: Example sparse vectors for a claimed speaker’s training data and those of a true trial and a
false trial over a learned dictionary having 25 atoms (for ease of display). Note the similarity between the
true-trial test vector with the train vector and the lack of the same for the false-trial test vector.

dictionary with a sparsity of 10. On comparing the sparse vectors corresponding to the target and
that of the true claim, we note that a significant number of dominant coefficients (encircled in the
figure) in both the representations correspond to the same atoms in the dictionary. On the other
hand, for the false claim no such match is observed. To exploit this behavior in the sparse domain,

a simple cosine distance scoring (CDS) metric can be used for computing the similarity score as,

< éclm- étst >

Score = —————
| 8ctmll || 8est|

(3.18)

where $.,, and S:5 represent the sparse representations of the training and the test utterances,
respectively. In CDS, apart from the information about the indices of atoms, their relative signif-
icance in representing the given speaker is also used which makes it superior to the earlier defined
metrics. The SV systems developed in this work employing SR over learned and discriminatively

learned dictionaries with CDS are referred to as LD-SR and DLD-SR systems, respectively.
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3.3.4 Contrast with the i-vector based SV system

The factor analysis based i-vector model for a given centered GMM supervector y’ is given as,
y' =Tw, (3.19)

where w is the i-vector representation and T is the total variability matriz (T-matrix). On com-
paring Equation B.19 with the model for the proposed LD-SR system given in Equation B.14]
one may find these models being quite similar but they are actually different in certain aspects.
The fundamental difference lies in the nature of the projections obtained. The projection matrix
(T-matrix) used to compute the i-vectors constitutes the eigen vectors of the total-variability sub-
space estimated using the development data and the i-vectors are derived using a Gaussian prior
distribution. Though it is a known fact that the estimated i-vectors follow a non-Gaussian heavy
tailed distribution, these are non-sparse in nature. On the other hand, the learning process for the
dictionary used in the LD-SR system involves clustering with a constraint on sparsity followed by
data compaction. As a result, the dictionary is able to produce a meaningful sparse representation
when it is enforced. Another important attribute of the dictionary based approach is its ability to
select the appropriate set of atoms for a given target unlike the use of a fixed set of bases in case
of the i-vector approach. This attribute of the dictionary based approach turns out to be handy

in addressing any possible mismatch between the development and the target data.
3.4 Experimental setup

The performances of the proposed SR over learned dictionary based systems (LD-SR and
DLD-SR) are primarily contrasted with that of the SR over exemplar dictionary based SV system
(XD-SR). Exemplar dictionaries created using both supervector and i-vector representations are
explored. As the proposed SV systems employ CDS metric, for direct comparison purpose two CDS
based systems, the one using supervector and the other using i-vector as utterance representations,
are also developed and evaluated. The following subsections provide the details of various systems

developed, the dataset and the performance measures used for evaluation.
3.4.1 Dataset and system parameters

The experiments are performed using the NIST 2003 SRE database. It contains speech data of

356 target speakers collected over cellular phone network. The evaluation of the system is done as
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per the NIST 2003 SRE evaluation plan for primary task [82]. This experimental setup contains
24,981 trials for verification task including true and false trials.

All speech data used is sampled at 8 kHz with 16 bits/sample resolution and analyzed using a
Hamming window of length 20 ms and with a frame shift of 10 ms. To remove the silence portions
from speech data, an energy based voice activity detector with a threshold equal to 0.06 times
the average energy of the utterance is employed. Standard MFCC features are computed using
22-channel mel-filterbank and a pre-emphasis factor of 0.97. Static MFFCs of 13 dimensions are
appended with their first and second derivatives and used as 39 dimensional acoustic features for
all the systems. The cepstral mean subtraction and variance normalization are also performed on
the acoustic feature vectors.

The Switchboard Cellular Part 2 corpus is used as the development data for all the systems
reported in this chapter. A gender-independent UBM model of 1024 Gaussian mixtures created
using approximately 10 hours of the development speech data is used for all the systems. The
GMM supervectors are created by adapting only the mean parameters of the UBM using MAP
approach with the speaker specific data. The total variability matrix of 400 columns for the i-vector
based system and the dictionary of 400 atoms for the proposed SR-SV systems are learned using
1872 speech utterances taken from the development database. In the learning of the discriminative
dictionary, the trade-off parameter 6 is set to 0.7. From the development database, 400 imposter
speaker utterances are derived and used for creating the dictionary for the SRC system with exem-
plar dictionary. A simplified JFA model without residual factors [83] is developed using the code
available at [84] and used for normalizing the session/channel variabilities in GMM supervectors.
Using the development data, 300 dimensional speaker subspace matrix and 100 dimensional chan-
nel subspace matrix are learned for the JFA model. The LDA and WCCN matrices are created
using the same development data which is used for learning the T-matrix and the dictionaries.
The LDA for the i-vector system projects to 250 dimensional space whereas for the SRC based
system it projects to 375 dimensional space. All the above mentioned parameters are chosen out

of experimentation.
3.4.2 Performance measures

The performance of the SV systems are primarily evaluated using the EER. In addition, the

minimum detection cost as defined for the NIST 2003 SRE is also used as a secondary performance
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measure which is defined as follows. Given the miss probability Pygigtar and the false-alarm
probability Ppa|Nontar, computed by thresholding the verification scores, the detection cost function

Cpgr is defined as,

CpeT = Cmiss X PMiss|Tar X Prar + Cpa X PFA|Nontar X (1 - PTar) (320)

where Cra and Cyiss denote the costs associated with false alarms and misses, respectively. The
parameter P, is the prior probability of the target trial. In NIST 2003 SRE, the values of
Cra, Cuiss and Py, are set to 1, 10 and 0.1, respectively. A set of Cpgr values are derived by
varying the threshold used for computing the miss and false-alarm probabilities and using the
above given parameters. The minimum of these values is referred to as min-Cpgr.o3 and is used

as a performance measure for the experiments reported in this chapter.

3.5 Experimental results and discussions

In this section the results of the various experiments performed with the proposed SR based and
the contras SV systems on the NIST 2003 SRE dataset are presented and discussed. The tuning
of the different parameters of the proposed system is provided in the beginning. It is followed by
the discussion on the use of the T-matrix of the i-vector system as the dictionary for the SR based
SV system for the purpose of highlighting the importance of specialized algorithms like KSVD for
learning dictionary for SR. The performances of the proposed as well as the contrast SV systems

with and without session/channel compensation applied are also presented and analyzed.
3.5.1 Tuning of the LD-SR system parameters

In the KSVD learned dictionary based LD-SR system, there are three main parameters which
required tuning : (i) the number of atoms in the dictionary, (ii) the number of atoms selected
while learning the dictionary (dictionary sparsity) and (iii) the number of atoms selected while
representation of target data (decomposition sparsity). The significance of the first parameter
is obvious. To be consistent with the i-vector dimension reported in literature, the number of
atoms in the learned dictionaries are chosen to be 400. For explaining the significance of the other
two parameters, recall that the KSVD dictionary learning process involves two stages: the sparse
representation of the development data and the dictionary update. Unlike the sparse representation

of the unseen training as well as test data in an SV system, the dictionary learning process involves
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Figure 3.5: Tuning of number of atoms selected while learning the dictionary (dictionary sparsity) and
the number of atoms selected for representation (decomposition sparsity) in case of the LD-SR system.

the sparse representation of the seen development data. Thus there is a scope of tuning these two
parameters for optimal system performance. The performances of the system obtained while tuning
the dictionary sparsity and the decomposition sparsity are shown in Figure Note that the best
system performance is obtained for the selection of 5 atoms while learning the dictionary and 50
atoms while representing (decomposing) the training and test supervectors. We have used these
parameter values for the LD-SR and DLD-SR systems thorough out the work unless specified

otherwise.
3.5.2 Exploration of the total variability dictionary for LD-SR system

As discussed in Section B34 both the LD-SR and the i-vector CDS systems use data-dependent
learned dictionaries to compute the representations. This motivated us to explore the possible use
of the total variability matrix of the i-vector approach as a dictionary ( T-dictionary) for the LD-SR
system. The resultant system is referred to as T-LD-SR system. The performance of the T-LD-SR
system with a T-dictionary of 400 atoms is evaluated with varying number of atoms being selected
for representations. For comparison purpose, the experiment is repeated with an LD-SR system
with KSVD dictionary of 400 atoms. These performances are shown in Figure along with the

performance of a 400 dimensional i-vector CDS system for contrast purpose. It can be noted that
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the T-LD-SR system gives very poor performance when small number of atoms (say 10 atoms)
are selected. With increasing number of atoms, the performance improves significantly and for
all 400 atoms being selected, it matches with that of the 400-dimensional i-vector based system.
On comparing with the LD-SR system, we note that the T-LD-SR system gives slightly better
performance for more than 200 atoms selected, but for smaller number of atoms it is found to
result in significantly degraded performance. With the requirement of more number of atoms in
case of the T-dictionary, it will be interesting to explore how a T-LD-SR system performs with a
bigger size dictionary (i.e., having more number of columns) and with relaxation in sparsity (i.e.,

more atoms being used for sparse representation). These aspects are explored in the following.
3.5.2.1 Effect of size of the dictionary for T-LD-SR system

To explore the effect of size of the dictionary in the T-LD-SR system performance, dictionaries
of 200, 300, 400, 600, 700 and 900 columns are created. The T-LD-SR systems with these dic-
tionaries are evaluated for three different numbers of atoms selected for representations viz. 50,
200 and 400. The performance of these systems are shown in Figure B.7 along with that of the
corresponding i-vector and LD-SR systems. For all the systems considered, the performance is
found to degrade consistently for dictionary sizes beyond 400 atoms. For the T-LD-SR system
with higher number of atoms selected for representations, the performance is found to be improv-
ing and becoming comparable to that of the i-vector based system closely. It is interesting to note
that for all the three types of systems considered, the best performances correspond to dictionary

sizes between 300-400.

3.6 Performance comparison

The performances of the proposed and the contrast systems evaluated on the NIST 2003 SRE
dataset are given in Table Bl The CDS based systems with the GMM mean shifted supervec-
tors and the i-vectors as speaker representations have resulted in EERs of 8.42 % and 4.21 %,
respectively. The low-dimensional i-vector based system has already reported to significantly out-
perform the much larger dimensional GMM mean shifted supervector based system. The SRC
over exemplar dictionary based systems result in an EER of 6.50 % and 6.78 % for the GMM
mean supervector and the i-vector representations, respectively. Note that these systems have

resulted in lower performance than the i-vector CDS based system and this trend is consistent
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Figure 3.6: Effect of number of atoms selected for sparse representation in the cases of the LD-SR and
the T-LD-SR systems.

with those reported in literature [24,126]. The three different variants of the proposed SR based
system i.e., with T-dictionary (T-LD-SR), with KSVD dictionary (LD-SR) and with S-KSVD dic-
tionary (DLD-SR), are evaluated and these systems have resulted in EERs of 5.05 %, 5.23 % and
2.89 %, respectively. Note that the reported performance of the T-LD-SR system corresponds to
a decomposition sparsity value equal to 200 in contrast to the value of 50 being used for the cases
of LD-SR and DLD-SR systems. Thus the slightly better performance noted in the case of the
T-LD-SR system compared to that of the LD-SR system is at the cost of a higher complexity.
It is to note that all the versions of the LD-SR systems have significantly outperformed both the
versions of the XD-SR system, thus emphasizing the effectiveness of learned dictionaries for the
SR based SV task. On comparing further, it can be noted that both the T-LD-SR and the LD-SR
systems have performed somewhat inferior to the i-vector CDS system. On the other hand, the
DLD-SR system has outperformed the i-vector CDS system significantly. It is also noted that the
performances of all the systems in terms of min-Cpgr.g3 follow the same trend as that in case of
EER.

As discussed in Section B34l there are some obvious similarities between the proposed LD-SR
and the i-vector CDS systems those can be noted by comparing Equation B.14] with Equation

The matrices D and T have the same size and the projections & and w of the GMM mean shifted

TH-1350_09610219 45



3. Sparse Representation over Learned Dictionary based Speaker Verification

14 T T T
—— LD-SR; decomposition sparsity = 50 X
—¥#— T-LD-SR; decomposition sparsity = 50
12| —¥%— T-LD-SR; decomposition sparsity = 200 -
—O— T-LD-SR; decomposition sparsity = 400
- = = i-vector CDS system

=
o

EER (%)
0]
T

res

2 Il Il Il Il Il Il
200 300 400 500 600 700 800 900
Dictionary/Projection—-matrix size

Figure 3.7: Effect of the use of varying size dictionary for the T-LD-SR system. The performances of
corresponding size dictionary/projection matrix for the LD-SR and the i-vector CDS systems are also shown
for contrast purpose.

Table 3.1: Performances of various proposed and contrast speaker verification systems on NIST 2003 SRE

dataset.
SV system type Representation | % EER | min-Cpgr.03

supervector 8.42 0.161

% CDS
§ i-vector 4.21 0.072
é XD-SR supervector 6.50 0.117
i-vector 6.78 0.121
Fqsg T-LD-SR (Decomp. Sparsity = 200) 5.05 0.088
gh LD-SR (Decomp. Sparsity = 50) supervector 5.23 0.097
& | DLD-SR (Decomp. Sparsity = 50) 2.89 0.051
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Figure 3.8: Example profiles of the learned dictionary based sparse representation and the i-vector repre-
sentation, each having 400 dimensions. Note for the non-sparse nature of the i-vector representation.

supervector derived from those matrices are used for classification with the same scoring metric.
The main differences between the two lie in the different criteria being used for learning those
matrices and the nature of the derived projections. The Figure shows the typical projected
vectors in the case of the LD-SR and i-vector based systems. Note that the projection in case of the
LD-SR system is sparse while the one in case of the i-vector based system is non-sparse. Further, we
hypothesize that training of the low-rank total variability matrix T" and learning of the redundant
dictionary D have somewhat similar goals, i.e., to develop a more compact model for classification.
On the other hand when an explicit discriminative criterion is employed in dictionary learning it
significantly boosts the classification ability. As a result, proposed DLD-SR system which uses a
discriminatively learned dictionary has shown significantly improved performance in comparison

to the LD-SR and the i-vector CDS based ones.
3.6.1 Session/channel compensation

The session/channel compensation methods form an integral part of all modern speaker verifi-
cation systems and are critical for making them effective in practical conditions. For the proposed

LD-SR system, the compensation can be applied either in the supervector domain or in the sparse
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Table 3.2: Performances of various proposed and contrast speaker verification systems with incorporating
suitable session/channel compensation methods on NIST 2003 SRE dataset. Note that, with proper com-
pensation both simple and discriminative dictionary based systems have outperformed the i-vector based

system.
SV system | Representation | Channel compensation | % EER | min-Cpgr.03
i-vector LDA & WCCN 2.24 0.037
% CDS
g supervector pre-JFA 3.61 0.066
3 i-vector LDA & WCCN 5.42 0.102
© XD-SR
supervector pre-JFA 4.01 0.069
T-LD-SR LDA & WCCN 3.43 0.063
T | LD-SR LDA & WCCN 3.61 0.065
| DLD-SR | supervector | LDA & WCCN 1.98 0.036
& | LD-SR pre-JFA 1.56 0.031
DLD-SR pre-JFA 1.53 0.028

vector domain. For performing the session/channel variability compensation in the the supervector
domain the simplified JFA approach as described in Section 2:3] is used. Once the speaker and
channel factors are estimated for a given utterance using the JFA process, the session/channel com-
pensated GMM supervector is computed by multiplying the corresponding speaker factor vector
with the speaker subspace matrix. This compensated GMM supervector is used for representing
the speaker utterance in the subsequent sparse coding stage. This approach of session/channel
compensation through JFA based processing of the supervectors prior to the sparse coding is re-
ferred to as ‘pre-JFA’ in this work. For applying session/channel compensation in the sparse vector
domain, LDA followed by WCCN is used. In case of the the CDS based and the XD-SR systems
LDA followed by WCCN is used for i-vectors representations and JFA is used for the supervector
representations.

The performance of various SV systems evaluated on NIST 2003 SRE dataset with appropriate
kind(s) of session/channel compensation applied are given in Table On comparing Table [3.1]
and Table[3.2] we note that the relative ordering of the performances of different systems considered
remains the same with and without application of session/channel variability compensation except
for the case of the LD-SR system. With session/channel compensation using pre-JFA, the LD-SR
system is noted to perform better than the i-vector CDS system. In addition, it can be noted

that the pre-JFA based compensation is more effective than the post-processing with LDA and
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Figure 3.9: Histograms of scores generated by the i-vector CDS, LD-SR systems. Sub-figures (a)&(b)
correspond to the base systems without session/channel compensation while sub-figures (c)&(d) correspond
to systems with appropriate session/channel compensation.

WCCN for the LD-SR systems. The three best performing systems after session/channel variability
compensation are the LD-SR, DLD-SR and the i-vector CDS based systems having EERs of 1.56 %,
1.53 % and 2.24 %, respectively.

The performances of the LD-SR, system in comparison with the i-vector CDS system with and
without session/channel compensation are not straight-forward. To analyze the performance of
the systems further, the histograms of the scores for the true and false trials in cases of the LD-SR
and the i-vector CDS based systems with and without session/channel compensation are shown in
Figure On comparing the histograms of the systems without compensation, it can be noted
that the distribution of false trials scores for the LD-SR system is much narrow compared to that
of the i-vector CDS system. In addition, the mean of the true trial scores are more right shifted for
LD-SR system compared to that of the i-vector system. Though these two aspects of the LD-SR
system are somewhat positive, the spread of the distribution of the true trial scores is much higher
in case of the LD-SR system compared to that of the i-vector CDS system. As a result, with
no session/channel compensation applied, the LD-SR system ended up giving poorer performance
compared to the i-vector CDS system. With proper session/channel compensation employed, for
the LD-SR system the mode of the distribution of the true trial scores has moved significantly away
from the origin and the distribution of false trial scores has become narrower compared to the un-

compensated case. For the i-vector CDS case, the separation between the distributions of the true
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and false trial scores has increased, but at the same time the spread of the distribution of the
false trial scores is also increased. As a result of these, with suitable session/channel compensation
employed, the LD-SR system happen to provide a significantly higher performance compared to

the i-vector CDS system.

3.7 Summary

In this chapter, a novel approach for speaker verification exploiting sparse representation of
GMM supervectors over a learned dictionary is proposed. This work is motivated by the short-
comings of the recently proposed sparse representation over an exemplar dictionary based SV
systems. Both simple and discriminative methods have been explored for learning the dictionary.
The proposed system is compared to the sparse representation over exemplar dictionary based
as well as the existing i-vector based SV systems on the NIST 2003 SRE dataset. The proposed
LD-SR system, which is based on a learned dictionary, is found to outperform the existing exem-
plar dictionary based approach significantly. In particular, the discriminatively learned dictionary
based DLD-SR system has shown a large margin of improvement and thus resulting in a perfor-
mance that is even better than the i-vector CDS based contrast system. To analyze the system
performance with explicit session/channel compensation, the JFA preprocessing is used along with
the proposed systems and LDA followed by WCCN is used for the i-vector CDS based contrast
system. Unlike the trend noted for the uncompensated case, with JFA preprocessing even the
LD-SR system is found to significantly outperform the i-vector CDS based contrast system. With
session/channel compensation employed, the DLD-SR system happens to be the best performing
one with a relative improvement of 31.6 % in terms of EER and 24.3 % in terms of minimum detec-
tion cost over the i-vector CDS based system. These performance improvements are attributed to
the exploitation of discrimination in speaker space due to the sparseness in the representation and
a better generalization due to the dictionary learning in the proposed system. These results and
observations lead to the following conclusions: (i) the sparse representation of supervectors over
a learned dictionary is more sensitive to the session/channel mismatches in comparison to the i-
vector approach, and (ii) with proper compensation of these mismatches, the sparse representation
over learned dictionary based approach becomes highly effective. The Fisher information criteria
employed in the discriminative dictionary learning process can be interpreted as a step towards

providing session/channel compensation the better performance of the DLD-SR system noted even
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3.7 Summary

without explicit session/channel compensation. Though the observed improved performances in
case of the proposed LD-SR systems are promising, the explicit channel compensation using pre-
JFA increases the overall complexity of the system. Motivated by this, in the next chapter we
present a novel SR based SV approach that incorporates the session/channel compensation in the

sparse coding stage itself.
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4. Joint Sparse Coding: SV System with Built-in Session/Channel Compensation

In Chapter Bl a novel approach for SV exploiting sparse representation of GMM supervec-
tors over a learned dictionary has been presented. The effectiveness of the proposed approach
was noted to depend very much on the application of a suitable session/channel compensation
method. Out of the two session/channel compensation methods explored the one using JFA in the
supervector domain (pre-JFA) is found to be more effective than the one performed in the sparse
representation domain through post-processing with linear transforms such as LDA and WCCN.
Though the pre-JFA approach is found to provide a significant improvement in the performance
of the learned dictionary based LD-SR and DLD-SR SV systems, it is argued to suffer from the
following shortcomings:

e The projection of the supervectors to a very low-rank speaker subspace in the JFA stage
prior to the dictionary learning may lead to undesirably high mutual coherence among the
atoms, which will affect the uniqueness of the sparse solution.

e The channel factors that are discarded in the JFA modeling are reported to contain some

amount of speaker information [17].

In addition to the above mentioned facts, it is to note that the use of a non-sparse projection over
the orthogonal speaker subspace for channel compensation is not concurrent with the SR paradigm
explained in Section B3l The basic premise of the SR based SV approach lies in modeling of the
clusters in the speaker space with the use of a redundant dictionary. With the prior projection
of the supervectors to an orthogonal low-rank space in the pre-JFA, the speaker clusters may
get smoothed out in the compensated data if the chosen subspace dimension happens to be much
smaller than the size of the subsequent learned dictionary. As a result, the dictionary learned using
the compensated data will exhibit an increased mutual coherence which will not be desirable for
the uniqueness of the sparse solution. To avoid this, one needs to learn a much higher dimensional
(typically 1000) speaker subspace in the pre-JFA stage that is in tune with the size of the dictionary.
Learning such a big size subspace matrix would further increase the computational complexity of
the overall approach, hence it is not preferred.

Further, we hypothesize that in the JFA based session compensation, the reported loss in
the speaker information occurs due to the non-generalization of the fixed bases learned from the
development data. Unlike that, in the SR paradigm, the target supervector is modeled using
an adaptive selection of non-orthogonal bases (atoms) of a redundant dictionary. This flexibility

in the selection of the bases can help to reduce the loss of the speaker information. To address
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4.1 Joint sparse coding over speaker-channel learned dictionaries

these problems, in this chapter we propose an approach that avoids the two-stage process by
incorporating the session/channel compensation in the sparse coding stage itself. In the proposed
approach two dictionaries, one representing the speaker space and the other representing the
session/channel space, are learned. The joint sparse coding of the target supervectors over these
dictionaries is performed and the sparse code corresponding to the speaker dictionary is used for
the verification purpose. An algorithm for learning dictionaries for the joint sparse coding is also
presented.

The proposed approach is evaluated using the NIST 2012 SRE dataset which is much bigger in
size compared to the NIST 2003 SRE dataset employed for the initial work reported in Chapter Bl
In addition to a larger number of speakers and trials, it also contains a number of variabilities in
terms of channel type and noise conditions. Considering the fact that the NIST 2012 SRE task is
more challenging compared to the 2003 one, the basic approaches proposed in Chapter [ as well as
the corresponding contrast systems are also trained and evaluated on the NIST 2012 SRE dataset.
Additionally, the recently proposed i-vector PLDA system has been included to the set of contrast
systems. The performance of the proposed joint sparse coding based SV system is analyzed in the
noisy and low duration conditions in the test data and its computational complexity is discussed.

The remainder of this chapter is organized as follows. Section 1] describes the novel SV
approach based on joint sparse coding over speaker-channel dictionaries and also presents an
algorithm for the same. The details of the experimental setup are given in Section and the
results are presented in Section L3l In Section [£4] we analyze the results and highlight the salient

attributes of the proposed approach. The salient findings are summarized in Section

4.1 Joint sparse coding over speaker-channel learned dictionaries

To incorporate the session/channel compensation in the sparse coding stage, two dictionaries
Dy, and Dy, are learned to model the speaker and session/channel spaces, respectively. The

given uncompensated target supervector is then sparse coded jointly over these dictionaries as,

y' = [Dspi|Dennls  such that ||s]jo <1 (4.1)

T constitutes the joint sparse code corresponding to two dictionaries and |’

— [T T
where s =[5, [S.5,]
is the horizontal concatenation operator. The sparse projection to the speaker dictionary s, is

used as the session/channel compensated representation of the target.
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4. Joint Sparse Coding: SV System with Built-in Session/Channel Compensation

The dictionaries are created using a labeled development dataset following a procedure that is
broadly similar to the one employed for training the JFA model. At first, for each of the speakers
in the development data, a centroid supervector is computed by simply averaging their multi-
condition supervectors to smooth out the session/channel variations. These centroid supervectors
are then used to learn the speaker dictionary using the KSVD algorithm. Supervectors from
some other multi-session and multi-channel data are then sparse coded over the learned speaker
dictionary and their residues are used for learning a channel dictionary. The detailed procedure
for learning these dictionaries is given in Algorithm [I1

The NIST SRE evaluation datasets used in this work contains both telephone and microphone
recorded speaker utterances and the test trials include cross condition testing. For more effective
session/channel compensation under both the sensor conditions, separate channel dictionaries Dy,
(for telephone) and D, (for microphone) pivoted on the speaker dictionary are created following
the above mentioned procedure. These dictionaries are then concatenated to the speaker dictionary

to form the final dictionary for the joint sparse coding as,

Y’ = [Dspi| Dppn|Dimicls  such that |z|o <! (4.2)

where s = [sg;)k|sghn|s£ic]T constitutes the joint sparse code corresponding to the component
dictionaries. The sparse components s, corresponding to the speaker dictionary is then used for
verification with CDS.

For learning the speaker dictionary both the simple and discriminative algorithms are explored.
For the initial work reported in the Chapter B, the KSVD and the S-KSVD algorithms are used for
learning the simple and discriminative dictionaries, respectively and are found to be quite effective.
In the S-KSVD algorithm, the Fisher discriminant of the sparse codes with respect to all atoms
in the dictionary is required to be computed for selecting an atom in the sparse coding stage and
as a result of this the computational complexity becomes quite high. Label constraint KSVD
(LC-KSVD) [85,[86] is another discriminative dictionary learning algorithm proposed recently.
The dictionary learning with LC-KSVD is found much faster than that with S-KSVD with no
degradation in the performance. On account of the NIST 2012 SRE dataset being quite large
in size, we have used the LC-KSVD algorithm for learning the discriminative dictionary. For the

simple dictionary case, the previously described KSVD algorithm is used. The SV systems using SR

over joint learned dictionary and joint discriminatively learned dictionary are referred to as JLD-

TH-1350 09610219 56



4.1 Joint sparse coding over speaker-channel learned dictionaries

Algorithm 1 Dictionary learning for the joint sparse coding.

Given: Data in form of the centered GMM supervectors:

ni \N

(i) Multi-condition data from NN speakers for training speaker dictionary: X = {{z;;}; }L4,

where n; is the number of utterances available for the i*" speaker.

(ii) Multi-condition dataset, Y = {y;}.”*; for training the channel dictionary. Overlap between
X and Y is allowed.

Step 1: Compute the speaker centroids by finding the sample-mean of the supervectors for each
speaker: M = {m; = n% Py A

Step 2: Train the speaker dictionary Dy consisting of p atoms using KSVD with the constraint
on sparsity set as [gpy,

D,y = argmin{HM - DU||§} such that |[u;lly < Ly Vi
D
where U = {u;}Y, is the matrix of sparse vectors

Step 3: Sparse code the channel dataset Y with the speaker dictionary using OMP,

si = argmin[ly; — D3 such that  sllo < Lyes Vi
S

Step 4: Find the residue data representing the session/channel variations as,
Rchn =Y - Dska

where S = {s;}"] is the matrix of sparse codes obtained in Step 3

Step 5: Train the channel dictionary D.p, consisting of ¢ atoms on the residue data using
KSVD with the constraint on sparsity set as lqpn,,

D, = argmin{HRchn _ DV\@} such that [[villy < lphn Vi
D

Step 6: Create the final dictionary for the joint sparse coding by concatenating the speaker
and the channel dictionaries as: D = [Dgpy|Dcpy]

SR and JDLD-SR systems, respectively. The LC-KSVD algorithm is described in the following
subsection. A block diagram showing the various processes involved in the dictionary training
and sparse coding stages of the proposed joint dictionary based SV system is shown in Figureld.1l
Typically thousands of supervectors are used to learne the speaker and channel dictionary and the

typical values for the parameters p and ¢ are 1000 and 200, respectively.
4.1.1 Discriminative dictionary learning with label constraint KSVD

In LC-KSVD, a label consistent constraint called discriminative sparse-code error is jointly

minimized with the reconstruction error along with a constraint on sparsity. Using this combined
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Speaker
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!
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Dictionary Dictionaries Training (KSVD)
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Figure 4.1: Block diagram showing the dictionary learning and sparse coding for the joint speaker-channel
dictionary based SV systems.

optimization, the algorithm learns the dictionary and a linear transformation that maps the raw
sparse codes to a more discriminative ones. The objective function used for the learning process
is as follows,

D,U, R = arg min {HX — DU +allS — RU||§} such that [, <1 Vi (4.3)

D,U,R

where D is the learned dictionary, X is the set of training data vectors and U is the set of corre-
sponding sparse codes. « is the regularization parameter and the matrix S contains the required
discriminative sparse codes created using the class label information of the data vectors. R is a
linear transformation matrix that maps the sparse codes of the training targets to a more discrim-
inative ones. For the optimization purpose, the two components of Equation 1.3] are rearranged as

below,

2

NN X D
D,U, R = arg min - U such that [Jul|, <1 Vi. (4.4)

DUR ||\ /a8 VaR

Now, Equation 4] can be solved using the KSVD algorithm as described in Section B.3.2.11

2

4.2 Experimental setup

The performances of the proposed joint sparse coding based JLD-SR and JDLD-SR systems are

primarily contrasted with that of the state-of-the-art Gaussian PLDA based i-vector system [19]
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4.2 Experimental setup

Table 4.1: Gender-wise breakup of the total number of speakers in the NIST 2012 SRE training dataset.
The number of speakers in each of the gender category having telephone and microphone recorded data are
also provided.

Male | Female | Total
Total number of speakers 770 1161 1931
No. of speakers having telephone data 770 1161 1931
No. of speakers having microphone data | 335 423 758

which is described in Section 243l As the proposed systems employ CDS metric, for direct
comparison purpose a CDS based i-vector system is also developed and evaluated. Additionally, the
XD-SR system is also evaluated to provide contrast to the proposed systems. As there is a change
in data set used for evaluation, the LD-SR and DLD-SR systems presented in the Chapter [3] are
re-evaluated. All the contrast systems are employed with suitable session/channel compensation
techniques while no explicit compensation is used for the proposed JLD-SR and JDLD-SR systems.
The following subsections provide the details of various systems developed, the dataset and the

performance measures used for the evaluation.
4.2.1 Database

The experimental evaluation of the proposed approaches is done on the NIST 2012 SRE
database [87] which contains 770 male and 1161 female speakers. The training data for the target
speakers are derived from multiple recording sessions and the number of segments available across
the speakers vary from 1 to 240. The training set contains telephone recorded phone conversa-
tions, microphone recorded phone conversations and microphone recorded interview recordings.
The gender-wise and the sensor-wise distributions of speakers in the training dataset are given in
Table [£1]. Note that the microphone recorded data is available for about half of the speakers only
in the training dataset.

The test dataset contains 68,954 speech segments having a duration of 30/100/300 seconds.
These segments are then used to derive 1.38 million verification trials defined for the primary task
in the NIST 2012 SRE that is used for this study. In 2012 SRE, the knowledge of all targets is
allowed in computing the detection score for each of the trials. To examine the effect of this protocol
on the performance of the system, the test segments from unknown speakers (i. e., those which

are not modeled) are also included in the test dataset. As a result, the primary task comprises
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4. Joint Sparse Coding: SV System with Built-in Session/Channel Compensation

Table 4.2: Distribution of the NIST 2012 SRE test data segments across five different evaluation conditions
along with their data duration-wise breakup. The values given in bracket indicate the number of trials in
each cases.

Evaluation condition Number of test data segments (# trials)
30 sec. | 100 sec. | 300 sec. | Al
. 9833 7811 5168 22862
Te-1 Microphone: clean 1y era1) | (38304) | (24334) | (111369)
4369 4208 4369 12946
Te-2 Telephone: clean (187841) | (181909) | (187841) | (557591)
. . f 4311 13259 17570
TC-3 Microphone: noisy (18500) (54431) (72031)
. : 10095 10095
TC-4 Telephone: noi
¢ SRS Lo (423891) | (423891)
TCO5 Telephone: noisy 1860 1761 1860 5481
environment (73073) | (69675) | (73073) | (215821)

of true trials and known as well as unknown false trials. The test dataset is further split into
five subsets based on the type of the sensor, noise and recording environment conditions. The
distribution of the test segments and the corresponding number of trials in the primary task are
given in Table

For the system development, speaker utterance segments of 3-5 minutes duration derived from
NIST 2006, 2008 and 2010 SRE datasets are used. Among those utterances, approximately 19k
(7k male and 12k female speakers) are telephone recorded and 7k (3k male and 4k female speakers)

are microphone recorded.
4.2.2 Data processing, feature extraction and UBM creation

In the NIST 2012 SRE dataset, the microphone recorded interview data is available in the
form of two-channel recordings. The primary channel (channel of interest) contains both the
interviewee’s (target speaker) and the interviewer’s voice in similar amplitudes while the other
channel only the interviewer’s voice is dominant in terms of amplitude. The relatively lower
amplitude interviewee’s voice present in the second channel is masked with synthetic additive
noise. To remove the interviewer’s voice from the primary channel, a two stage process is followed.
First, an adaptive two threshold energy based VAD, which is presented in 2.1]is employed to mark

the interviewer’s voice in the second channel. Then, using these markings, the interviewer’s voice is

removed from the primary channel. All other signal processing techniques and the acoustic feature
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4.2 Experimental setup

extraction method employed for the systems presented in this chapter remain same as that of the
systems discussed in Chapter Bl All SV systems are developed in gender-dependent mode. Two
gender-dependent UBMs of 1024 Gaussian mixtures are created and are kept common to all the
developed systems. The UBM for modeling the male speakers is created using about 40 hours of
telephone recorded speech data from 725 speakers. The UBM for the female speakers is created

using about 50 hours of telephone recorded speech data from 1099 speakers.
4.2.3 Configuration of systems, parameter tuning and testing

For the purpose of tuning the system parameters and for the calibration of scores, we have
developed an initial version for each of the systems under study and these systems are referred
to as development (dev) systems. For this purpose, the NIST 2012 SRE training dataset is split
into development train (dev-train) and development test (dev-test) sets. The dev-test set contains
about 4000 speech segments of 30-100 seconds durations. A set of development trials (dev-trials)
is created comprising approximately 80,000 claims keeping a ratio of 1:20 between true and false
trials. The dev systems are trained on the dev-train dataset and evaluated on the dev-test dataset
using these trials. The parameters of the different systems are tuned based on the performance
for the dev-trials. The final version of all the systems are trained on the 2012 SRE training data
with the tuned parameter values and evaluated on the 2012 SRE test data.

The i-vectors are derived using a channel-conditioned T-matrix having 800 columns by fol-
lowing the method described in [88]. The first 500 columns of the T-matrix are learned using
telephone data. The remaining 300 columns are trained over the residues obtained by projecting
the microphone data onto the columns learned using the telephone data. The exemplar dictionary
for the XD-SR systems is created by pooling the supervectors representing the telephone train-
ing data for all the target speakers. Both the LD-SR and the DLD-SR systems use dictionaries
having 1000 atoms trained by pooling the supervectors derived from telephone and microphone
development data. The centered GMM supervectors for the JLD-SR and JDLD-SR systems are

0" order statistics

computed by normalizing the UBM-mean centered 1%¢ order statistics with the
of the data computed with respect to the UBM. In the cases of JLD-SR and JDLD-SR systems, the
speaker dictionaries of 800 atoms are trained by pooling the supervectors derived from telephone

and microphone development data. The sparse representation vectors for the training and test

data are estimated using the OMP algorithm with a sparsity constraint of 100.
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4. Joint Sparse Coding: SV System with Built-in Session/Channel Compensation

For session/channel compensation, the i-vector CDS system uses an LDA projection of 400
dimensions and a full-rank WCCN projection. The Gaussian PLDA based i-vector system uses
500 dimensions to model the speaker subspace. For the XD-SR, LD-SR and the DLD-SR systems,
the supervectors are normalized using pre-JFA. The implementation of the JFA module closely
follows the method described in [16]. First, an eigen-voice matrix of 300 columns is trained on the
telephone data from the development dataset. Then an eigen-channel matrix of 100 columns is
trained on telephone data after removing the speaker components from it. It is then followed by
learning another eigen-channel matrix of 100 columns on the the speaker and telephone channel
components removed microphone data. Given data statistics, the compensated supervector is
synthesized by multiplying the corresponding speaker factors estimated using the JFA with the
eigen-speaker matrix. As shown in Equation [£2] the channel dictionary in both the JLD-SR and
the JDLD-SR systems has two partitions. These dictionary partitions contain 200 atoms each and
are learned separately using telephone and microphone data.

The approaches followed for handling the multiple training examples of speakers and the cross
channel trials are same as those in our submission to NIST 2012 SRE which is reported in [89]. The
telephone and the microphone speaker models for each of the speakers are created by computing the
sample-mean of the representations (i-vectors/sparse-vectors) of the telephone and the microphone
training utterances available for that speaker, respectively. All test segments are scored against
the matching channel models of the claimed speaker. As for some speakers the microphone model
is not available, the telephone models are used in trials involving such speakers irrespective of the
channel of the test data. Mapping of the scores to log-likelihood ratios, score calibration and fusion
of systems are performed with logistic regression using the BOSARIS toolkit [61]. The dev-trials

scores are used to train the parameters for the calibration and fusion.
4.2.4 Performance measures

For performance evaluation in this work, we have used a variant of detection cost which is the
primary performance measure for NIST 2012 SRE tasks [87]. It is defined as the average of the
normalized detection costs (Cporm) computed at two pre-defined operating points. Given the miss
probability Pypigs|Tar, the known false-alarm probability Ppaknown-Nontar and the unknown false-

alarm probability Ppaunknown-Nontar cOmputed by applying the corresponding threshold values on
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the scores, the Cyorm is defined as,

Chorm = PMiss\Tar + /B{PKnown X PFA\Known—Nontar + (1 - PKnown) X PFA|Unknown—Nontar} (45)

where 8 =

CFaA 1—Prayr
Cl\liss PTar

). The constants Cpa and Cypgiss denote the costs associated with false
alarms and misses, respectively and both are set to 1. Py, is the prior probability of the target
trial and Pgnown is the prior probability that the non-target trial is from one of the evaluation
target speakers. The value of log(/3) is used as the threshold for computing the miss and the
false-alarm probabilities. Let Cyopm-1 and Cporm-2 denote the normalized detection costs computed
with P, set to 0.01 and 0.001, respectively while keeping the value of Pkpown equal to 0.5 in
both cases. The overall detection cost, Cpgr-12, as it is defined for the NIST 2012 SRE, is then

computed as,

CDET—12 — (Cnorm—l aF Cnorm—2)/2 (46)

With these choice of parameters, the primary performance measure Cpgr.12 evaluates the
performance of the system at low false alarm operating points, i.e., it gauges the suitability of

the system for high security applications. For assessing the non-application specific performances,

EER is used.
4.3 Experimental results

In this section we present the performances of various proposed SR based SV systems developed
and evaluated on the NIST 2012 SRE dataset. As given in Table[d.2] the evaluation data comprises
of five different sensor/noise conditions. Table L3l shows the condition-specific performances along
with their average (for the ease of comparison) for various proposed and contrast systems in terms
of the chosen detection cost function (Cpgr.12). The corresponding EERs averaged over the five
test conditions are also listed in the table.

In case of LD-SR and DLD-SR systems, the supervectors are processed with the pre-JFA for
channel compensation prior to sparse coding. On comparing with the contrast systems, the LD-SR
system is found to result in 0.029 lower Cpgr.12 than that of the i-vector CDS system and 0.054
higher Cpgr.12 when compared to the i-vector PLDA system. On the other hand, the LD-SR
system is found have 0.051 lower Cpgr.12 than that of the XD-SR system, which supports our

earlier arguments.
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for both simple and discriminative variants of the dictionaries.

Table 4.3: The performances of the proposed SV system based sparse representation over simple and discriminative dictionaries along with using explicit
(pre-JFA) and built-in session/channel compensation on the NIST 2012 SRE test dataset. The table also gives the performances of different contrast systems
developed based on the existing SV approaches. Note that significant improvement is achieved over pre-JFA with proposed joint sparse coding approach

SV system name (key features) Detection cost (Cppr-12) %t EER
TC-1 | TC-2 | TC-3 | TC4 | TC-5 | Avg. | Avg.
o % i-vector CDS (LDA & WCCN, CDS) 0.580 | 0.537 | 0.590 | 0.655 | 0.576 | 0.588 4.40
‘g i-vector PLDA (Gaussian PLDA, Bayes classifier) | 0.470 | 0.599 | 0.458 | 0.470 | 0.530 | 0.505 5.25
© XD-SR (pre-JFA, Exemplar Dict., M-1 metric) 0.597 | 0.440 | 1.010 | 0.561 | 0.438 | 0.610 12.92
- LD-SR (pre-JFA, Learned Dict., CDS) 0.561 | 0.495 | 0.540 | 0.671 | 0.526 | 0.559 13.32
% DLD-SR (pre-JFA, Discrim. Learned Dict., CDS) | 0.488 | 0.430 | 0.855 | 0.478 | 0.410 | 0.532 14.25
E JLD-SR (Joint Learned Dict., CDS) 0.527 | 0.378 | 0.561 | 0.421 | 0.366 | 0.451 8.98
JDLD-SR (Joint Discrim. Learned Dict., CDS) 0.456 | 0.348 | 0.582 | 0.415 | 0.360 | 0.432 9.95
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4.4 Discussions on system characteristics

With a discriminative dictionary being used in the DLD-SR system, an additional reduction of
0.027 in Cpgr.12 is achieved compared to the LD-SR system. Here we wish to highlight the fact
that a similar extent of improvements are reported for the i-vector based systems also with the

use of discriminative training [3590].
4.3.1 Joint sparse coding over speaker-channel learned dictionaries

The joint sparse coding based (JLD-SR and JDLD-SR) systems are found to result in a re-
duction of 0.1 in Cpgr.12 when compared to the corresponding systems using pre-JFA for ses-
sion/channel compensation. The observed improvement supports the arguments made while high-
lighting the shortcomings in the use of pre-JFA for the SR over learned dictionary based approaches
in Section [l To substantiate those, we have also analyzed the mutual coherence of the dictio-
naries in two cases. For the pre-JFA and the joint dictionary cases, the mutual coherence of the
dictionaries are found to be 0.98 and 0.78, respectively. Further to assess the loss in speaker in-
formation with channel compensation in these approaches, an experiment was conducted on the
discarded session/channel component of the supervectors. The Cpgr.12 for the pre-JFA and the
joint dictionary cases are found to be 0.985 and 1.156, respectively. Both these analytical re-
sults supports our arguments as well as justify the noted improvement. Finally on comparing the
JDLD-SR system with the i-vector PLDA system a 14% relative improvement in Cpgr.12 is noted.

From Table[43] it can be noted that despite the improved performance in terms of the Cpgr.12
in comparison to the i-vector based systems, all SR based SV systems have resulted in poor EERs.
This behavior is counter-intuitive and the reason for the same is investigated in the following

section through the analysis of the distribution of scores.
4.4 Discussions on system characteristics

In this section we first analyze the score distributions of various systems to understand the
behavior of their performance. It is followed by the discussion about, the robustness of the proposed
systems in very low data and noisy conditions. The computational complexity involved in the

proposed and the contrast systems are also compared.
4.4.1 Analysis of the distribution of scores

Among the two metrics considered for evaluating the performance of the various systems,

the Cpgr.12 is an application-dependent metric while the EER happens to be an application-
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independent one. Despite the uniform costs assigned to the miss and false-alarm probabilities in
computing Cpgr.12, the two prior probabilities assigned to the target are kept very low. Further,
the thresholds used to compute the miss and false-alarm probabilities are also derived using these
low prior probabilities of the target. As a result, the operating points where the Cpgr.12 is
computed lie in the low false-alarm region unlike the EER.

Figure shows the distributions of scores for the two best performing systems each from both
the proposed (JLD-SR and JDLD-SR) and the contrast (i-vector CDS and i-vector PLDA) systems.
The analysis is done for the evaluation condition TC-2 (clean telephone data) as it contains the
largest number of trials among all the five evaluation conditions. On comparing Figure (a) and
Figure (b), we note that the distributions of both the known and unknown false trial scores
for the i-vector CDS system are Gaussian-like in nature while those are highly concentrated in
the case of JLD-SR system. As the speaker representations are sparse in case of the SR based
systems, with the cosine distance scoring, most of the false trial scores turns out to be zero (appear
shifted from zero in the histograms for the scores being calibrated). Unlike this, for the i-vector
based systems the representations are non-sparse and therefore are less likely to produce the false
trial scores that are highly concentrated. The true trial score distributions for both the i-vector
CDS and JLD-SR systems are found to have similar nature except for the fact that a number of
trials in the JLD-SR systems produce very low scores on account of the sparsity in representation.
Distributions of similar nature are observed for the i-vector PLDA and the JDLD-SR systems as
shown in Figure (c) and Figure (d), respectively. On comparing the score distributions of
the i-vector based and the proposed SR based systems, it can be noted that the latter exhibit much
higher confidence in rejecting the false trials which leads to the lower Cpgr.12 obtained. On the
other hand, the scores of a few true trials in the SR based systems are found to be indistinguishable
from those of the false trials which happen to be concentrated at zero value. To emphasize this
fact, we further analyzed the true trials those produced very low score in the JDLD-SR system
and the comparison of the histograms for the JDLD-SR, and the i-vector PLDA systems are shown
in Figure It is to note that with respect to the two thresholds used in the decision making,
the noted concentration of scores for JDLD-SR does not affect the Cpgr.12 performance but alters
the linearity of the change in miss probability. This explains why the EERs have turned out to be

degraded in case of the SR based systems.
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Figure 4.3: Histograms of a part of true trial scores in case of JDLD-SR and i-vector PLDA systems for
the evaluation condition TC-2. These true trials are those which produced very low scores in JDLD-SR
system. It highlights the fact that due to sparsity in representation in JDLD-SR system the scores of some
of the true trials turn out to be very low unlike that in case of non-sparse i-vector PLDA system.

From the analysis of the histograms of scores, it appears that the sparsity of the speaker
representations used in the SR based systems is the prime factor in achieving the improved low
false-alarm performances at the cost of a degraded EER. To explain this trade-off further, we have
evaluated the performances of the JDLD-SR system for sparsity values of 50 and 400 apart from
the value of 100 chosen in this work. Figure 4] shows the DET curves for the JDLD-SR system
with different selections of sparsity values along with that for the i-vector PLDA system, for the
evaluation condition TC-2. It is to note that due to the failure of a few true trials, the DET curves
for the JDLD-SR systems deviate considerably from linearity in comparison to that of the i-vector
PLDA system, except in the low false-alarm region. On varying the sparsity from 100 to 400, a
considerable reduction in the number of the true trial scores being exactly zero is expected. This
fact is evident from the improved linearity of the corresponding DET curves. With the relaxation
of sparsity from 100 to 400, the EER is noted to improve to 6.84 % from 9.95 % but at the same
time the Cpgr.12 is noted to degrade from 0.43 to 0.42. On changing the sparsity from 100 to 50,
the EER is noted to degrade from 9.95% to 11.52% with a very small improvement in Cpgr.12.
These observations support our earlier reasoning.

It is to highlight that unlike the other NIST SREs, in the 2012 SRE the majority of the training
data is derived from the older evaluation datasets. As we have used 2006-2010 SRE datasets for the
system development, there is a possible overlap between the development and the training data.
Note that both the proposed and the contrast systems happen to avail any possible advantage with
this condition. Further, the 2012 SRE task includes false trials involving unknown (non-target)

speakers and these allow us to assess the behavior of the speakers those are unseen to both training
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Figure 4.4: DET plots for the i-vector PLDA system, the proposed JDLD-SR system with varying sparsity
and their fusion in the case of the evaluation condition TC-2. Note that with relaxation in the chosen sparsity
value a significant improvement in EER for the JDLD-SR, system is possible.

and development datasets. From Figure 2] we note that the edge of the SR based systems over
the i-vector based systems is maintained for both the known and unknown false trials. In addition
to that, the effectiveness of the proposed SR based system is already demonstrated in the work on

NIST 2003 SRE data set with disjoint training and development datasets presented in Chapter Bl
4.4.2 Fusion of systems

With an appropriate choice of sparsity in representation, the SR based systems are able to
achieve better low false-alarm rate performances than the i-vector based systems, but this im-
provement is achieved at the cost of a degraded EER. This motivated us to explore the fusion of
the JDLD-SR and the i-vector PLDA systems. The fusion is performed using logistic regression
with the help of the BOSARIS toolkit [61]. The scale and shift parameters for the fusion are
optimized using the scores of the dev-trials. The performance for the fused system for all the five
evaluation conditions and their average are given in Table L4l On comparing the averaged perfor-

mances of the fused system with that of the component systems given, relative improvements of
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Table 4.4: Performances of the fusion of the i-vector PLDA and JDLD-SR systems in various evaluation
conditions. The averaged performances of the individual systems are also given for the ease of comparison.
Note that in terms of both the measures significant improvements over the component systems are obtained
with the fusion.

Evaluati
SV System name vatation CpET-12 % EER
conditions
TC-1 0.375 6.24
Fusion of TC-2 0.286 3.35
i-vector PLDA TC-3 0.592 5.79
and JDLD-SR TC-4 0.291 3.79
Systems TC-5 0.239 3.81
Avg. 0.357 4.59
i-vector PLDA Avg. 0.505 5.25
JDLD-SR Avg. 0.432 9.95
% 0.4r True trials |
e 0.3r = = = Known false trials | |
(O]
£ 0.2 Unknown false trials| -
&
5 0.1t o il
z AT
0 - == = = — L L
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Figure 4.5: Histograms of the scores, for the evaluation condition TC-2, highlighting the increased confi-
dence in scores with the fusion of the i-vector PLDA and JDLD-SR systems in comparison to those of the
component ones.

17.4% in Cpgr.12 and 12.6% in EER are noted over the corresponding best performances. For ease
of comparison, the DET curve for the fused system for the TC-2 condition is also shown in Fig-
ure[L4l Tt is interesting to note that with the fusion, the performance improvement is achieved for
both low and high false-alarm operating regions of the system. Further, from the score-distribution
of the fused system shown in Figure @3 two distinct attributes are noted. The fused system does
not show any concentration of scores like that observed for the JDLD-SR system, and the distribu-
tion of true and false trial scores are now better separated than those of the component systems.
Thus the fused system exhibits an enhanced performance exploiting the complementary nature of

the two component systems.
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4.4.3 Effect of low duration test data

The SR based approaches has resulted in an improved performance compared to that of the
i-vector approach. As the i-vector representation is reported to degrade with decrease in amount
of test data [91,092], it would be interesting to study how the same affects the SR based systems.

For assessing the effect of decrease in test data duration in the systems performance, the
evaluation condition averaged performances of the systems are repartitioned according to the test
data duration break-ups given in Table The duration-wise performances of the two best
performing systems each from the proposed and the contrast systems are given in Table Note
that, for the 30 seconds case all the SR based approaches have outperformed the i-vector based
system significantly while for the 100 and 300 seconds cases all the systems (except the i-vector
CDS) have resulted in competitive performances. With majority of the evaluation test data having
300 seconds duration, it is obvious that the overall performance improvement noted in case of the
SR based approaches are contributed by the significantly enhanced performance under the low
duration test data trials. The i-vector representations are conventionally derived as the MAP
point estimate while the sparse representations in the proposed approaches are derived as the [
regularized least-squares estimate. Both of these estimation approaches are expected to degrade
with the reduction in the observed data and so the possible reason behind the noted behavior
of the SR based systems is not obvious. In this context, we made a study of the histograms of
scores for different test data duration conditions with the hope of finding some clues. Figure
shows the histograms of scores for the TC-2 evaluation condition split based on the three test
data durations, i. e., 30, 100 and 300 seconds. On comparing the histograms, we note that with
decreasing data duration both the true and false trial score distributions shift towards each other in
case of the i-vector based system. On the other hand for the SR based system, only the distribution
of the true trials are observed to shift towards that of the false trials, while no significant shift is
noted for the false trials distribution. As a result of this, on computing the miss and false-alarm
probabilities with respect to the two thresholds (involved in finding Cpgr.12) marked in the figures,
note that both these probabilities increase in case of the i-vector based system while only the miss
probability increases for the SR based system. The possible explanation for this behavior of the
distribution of the false trials in case of the SR based system is contributed by the fact that it

is less likely to have the same set of atoms being involved in representing two different speakers.
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Table 4.5: Performances averaged over the five evaluation conditions for the proposed systems (JLD-SR
and JDLD-SR) and the i-vector based contrast systems for three data durations present in the NIST 2012
SRE test dataset.

SV Systems | Cper-12 (Avg.)

Test data duration (sec) — 30 ‘ 100 ‘ 300

I-vector CDS 0.85 | 0.51 | 0.43
I-vector PLDA 1.02 | 0.39 | 0.29
JLD-SR 0.62 | 0.39 | 0.35
JDLD-SR 0.60 | 0.37 | 0.32

Even with the reduction in the test data duration, this nature remains unchanged keeping the false
trial scores almost unaffected. To verify the same, we have plotted the training and test sparse
representation vectors of a pair of randomly selected true and false trials corresponding to various
test data durations in Figure 7] and Figure 8| respectively. The decrease in test data duration
leads to unadapted GMM mean components in the supervector representations. Such supervector
fails in selecting the same dictionary atoms selected by the training supervectors in sparse coding.
This in-turn leads to more false rejections and hence degradation in overall system performance.
On the other hand, due to sparsity in representation the number of false acceptances are less likely
to increase in such conditions. These observations explain why the SR based system is noted to

give lesser degradation over the i-vector based system under low data conditions.
4.4.4 Effect of additive noise in test data

Among the five test conditions in the NIST 2012 SRE primary task, two (TC-3 and TC-
4) involve trials with realistic noise added to the test data. The two types of noise added are
the heating, ventilation and air conditioner (HVAC) noise and the crowd noise. In these test
conditions, the type and the level (5 dB or 15 dB) of the added noise are chosen in a random manner.
Further, the trials across the clean and the noisy test conditions are different and hence the noise-
robustness of the developed systems can not be judged by simply comparing the corresponding
performances given in Table To analyze the same in a controlled manner, we have performed a
study using the test data corresponding to the clean phone channel trials, i.e., the TC-2 evaluation

condition. The chosen data is added with HVAC and crowd noise separately at SNR values varying
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Figure 4.6: Histograms of the true and false trial scores for the proposed JDLD-SR and the i-vector PLDA based systems for various test data duration
sub-conditions of the evaluation condition TC-2. Note that almost no change (w.r.t. to marked decision thresholds) is noted in the distributions of the false
scores for the JDLD-SR case with reducing data duration unlike that for the i-vector case.
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Figure 4.7: Sparse representation vectors corresponding to training data and test data of different durations
in case of a true trial.

from 0-20 dB in steps of 5 dB. Ten examples each of the HVAC noise and the simulated crowd
noise (generated by adding speech data of a few hundred speakers derived from NIST 2005 SRE
dataset) are used for this purpose. Figure shows the performances of the JDLD-SR and the
i-vector PLDA system for varying SNR values for the HVAC and the crowd noise cases. It is
to note that for both type of noises, the relative improvement in terms of Cpgr.12 of JDLD-SR
system over the i-vector PLDA system is consistent for all SNR levels. From these results we infer

that the SR based systems are as robust as the i-vector PLDA system to additive practical noise.
4.4.5 Computational complexity

From the implementation point of view, the proposed JDLD-SR and the i-vector PLDA systems

differ in the computation of speaker representation and in the classifier stages only. Given the
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Figure 4.8: Sparse representation vectors corresponding to training data and test data of different durations
in case of a false trial.

data statistics for a test utterance, the complexity involved in computation of verification scores
for these two approaches are given in Table For the comparison purpose, the total number of
multiplications involved (for the parameter values chosen in this work) and the observed run-time
for these systems are also given. We note that the proposed JDLD-SR system has a much lower
complexity than the i-vector PLDA system. The major portion of the computational burden of
the i-vector PLDA system is contributed by the i-vector computation step. It is to note that
we have followed the default i-vector computation method [I7] in this work, but there do exist
a number of simplified i-vector computation methods [34-36]. Using those methods, about a 40
fold reduction in complexity of the i-vector computation over the default one is possible for the
choice of parameters in this work. Thus the proposed JDLD-SR system can be considered to have

a complexity comparable to that of the fastest i-vector PLDA systems reported.
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Figure 4.9: Bar-plots showing the performance of the proposed JDLD-SR and the i-vector PLDA based
systems with noise added to the test data at varying SNR levels for the evaluation condition TC-2 for (a)
HVAC noise and (b) crowd noise.

Table 4.6: Comparison of time complexity in the i-vector PLDA and JDLD-SR SV systems in computing
the decision scores from data statistics (MFCC feature dimension m = 39, GMM size p = 1024, i-vector size
q = 800, PLDA speaker space dimension r = 500, joint sparse representation vector size s = 1200, speaker
sparse representation vector size ¢ = 800, chosen sparsity constraint [ = 100).

SV system Multlphcatl‘on complexity . Total mult. count Runtime
Representation ‘ Classifier (ms)t

i-vector PLDA O(mpq + pg* + ¢°) O(r?) 1.2 x 10° 4,427

JDLD-SR O(mps + 1?s + Is + I3 + t2) O(t) 6.2 x 107 97

1 Computed using 64-bit MATLAB (R2010b) running on Intel Xeon 2.4 GHz 6-core CPU with
32 GB RAM in single thread default precision mode.

4.5 Summary

In this chapter, a joint sparse coding over composite speaker-channel dictionary approach
which provides inherent session/channel compensation is proposed. When compared to an i-
vector PLDA based contrast system on the NIST 2012 SRE primary task, the proposed approach
provides 14% relative improvement in detection cost but with a degradation in EER. To exploit the

complementary nature of the proposed and the contrast systems, a logistic regression based fusion

TH-1350_09610219 76



4.5 Summary

is employed. The resulted system is found to achieve relative improvements of 17.4% in detection
cost and 12.6% in EER over the corresponding best performances of the component systems.
On analyzing further, the proposed system is found to be more robust compared to the i-vector
PLDA based system in the short-duration test data condition. On assessing the effect of additive
noise, both the proposed and the contrast systems are found to exhibit a similar robustness. The
computational complexity of the proposed systems is noted to be quite low when compared to
the contrast system using the default i-vector extraction and is shown to be comparable even to
the fastest i-vector extraction methods reported in literature. In the next chapter, we present our
studies done on the use of data-independent projections for reducing the complexity of existing

SV approach involving multiple data-dependent projections.
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5. Low-complexity Data-independent Projections of GMM Supervectors

The current SV approaches predominantly involve very high-dimensional GMM mean supervec-
tors as the representations of speaker utterances. As mentioned earlier, these representations are
formed by concatenating the mean parameters of a GMM-UBM adapted with the speaker-specific
data. The high-dimensional GMM mean supervectors are reported to have large redundancy and
to reduce the same commonly the factor analysis based i-vector approach is used in the front-end of
SV System. In that approach, a data-dependent low-rank projection matrix (T-matrix) is used to
derive the low-dimensional i-vector representations [17] from supervectors. Often the i-vectors are
further processed with discriminative linear transforms such as LDA and WCCN in the front-end
to reduce the variabilities due to session and/or channel mismatch(es). State-of-the-art speaker
verification systems use a Bayesian classifier with PLDA [60] or its variants [I8,[19] for generating
the final verification score.

Though the factor analysis based i-vector representation is quite effective in obtaining a com-
pact and fixed dimensional representation of the speaker utterances, there are a few drawbacks in
this approach. The algorithm used for the derivation of i-vectors is computationally complex and
requires a large amount of memory to store the algorithm specific variables. In addition to that
for the proper learning of the total variability matrix, a large amount of data is needed. There are
already some works reported in literature for simplifying the i-vector computation. The approach
proposed in [34] uses two approximations to reduce the number of computations. The first one
is the use of a constant GMM component alignment across utterances given by the GMM-UBM
weights. The second assumption is that the i-vector extractor matrix can be linearly transformed
such that its per-Gaussian components are orthogonal. In [35] the factor analysis (FA) is performed
on the pre-normalized centered GMM first-order statistics supervector to ensure that the statistics
sub-vector of each of the Gaussian components is treated equally in the FA, which reduces the
computational cost significantly. In addition, the matrix inversion term is simplified using a look-
up table based approach which resulted in further speed up with only a small quantization error.
A fast i-vector computation using the factored sub-space approach is also proposed that achieves
a five fold reduction in the memory required for storing the T-matrix, without degradation in
performance [36493].

In literature, data-independent projection approaches using random matrices are reported to
provide a viable alternative to the data-dependent ones like PCA for reducing the dimensionality

of very high dimensional vectors [37]. Motivated by that, we have first explored a few data-
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independent projections to reduce the dimensionality of GMM mean supervectors in context of
a sparse representation classification based speaker identification system. Among the various
projections explored, the sparse random matrix based one demands very little computational
resources only and resulted in a performance competitive to that of the i-vector based approach.
It is followed by the exploration of such approaches for the SV task which is of more interest
to the community. The major contributions reported in this chapter are: (1) The use of low-
complexity sparse random projections for reducing the dimensionality of supervectors in context
of the PLDA based SV system developed on a large multi-variability (NIST 2012 SRE) dataset,
(2) A non-random data-independent projection with simple decimation of supervectors is proposed
for dimensionality reduction and is shown to be as effective as the sparse random projection while
having even lesser complexity, and (3) A multi-offset decimation diversity based SV system is
proposed which outperforms not only the individual offset decimation based systems but also the
default i-vector based system while still having lesser computational requirements.

The rest of this chapter is organized as follows. Section [B.1] describes the proposed idea of
using data-independent projections for the dimensionality reduction of GMM mean supervectors.
It also covers the various projection approaches explored in this work. The proposed idea has been
initially explored in the context of an SRC based speaker identification task and the same has been
presented in Section Section reports the exploration of low-complexity data-independent
projections for the PLDA based SV task and the corresponding results are presented in Section [5.41
The proposed multi-offset decimation diversity based SV system is presented and the results are

discussed in Section The chapter is concluded in Section

5.1 Data-independent random projections of GMM supervectors

Data-dependent projections like PCA or factor analysis, though are quite effective in reducing
the dimensionality, require large amount of data and are complex to learn. One possible solution for
this issue is the use of random projections which are considered as data friendly and low-complexity
alternatives to the data-dependent projections. The basis of the use of random projection lies in
the well-known Johnson-Lindenstrauss (JL) lemma [94]. It states that a set of n points in high
dimensional Euclidean space can be mapped into an O(In n/e?)-dimensional Euclidean space such
that the distance between any two points changes by only a factor of (1 +¢€). Suppose we have an

arbitrary matrix of data X € R%™. Given any € > 0, there is a mapping f : R — R¥, for any
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k> 1212—2", such that, for any two columns 1,2 € X, we have

(1= llf(@1) = fx2)|]” < [Jwr — @2l < A+ O)lf (1) — f(a2)|] (5.1)

The random projection matrices are typically generated using Gaussian distributed random num-
bers. Apart from this, a few non-Gaussian random projections are also proposed in literature for
high dimensional data processing [95]. In the following we describe different data-independent

projection approaches explored in this chapter.
5.1.1 Normal random projection

For reducing the dimensionality using random projections, the original d-dimensional vector
is projected to a k-dimensional (k < d) subspace, using a random k x d matrix R. Using matrix

notation where X, is the original set of n d-dimensional vectors,
Xixn = Rixd Xdxn (5.2)

is the projection of the data onto a lower k-dimensional subspace. The JL lemma states that if
points in a vector space are projected onto a randomly selected subspace of suitably high dimension,
then the distances between the points are approximately preserved. In this case, each entry r;;
of the projection matrix is a independently and identically distributed A/(0,1) variable. The
generation of such a projection matrix is much simpler than the one obtained using PCA or factor
analysis. Utilizing the spherical symmetry among the normal random vectors, Dasgupta et al. [94]
showed that even though the random subspace is not strictly orthogonal, it closely satisfies the JL

bound as the chances of being close to orthogonal is high.
5.1.2 Sparse random projections

The use of normal random matrix for deriving projections avoids the need of training data
and the complex learning process. At the same time, the random matrix based approach does not
provide any computational advantage in computing the projections. Also, this approach does not
produce representations as compact as that in the data-dependent cases. As a result, the size of
the projection matrix in case of the random projection approach would be much higher than that
in case of the data-dependent ones. For example, in cases where the dimension d of the data is
very large (say 40,000) and is required to be projected to a significantly reduced dimension k (say

1000), for applying Gaussian random projection, d x k Gaussian numbers need to be generated.
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The generation and storage of such a large matrix is also non-trivial. To address these issues,
Achlioptas [96] proposed random projection matrices in which the elements are relaxed to be +1

and are chosen by thresholding a uniform random variable.
5.1.2.1 Achlioptas’ matrix

Achlioptas’ random projection matrix R is defined as a k x d matrix with R(i, j) = r;;, where

{rl-j} are distributed as follows:

+1 with probability 1/6,
rij=+V3{ 0 with probability 2/3, (5.3)
—1 with probability 1/6

Let the reduced dimension k > ky = % Inn where € is the representation error, 8 > 0 is

a parameter which controls the probability of success of the projections and n is the total number
of data points to be projected. In [96], it is shown that the transformation using the Achlioptas’
matrix satisfies the JL bound at least with a probability of 1 — n 7.

With the elements of the projection matrix being {£1,0}, the matrix multiplication reduces
to additions only except for the final normalization factor. The sparsity of a vector/matrix refers
to the number of non zero elements in it. In the Achlioptas’ projection matrix, two-third of the
elements are set to zero and as a result it becomes quite sparse. On comparing with classical
normal projection matrix this sparse projection matrix allows for significant complexity reduction

in the projection of large dimensional vectors.
5.1.2.2 Li’s matrix

The sparsity of the Achlioptas matrix is further enhanced by Li et al. [95] by introducing a

sparsity control parameter s in Equation as defined below,
+1 with probability 1/2s,
Tij = +Vs 0  with probability 1—1/s, (5.4)
—1 with probability 1/2s
It is to note that the Achlioptas matrix corresponds to s = 3 in the Li’s formulation. For the value

of s = 200 used in this work, the sparsity (%) of the Li’s matrix turns out be 0.5%.
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5.2 Application of data-independent projections for SRC based
speaker identification

In this section the initial work done exploring the data-independent dimensionality reduction
of GMM supervectors in the context of an SRC based speaker identification is presented. The
projections obtained by data-independent dimensionality reduction of GMM supervectors are used
as utterance representations for the speaker identification system employing sparse representation
over exemplar dictionary. The creation of the exemplar dictionary is done following the procedure
already described in Section B.2.1]1 To assess the quality of dimensionality reduction of supervectors
with data-independent projections, we have contrasted their performances with the SRC based
speaker identification systems using the original GMM mean supervector and the i-vectors as
speaker representation. A direct cosine distance scoring of GMM supervector based and an i-
vector PLDA based speaker identification systems have also been developed and evaluated for the
purpose of benchmarking the performance of proposed approaches. All the identification systems

built follow the one-against-all scoring procedure.
5.2.1 Session/channel compensation

For the SRC based identification systems with original GMM supervectors as speaker repre-
sentation, the session/channel compensation is performed using the simplified JFA approach as
described in Section [2.3.Tl In cases of the i-vector representation based SRC and CDS systems, the
LDA and WCCN transforms are used for session/channel compensation. On the other hand, for
the SRC based systems using the representations derived through the proposed data-independent
projections of supervectors, the direct linear discriminant analysis (DLDA) [97] followed by WCCN
is used for session/channel compensation. The use of DLDA is necessitated by the fact that the
data-independent projections can not be as compact as the i-vectors. Note that, in the experimen-
tal setup used the number of training examples available are limited whereas the dimensionality of
the supervectors is quite large. As per the JL lemma, the dimensionality of the projected vector
is related logarithmically to the number of data points the dataset, thus the supervectors in our
case can not be projected to a very compact size as the number of examples available are finite.
In such conditions the computation of the LDA matrix become infeasible as the within-class co-
variance matrix of the training data becomes singular. This is referred to as the ‘small sample

size’ problem in literature and to overcome the same we have used the DLDA [97] in case of the
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5.2 Application of data-independent projections for SRC based speaker identification

Table 5.1: Details of the experimental data used for the study of the data-independent projections per-
formed in context of SRC based speaker identification.

No. of segments | No. of speakers
Dataset Channel type Male | Fgemale Male | E’emale
Training Telephone 1101 1648 138 209
Test Telephone 981 1251 136 206
Microphone 360 664 13 21
Development Telephone 7327 12248 769 1160
Microphone 3279 4030 335 423

data-independent projections.
5.2.2 Experimental setup

For evaluating the proposed approaches and to compare it with the contrast systems, the NIST
2005 SRE database has been used. The 2005 SRE database is primarily designed for speaker ver-
ification and contains multiple training and test conditions [98]. For the speaker identification
experiments reported in this work, the training data is taken from 8-conversation 2-channel con-
dition and testing was done with both 1-conversation 2-channel and I-conversation aux-mic test
sets. The I-conversation 2 channel test set contains speech segments from telephone conversa-
tions and the 1 conversation auz-mic test set contains speech segments recorded using an auxiliary
microphone.

The implementation of systems based on data dependent approaches such as i-vector, JFA,
LDA and WCCN require a large matching development dataset. Usually such development data for
NIST SRE systems are derived from the previous evaluation datasets. From 2004 SRE onwards the
evaluation data are derived from the Mixer corpus rather than from the Switchboard corpus [99].
As a result there is a lack of sufficient matching development data for 2005 SRE experiments and
this issue is already reported in [I6]. To overcome this we have derived data from 2006 SRE,
2008 SRE and 2010 SRE [99] datasets for the system development. The number of speakers and
number of speech segments present in the training, test and development data sets are summarized
in Table (.11

The basic signal processing and acoustic feature extraction methods employed is same as that
of the systems discussed in the Chapter Bl Two gender-dependent GMM-UBMs of 1024 mixtures

each are used in building all the speaker identification systems. An eigen-voice matrix of 400
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Table 5.2: Performances of various speaker identification systems with session/channel compensation on
the 8-conversation 2-channel task in NIST 2005 SRE. In cases of random projection matrices the experiments
are repeated for 20 times and the averaged performances are reported.

% Projection Projected Recognition Rate (%) -

g Matrix Dim. Telephone Aux. Mic

n Male | Female | Male | Female

CDS classifier GMM supervectors 87.66 | 83.73 | 71.20 | 56.83

PLDA Bayesian classifier on i-vectors | 88.58 | 85.01 | 72.12 | 58.03
No projection 39 k 90.54 | 86.15 | 72.19 | 54.12

200 82.36 | 79.12 | 55.34 | 41.18
400 86.34 | 82.29 | 65.93 | 47.93
600 89.89 | 86.73 | 71.93 | 53.02
800 92.35 | 88.24 | 74.86 | 56.12
1000 90.02 | 86.14 | 63.01 54.41
400 48.41 | 44.01 25.41 9.93

Total variability:
i-vector

(Data-dependent)

Random: 1000 70.03 66.99 | 45.81 30.48
Normal 2000 78.59 | 74.50 | 57.54 | 40.74
(Data-independent) 4000 85.52 81.54 65.92 47.41

8000 88.99 | 84.82 | 71.22 | 52.15
400 45.05 41.05 22.62 12.19

Random: 1000 67.17 | 63.99 | 49.16 | 31.03
Achlioptas’ 2000 79.51 75.15 59.77 | 41.57
(Data-independent) 4000 85.62 81.90 68.15 50.42

8000 89.19 | 85.01 | 71.50 | 53.28
400 47.70 | 44.45 26.53 13.21

SRC on GMM Mean Supervectors

Random: Li’s 1000 67.27 63.12 41.62 23.15
with s = 200 2000 79.20 75.05 57.26 | 41.23
(Data-independent) 4000 85.52 81.98 66.75 48.46

8000 89.09 | 85.81 | 71.78 | 53.34

columns and an eigen-channel matrix of 200 columns are used in the JFA implementation. A
channel-conditioned T-matrix of 800 columns is used to derived the i-vectors. The Gaussian PLDA
system uses 600 dimensional speaker subspace. For performing the session/channel compensation
in different SRC systems, 300 dimensional LDA and DLDA projections followed by WCCN with
no reduction in dimension are applied for the i-vector and the data-independent projection cases,

respectively.
5.2.3 Experiments and results

To study the effect of the dimensionality reduction of GMM mean supervectors in context
of SRC, data-dependent (i-vector) and a number of data-independent projection methods are

explored. The experiments are performed in a gender-dependent manner. As there is no auxiliary
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5.2 Application of data-independent projections for SRC based speaker identification

microphone data in the training set, so all speaker models are trained using only telephone data.
Each of the systems are tested with both telephone and auxiliary microphone test data. The
performances of different systems developed are reported with the suitable and best performing
session/channel compensation method(s) only. Table shows the performance of the proposed
as well as the contrast speaker identification systems in terms of % recognition rate.

For the telephone data case, the performances averaged over male and female for the SRC
system with original supervector and the contrast systems are found to be quite close. For the
SRC system with data-dependent dimensionality reduction, i-vector representations of different
dimensions are derived and used. For data-independent dimensionality reduction case, first Gaus-
sian (normal) random matrices with varying projection dimensions are explored. As described
in previous section, for random projection the limit on the reduced dimension k to satisfy the
JL-bound is given by k > 12(12—2"). In our case, the number of total training examples n is around
1000 and assuming an error of 10 % in representation (e = 0.1), the nominal value of the term h;—{‘
comes out to be 691, so k > 8300. From Table (2] it can be noted that the performances for all
the three random projection approaches with k£ = 8000 turned out to be only slightly degraded
compared to that for the no-projection case, for almost all test data conditions. These results are
in coherence with the JL-bound. In contrast to the random projections, the data-dependent pro-
jections are learned from the data itself. As a result, the data-dependent projections are expected
not only to be more compact but also more effective in removing the noisy dimensions than the
random projections. This explains the slightly improved optimal performance observed in case of

the i-vector compared to those in the random projection cases.
5.2.3.1 Effect of different realizations of projection matrices

In case of random projections, the classification performances could have some variation for
different realizations of the projection matrix. To assess the extent of that variation in perfor-
mances, all experiments in case of random projections are repeated for 20 times and the averaged
performances are reported in Table The standard deviation (SD) of the performances for dif-
ferent random projection matrices for the male-telephone test case are shown in Figure[5.1l It is to
highlight that a similar behavior is also expected to be observed when the T-matrix for the i-vector
approach is trained with different datasets. To explore that we actually require multiple sets of

development data of similar size and nature to the one used in this work. As we do not have access
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Figure 5.1: Error bars showing the deviation in the performances due to different realizations of the
projection matrix in case of data-dependent and data-independent projection based systems, for the male-
telephone test data. Note that, in the i-vector case the performances are lower than those given in Table
due to reduced development data being used.

to additional development data, we have created 10 random selections of half the original size
from the available development dataset. Using these data subsets separate T-matrices are learned
and the corresponding i-vector system performances are evaluated. The SD of those performances
for the male-telephone test case are also shown in Figure Bl Needless to mention that these
performances for the i-vector cases are much lower than those given in Table due to the lesser
data being used in the T-matrix training. From Figure 5] it is to note that the performances for
both the i-vector and the random projection based approaches with optimal choice of dimensions

exhibit similar extent of variation in the performance.
5.2.3.2 Random matrix: Tuning of sparsity

As mentioned earlier, the sparsity in case of Li’s matrix can be controlled to reduce the compu-
tational complexity of the random projections of data unlike the total variability and the normal
projection matrices. To get an understanding about the relative sparsity of different random pro-
jection matrices, the image plots of their absolute values are illustrated in Figure In Table 5.2,
the sparsity control parameter s for the Li’s matrix is chosen to be s = v/d = 200. This choice

of the value of s results in the projection matrix of size 8000 x 39936 having only 0.5 % non-zero
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5.2 Application of data-independent projections for SRC based speaker identification

Table 5.3: Performance of the SRC based speaker identification system using supervectors with reduced
dimension of 8000 using Li’s matrix for varying values of sparsity for the case of male-telephone test data.
Note that in each case, the experiment is repeated for 20 times and the averaged performance along with
the standard deviation (SD) is reported.

Parameter | % Proj. matrix sparsity | Avg. Recog. | SD
s (1 x 100) Rate (%) | (o)

100 1.000 89.14 0.14
200 0.500 89.09 0.22
500 0.200 89.28 0.28
1000 0.100 89.15 0.34
2000 0.050 89.00 0.45
4000 0.025 88.77 0.48

elements. There is a scope for tuning the sparsity parameter and the same is performed for the
male-telephone test case with reduced dimension of 8000. The corresponding performances are
shown in Table It is to note that even with a matrix having only 0.05 % non-zero elements,
the performance is found to be very close to that of the best performance achieved for 10 fold
lesser % sparsity. On further increasing the sparsity of the projection matrix, the performance

starts degrading further.

(a) Normal projection matrix (b) Achlioptas’ projection matrix

(c) Li’s projection matrix with s = 200

Figure 5.2: Image plots of the absolute value of different projection matrices of size 10 x 50 for illustrating
their sparsity. Note that the Li’s projection matrix is highly sparse and entries of the projection matrix are
quantized to +1,0 unlike that in the normal projection matrix.
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5.2.3.3 Complexity reduction with random projections

As given in [34], the multiplication complexity in computing an i-vector using Equation is
O(mpq+mq®+q3) where m is the size of GMM, p is the dimension of the MFCC feature and ¢ is the
size of the i-vector. The number of floating point multiplications required turns out to be 1.19 x 10?
for the parameters used in this work. In case the Li’s matrix as mentioned earlier, no multiplications
are involved except for the final scaling in finding the projections. So the multiplication complexity
for the Li’s matrix case is the same as the projection dimension which is 8000 in the optimal case.
The estimate of the complexity involved in the channel compensation (LDA/DLDA+WCCN) is
O(st+1?), where s and t denote the input and output vector dimensions respectively. In case of the
i-vector based system, the computational complexity in channel compensation is 2.4 x 10% which
is negligible compared to that of the i-vector computation and hence no significant increase in the
overall computational complexity. On the other hand, in case of the Li’s matrix based system, the
computational complexity in channel compensation dominates that of the initial projection and the
overall complexity turns out to be 2.4 x 10® for the chosen parameters. An additional attribute of
the Li’s matrix beyond the computational saving in projection is that it does not require a floating
point representation. The T-matrix used for computation of i-vectors in this work occupies about
128 MB of storage space. In contrast, the Li’s matrix being highly sparse, one needs to save only
the indices of the nonzero elements along with the sign information. As a result, the Li’s matrix

with s = 200 occupies about 6 MB of storage space.

5.3 Data-independent projections of supervectors for PLDA based
speaker verification

In this section we explore the low-complexity data-independent projections for the SV task
which is more popular compared to the SI task considered in the previous section. A Gaussian
PLDA based approach with length normalization of speaker representation vectors as described
in Section 2.4.3] is used for building the SV system. As noted in previous section, all the data-
independent projections have performed quite competitive while some of them are more advanta-
geous in terms of computational complexity. So for the studies performed with the SV system,
only Li’s sparse projection matrix is considered for having the least complexity. In addition,
we have also explored the decimation of GMM supervectors as a method of non-random data-

independent dimensionality reduction. The details and advantages of the decimation process as a
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Figure 5.3: Front-end projections involved in the PLDA based SV system using (a) the i-vector and (b) the
proposed low-complexity projections as the speaker representations. In the i-vector case, the supervector is
implicit and is shown for the sake of comparison. Note that the first projection in the proposed approach
is data-independent whereas all the three projections are data-dependent in case of the i-vector approach.

candidate for dimensionality reduction is described in the following subsection. The studied low-

complexity data-independent projections are contrasted with the data-dependent factor analysis

based i-vector representations. In this study, i-vector representations computed using both the

default approach [17] and a simplified (for better speed) approach [35] are considered. The various

front-end processing steps involved in the i-vector and the proposed low-complexity projection

based SV systems are shown in Figure The illustrations highlight the kind and the size of

different projections involved in both the approaches. In the i-vector case, the first projection is

data-dependent whereas in the proposed case it is data-independent. The next two projections in

both the cases are intended for the removal of session/channel variability from the representations.

Those projections are required to be supervised and hence are data-dependent. For the i-vector

based SV system, LDA followed by WCCN is used for session/channel compensation. In case of the

data-independent projections, due to the ‘small sample size’ problem as discussed in Section 5.2.T],

DLDA followed by WCCN is used for session/channel compensation.
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5.3.1 Use of decimation as a low-rank projection

Decimation is the process of re-sampling the data at a lower rate. In this, every i sample in
the data is retained and the shift ¢ is referred to as the decimation factor. Decimation process can
also be interpreted as a low-rank projection of the original vector as shown below with the help of

an example (for no-offset case).

1 00 0 O
[Zrasas)' =10 0 1 0 0 [21 xo 23 x4 25" (5.5)
0 0 0 0 1

Based on the matrix interpretation of the decimation operation, we argue that although the pro-
jection matrix involved is deterministic, yet in effect it can closely approximate a realization of
a highly sparse random projection matrix. The sparsity of the projection matrix in this case de-
pends upon the chosen decimation factor. For a decimation factor of 4 used in this work, only
0.0025% of the elements in the projection matrix turn out to be non-zero. In actual practice, the
decimation process is implemented using a simple selection operator, thus it avoids the need of
both multiplication and addition in computing the projections and therefore it entails even lesser

complexity.
5.3.2 Database and system parameters

Evaluation of the proposed approaches is done on the NIST 2012 SRE database [87] and the
details of the same are already presented in Section 2.1 The experimental setup including the
basic signal processing and feature extraction techniques employed are same as those used for the
work reported in Chapter M unless specified otherwise. For deriving the speaker representations,
the 0*" and 1 order Baum-Welch statistics of the target speech data are computed with respect to
the corresponding UBM. The size of the i-vector is chosen as 800 for both the default and simplified
implementations. This choice is supported by an i-vector dimension tuning experiment reported
in [I00]. The default i-vectors are derived using the computed statistics and a channel-conditioned
T-matrix having 600 telephone and 200 microphone columns as described in [88]. The simplified
i-vectors are computed using the codes made available by its developer [101].

For the proposed approaches, the GMM mean supervectors are computed by normalizing the

UBM mean centered 1%¢ order statistics with the 0" order statistics and then projected to a low

TH-1350 09610219 92



5.3 Data-independent projections of supervectors for PLDA based speaker verification

Sparse random projection (s=200) Nonrandom projection: Decimation

0.42 0.42
@
8 0.38} 0.38}
Q 0.34} 0.34}
<
T ¥ —
0.30— - v - - ; 0.30— - v - : y
4k 6k 8k 10k 12k 14k 16k 4k 6k 8k 10k 12k 14k 16k
Projected dimensions Proiected dimensions (anorox.)

Figure 5.4: Tuning of the projection dimensions for the sparse random and decimation cases on the dev-
test set. For the sparse random projection case, the averaged performance along with its standard deviation
computed over 10 realizations are shown.

dimensional space. In case of the sparse random projection matrix, the optimal size can be de-
termined based on the JL lemma as discussed earlier. In the chosen evaluation task (NIST 2012
SRE), there are 1931 speakers (n = 1931), assuming an error of 10% in projection representation
(e = 0.1), the bound on the projection dimension (k > 121‘;—2") turns out to be 9078. We have
tuned the projection size around this theoretical value on dev-test. Figure 0.4 shows the mean
performances along with standard deviation computed over 10 realizations for the sparse random
projection based systems. Based on tuning, a projection dimension of 10k is chosen for both the
systems. The tuning of projection dimension for the decimation with zero-offset case is also shown
in Figure 0.4l and 10k (=~ 9984, which corresponds to a decimation factor of 4) turns out to be the
suitable size in this case too. The channel-conditioned LDA/DLDA matrices with 300 projection
dimensions and full-rank WCCN matrix are used in appropriate systems for session/channel com-
pensation. The telephone and microphone speaker models for each speaker are created by taking
the sample-mean of the representations of the telephone and microphone training utterances avail-
able for that speaker, respectively. All test segments are scored against matching channel models
of the claimed speaker. As for some speakers the microphone models are not available, telephone
models are used in trials involving such speakers irrespective of the channel of the test data. The
normalized detection cost defined for the NIST 2012 SRE task (Cpgr.12) presented in Section3.4.2]
is used as the primary performance measure for the various systems developed. In addition, EER

values are also computed and reported.
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Table 5.4: Performances of the PLDA based SV system with different types of data-independent projections
and that with the i-vector representations on the NIST SRE 2012 primary task, in terms of EER and
normalized detection cost Cpgr.12.

1% projection matrix Evaluation EER CpET-12
condition (%)

Interview 6.55 0.492

Tomatrix: Phone. call . 4.90 0.557

g i-vector (Default) Interview noisy 5.45 0.483

E Phone call noisy 4.54 0.512

g Phone call noisy env. | 4.84 0.528

3 Average 5.26 | 0.514

g Interview 733 | 0.568

A | T-matrix: Phone call 5.98 0.641

Simplified Interview noisy 6.37 0.519

i-vector [35] Phone call noisy 5.60 0.538

Phone call noisy env. | 5.67 0.581

Average 6.20 0.569

Interview 7.68 0.582

k- Sparse random Phone. call 5.89 0.675

_qg (with s = 200) Interview noisy 6.63 0.517

= Phone call noisy 5.66 0.557

& Phone call noisy env. | 5.75 0.613

E Average 6.32 | 0.588

= Interview 7.68 0.584

5 Deci : Phone call 5.82 0.664

eclmation . '

(with no-offset) Interview noisy, 6.65 0.523

Phone call noisy 5.58 0.568

Phone call noisy env. | 5.73 0.596

Average 6.29 0.587

Interview 7.19 0.534

Phone call 5.82 0.614

No projection Interview noisy 6.25 0.502

Phone call noisy 5.34 0.527

Phone call noisy env. | 5.53 0.526

Average 6.03 0.541

5.4 Results and discussions

The performances of the PLDA based SV system using the proposed projection representations
as well as that with the default and the simplified i-vector [35] representation are given in Table [5.4]
for the five different evaluation conditions. The i-vector, being a data-dependent projection, pro-
vides not only dimensionality reduction but also an improvement in classification performance

over the supervector representations through the de-emphasis of the noisy measurements. So for a
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fairer comparison, the performances of the data-independent projections should be contrasted to
that with no-projection, i.e., using the original supervectors. Table 5.4 also shows the performance
of the SV system with the DLDA matrix being directly applied to the original supervectors. The
proposed sparse random projection and the decimation based systems are found to give compet-
itive performances. On comparing the best performing projection approach out of the proposed
ones (i. e., the decimation case) with the default i-vector representation, a degradation of 0.073 in
Cpger.12 and 1.03 in % EER is noted when averaged over all the five evaluation conditions. On
the other hand, in comparison to the simplified i-vector, no significant degradation in performance
is noted with the proposed projections. When compared to the the no-projection case, the deci-
mation based system is noted to have a reduction of 0.046 in Cpgr.12 and 0.26 in % EER. The
main motivation behind the use of proposed projections lies in the reduction of computational

complexity and the same is discussed in the following sub-section.
5.4.1 Computational complexity

The order of the multiplication complexity and the memory requirement involved in the first
two projections in the proposed low-complexity projection based systems and those in the default
as well as simplified i-vector based systems are given in Table For the comparison of the
actual complexity involved, the observed runtime of the different systems are also given. The
computations and memory usage involved in the third projection (WCCN) and the PLDA-classifier
are relatively small and are same for all the systems, so these are not considered in the comparison.
As mentioned earlier, the projection with sparse random matrices can be realized with additions
only, except for the final scaling. This makes the corresponding system much faster than both the
default and simplified i-vector based systems. On the other hand, the decimation approach does
not involve multiplication at all and its runtime turns out to be 40 times smaller to that of the
considered simplified i-vector approach [35].

In addition to the reduced projection complexity, both the sparse random projection and
the decimation based systems are also attractive in terms of the storage space required for the
projection matrix in comparison to the i-vector based ones. In case of the sparse projection
matrix, one needs to save only the indices of the nonzero elements along with the sign information
which in turn do not require floating point representations. The decimation approach has the least

storage requirement as it avoids the need of projection matrix completely.
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Table 5.5: Comparison of the multiplication complexity and the memory usage in the first two front-end projections of different proposed and existing SV
systems. (GMM size m = 1024, MFCC feature dimension p = 39, i-vector size ¢ = 800, random projection size r = 10k, and LDA/DLDA projection size

s = 300).
Multiplication complexity ) Memory usage (in MB)
Projection-I approach Runtime Fixed Algo
) Proj.-I Proj.-II | (ms)t : _ 89| Total
© Proj.-1 | Proj.-I1 | specific
i-vector (default) O(mpq +mq® +¢3) | O(gs) 4,620 255 2 5250 5507
i-vector (simplified) O(mpq) O(qs) 273 255 2 51 308
Sparse random O(r) O(rs) 13 5 24 - 29
Decimation - O(rs) 6 - 24 - 24
1 Computed using 64-bit MATLAB (R2010b) running on Intel Xeon 2.4 GHz 6-core CPU with 32 GB RAM in single thread default precision
mode.
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5.5 Multi-offset decimation diversity based SV system

In addition, the proposed approaches does not have any algorithm-specific memory requirement
during the computation of representation, unlike the i-vector computations. Hence, the overall
memory requirement for both the sparse random projection and the decimation based systems are
noted to be about 10 times lesser than that for the simplified i-vector based system.

Recently, another fast i-vector computation using the factored sub-space approach is proposed
that achieves a five fold reduction in the memory required for storing the T-matrix, without
degradation in performance [93]. The complexity of this approach is slightly higher than the
eigen-decomposition based approach reported in [34] which in turns has a complexity same as that
of the simplified i-vector considered in this work. On comparing with the the factored sub-space
based i-vector, the proposed decimation approach is noted to have much lower computational
complexity and memory requirements but with a small degradation in performance. With this,
the proposed decimation approach is very attractive for limited resource platforms due to its low
computational burden. Further, in context of distributed speaker verification systems, it can also

lead to a very simple synchronization between the client and the server.

5.5 Multi-offset decimation diversity based SV system

Note that, the decimation based projection approach does not take into account the information
in all the dimensions of the supervector unlike the other projection methods discussed. In spite of
that, it has resulted in a performance quite competitive to that of the simplified i-vector case. This
motivated us to build systems using the other dimensions of the supervector by choosing offset-
factors other than zero. Table shows the performances (averaged over the five test conditions)
for all the four offset factors possible for the decimation factor 4 considered. Interestingly, all
these systems are found to have very close performances despite each being based on different
dimensions of the supervectors. To exploit the complimentary information in these systems, a
logistic regression based score level fusion among them is explored as illustrated in Figure The
resulting system is referred to as multi-offset decimation diversity based SV (MODD-SV) system.
The scale and shift parameters for the fusion are optimized using the BOSARIS toolkit [61] on the
dev-trials scores. The performance for the MODD-SV system is also given in Table It is to
note that by exploiting the diversity among the different decimated representations, the MODD-
SV system achieves a relative improvement of 7% over the default i-vector approach in terms of

both Cpgt.12 and EER.
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5. Low-complexity Data-independent Projections of GMM Supervectors

Table 5.6: Performances (averaged over five evaluation conditions) of the MODD-SV system along with
that of the component systems using decimation with different offsets. For ease of comparison, the perfor-
mances for the systems using the default and the simplified i-vector implementations are also given. Note
that the systems corresponding all four offsets employed in the decimation of supervectors have resulted in
close performances and a significant improvement is achieved with fusion.

SV system EER (%) CpET-12

. Default 5.26 0.514
i-vector based . .

Simplified 6.20 0.569

Offset-0 6.29 0.587

Decimated Offset-1 6.32 0.589

ComatE Offset-2 6.38 0.594

supervector based
Offset-3 6.23 0.572
MODD (fusion) 4.93 0.478

In the MODD-SV system, the scores for the component systems can be computed in parallel.
Thus, it possess the same run-time as that of the component decimation systems, but the memory
usage is increased by a factor equal to the employed decimation factor. In this work, the total
memory requirement for the MODD-SV system with four decimation components turns out to
be 96 MB which still remains competitive to that of the efficient i-vector approaches reported in
the literature. Thus, the proposed MODD-SV system provides an improved performance with a
much lower computational complexity and a competitive memory requirement even compared to

the efficient implementation of the i-vector based SV system.

5.6 Summary

In this work, the use of a few low-complexity data-independent projections for deriving compact
speaker representations from GMM mean supervectors for speaker verification is presented. The
low-complexity data-independent projections derived using sparse random matrix and decimation
process are explored and contrasted with the existing i-vector based data-dependent ones. The
performance for the proposed projections is found to be slightly inferior when compared to the
default i-vector implementation and competitive to the fast i-vector implementation, on the NIST
2012 SRE primary task. In terms of computational complexity and memory usage the proposed
approaches, especially the decimation based one, are found to have significant advantage even over
the fast i-vector implementation. Further, the diversity among the representations obtained by

decimation with different offsets is also exploited through score-level fusion. The resulting system
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Figure 5.5: Multi-offset decimation diversity based SV system. For ease in depiction decimation factor 3
case is illustrated.

is noted to provide 7 % relative improvement over the default i-vector based system in terms of

both the detection cost and the equal error rate. The computational requirements for the final

system remains much lower than that of the default i-vector based and comparable to that of the

fast i-vector based systems.
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6. Conclusions

6.1 Summary of the work

There are two major goals that are addressed in this thesis. The first one is to extend the
existing sparse representation over exemplar dictionary based speaker verification approach and
the other is to explore a few low-complexity data-independent projections in the front-end of the
SV system for reducing the overall system complexity.

The thesis begins with the review of the existing speaker verification approaches. It is followed
by the description of the recently proposed sparse representation over exemplar dictionary based
SV approach. In this approach, a suitable vector representation of a given test utterance is coded
as a sparse linear combination of the training examples. For the same, an exemplar dictionary is
created by concatenating the vectors representing the training examples of the target (claimed)
speaker and those of a set of imposter speakers. It is reasonable to assume that a test vector would
lie in the linear span of its own class examples. Thus, in an ideal condition, for a true claim the
coefficients of the sparse code corresponding to the target vectors in the dictionary would only be
non-zero. On the other hand, for a false claim no such behavior is expected. Exploiting this nature
of the sparse representation computed for the true and the false claims, the score for verifying a
claim can be obtained with the help of a suitable metric. The salient shortcomings of this approach
are discussed which provided the motivation to the thesis work. It is then followed by description
of a typical SV system. The salient techniques involved in different modules of an SV system
are reviewed, in brief. The details of the concurrent SV approaches involving the GMM mean
supervector and the i-vector based speaker modeling are then outlined. These approaches provide
the contrast to the sparse representation based approach developed in this work. The various
session/channel compensation methods used along with the proposed and the contrast systems are
also detailed.

To enhance the generalizability and robustness of the exemplar dictionary for sparse represen-
tation, we have proposed the use of a suitably learned dictionary for sparse coding purpose. Unlike
the exemplar dictionary, the columns of the learned dictionary are not speaker-labeled and hence
the verification can not be performed just with sparse coding the test vector only. To overcome this
constraint, an additional sparse coding of the available training examples of the claimed speaker
is performed over the same dictionary. The similarity between the sparse codes corresponding to

the training and the test vector is measured with the help of the cosine distance to provide the

TH-1350_09610219 102



6.1 Summary of the work

scores for verification.

The proposed approach of speaker verification using sparse representation has been evaluated
using the NIST 2003 SRE dataset. For learning the dictionary, both simple and discriminative
approaches are explored. The simple dictionary is derived using the well-known KSVD algorithm
whereas for the discriminative one, a supervised variant of KSVD (SKSVD) is used. With the
use of a learned dictionary, the sparse representation based SV system is found to outperform
the exiting exemplar dictionary based approach significantly. In particular, the discriminatively
learned dictionary based system has shown a large margin of improvement and thus resulting in a
performance that is even better than that of the i-vector CDS based contrast system. To analyze
the system performance with explicit session/channel compensation, the JFA preprocessing is used
for the proposed systems and LDA followed by WCCN is used for the i-vector CDS based contrast
system. Unlike the trend noted for the uncompensated case, the simple learned dictionary based
system is also found to perform significantly better than the i-vector CDS based contrast system.
With session /channel compensation, the proposed discriminatively learned dictionary based system
happens to be the best performing one with a relative improvement of 31.6 % in terms of EER and
24.3 % in terms of minimum detection cost over the i-vector CDS based system. These performance
improvements are attributed to the exploitation of discrimination in speaker space due to the
sparseness in the representation and a better generalization due to the dictionary learning in the
proposed system. These results and observations lead to the following conclusions: (i) the sparse
representation of supervectors over a learned dictionary is more sensitive to the session/channel
mismatches in comparison to the i-vector approach, and (ii) with proper compensation of these
mismatches, the sparse representation over learned dictionary based approach becomes highly
effective.

The explicit session/channel compensation using JFA pre-processing is noted to affect the
subsequent dictionary learning process and also adds to overall complexity of the system. In
addition to these, the JFA approach is also reported to suffer from the loss of some speaker
information while discarding the channel factors. Motivated by these facts, a novel approach
has been devised that incorporates the session/channel compensation in the sparse coding stage
itself. The proposed approach uses two dictionaries, one representing the speaker subspace and
the other representing the channel subspace. These dictionaries are learned in supervised manner

using labeled development data. The sparse coding of the training and test data supervectors are
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6. Conclusions

computed over the speaker and channel dictionaries jointly and the sparse codes corresponding to
the speaker subspace are used for verification using the CDS method. The joint sparse coding based
as well as the earlier proposed single dictionary based systems are trained and evaluated using the
NIST 2012 SRE dataset. Apart from the sparse representation over the exemplar dictionary based
and the i-vector CDS based systems, state-of-the-art i-vector PLDA based system has also been
used for contrasting the proposed approaches. The performances of the various systems developed
are analyzed primarily in terms of a decision cost function that is used as the primary performance
measure in the NIST 2012 SRE. On comparing the performances, it is noted that the sparse
representation over simple and discriminative dictionary based systems as well as the i-vector CDS
based system follows the same trend as that observed with the earlier experiments done on the
NIST 2003 SRE dataset. The joint sparse coding based approach not only avoids the pre-processing
stage for session/channel compensation but also achieves an improvement in performance compared
to the learned dictionary based system with explicit session/channel compensation using JFA. The
possible reasons for the observed improvement are also discussed. On comparing with the i-vector
CDS and i-vector PLDA based systems, the joint sparse coding based system with a discriminative
dictionary is noted to achieve relative performance improvements of 26.5 % and 14.4 % in terms
of the detection cost measure, respectively.

In general, the sparse representation based systems are found to exhibit a very good false
alarm performance with most of the false trials producing null scores. Despite the very good
performances observed in terms of the detection cost measure, all the sparse representation based
systems irrespective of the kind of the dictionary used have resulted in a very poor EERs on the
NIST 2012 SRE dataset. This trend is contradictory to the observations made on the NIST 2003
SRE dataset. The reason for the same has been investigated with the help of the DET curve and
the histogram of scores. The sparsity constraint for the various systems has been chosen based on
the optimization of the NIST SRE 2012 detection cost measure that is computed at a low-false
alarm performance of the system. The EER is an application independent performance measure
of the system having no bias towards low/high false alarm rates. For the sparse representation
based systems using the chosen sparsity, a few true trials are noted to produce null scores like
majority of the false trials. On account of this, the proposed system turned out to have a higher
false alarm probability for a given low miss probability which resulted in poorer EERs compared to

the contrast system. In other words, the sparse representation based systems achieves a very good
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6.1 Summary of the work

low false alarm performance at the cost of a relatively poor non-low false alarm performance. This
particular behavior of the proposed sparse representation based systems make it more suitable
for practical authentication systems in comparison to the i-vector based approach. On analyzing
further, the proposed SR based system is shown to be more robust compared to the i-vector PLDA
based system in the short duration test data condition. The reason of this behavior is attributed
to low match in case of false trials being unaffected with the reduction in the test data duration
due to the sparsity in the representation for the SR based system in contrast to the non-sparse
i-vector based one. On assessing the effect of additive noise, both the proposed and the contrast
systems are noted to exhibit a similar robustness. The computational complexity of the proposed
systems is quite low when compared to the contrast system using the default i-vector extraction
and is comparable even to the fastest i-vector extraction methods reported in literature.

The factor-analysis based dimensionality reduction of GMM mean supervectors is the most
widely accepted method for deriving the compact representation for speaker verification. The i-
vector representations derived using this approach, despite resulting in very good SV performance,
suffers from a number of drawbacks. The conventional i-vector extraction algorithm not only
has high computational complexity but also requires a large memory space to store the algorithm
specific variables as well as the total variability matrix. In addition to that a large volume of data is
required for learning the total variability matrix. Data-independent transformation using random
matrix is a well-known alternative for the data-dependent methods like PCA and factor analysis
in dimensionality reduction. The idea of random data-independent projections are supported
by the Johnson Lindenstrauss (JL) lemma which states that the projections on a random lower
dimensional subspace can the distances between vectors are preserved with a small error. The
major advantage of such projections is that it does not require any data-dependent learning.
In addition, there exist a few sparse random matrices which lead to faster computation of the
projections and require lesser storage space compared to the normal random projection matrix.
Motivated by these facts, to reduce the computational complexity in the front-end of a PLDA
based SV system, we explored the use of a few data-independent projection approaches instead of
factor-analysis for the dimensionality reduction of GMM supervectors. In addition to the sparse
random matrix based projection, a simple decimation process that has even lesser complexity, is
also explored. Interestingly systems based on both of these projection approaches have resulted

in only a small degradation of 0.075 and 0.019 in detection cost compared to the default and a
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simplified i-vector based system, respectively. Further considering the computational costs, the
decimation based system achieves a 45 fold reduction in run-time and a 13 fold reduction in the
memory usage when compared with the simplified i-vector based system. We have also proposed a
novel SV system that exploits the diversity among the representations obtained by using different
offsets in the decimation of supervector. The resultant system is found to achieve a relative
performance improvements of 7 % in detection cost over the default i-vector based system while

having a complexity comparable to that of the simplified i-vector based system.

6.2 Summary of contributions

The salient contributions made in the thesis are summarized below.

e A novel SV system based on sparse representation of GMM supervectors over a learned
dictionary has been proposed. With the use of proper session/channel compensation, the
proposed approach is found to outperform both the existing sparse representation over ex-
emplar dictionary based and the i-vector CDS based SV systems.

e With the motivation to avoid the explicit session/channel compensation, an SV approach
using joint sparse coding over learned speaker and channel dictionaries has been developed.
With the detailed analysis of results, the proposed sparse representation based system is
shown to be a better candidate for high security applications as it provides enhanced low-
false alarm performance compared to state-of-the-art i-vector PLDA based system.

e With a motivation to reduce the high computational complexity in SV systems employ-
ing compact representations derived from GMM supervectors, the successful use of data-
independent front-end projections is demonstrated. The SV systems based on these low-
complexity projections have found to perform quite competitive to the i-vector PLDA based
one.

e Explored the decimation of GMM supervectors as a non-random data-independent projection
approach having very low complexity. A novel SV system that exploits the diversity among
the representations obtained by using different offsets in the decimation of GMM supervector,
is proposed.

e The various proposed systems are evaluated on a large multi-variability dataset (NIST 2012

SRE) that includes test utterances of variable durations and with ambient noise.
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6.3 Conclusions and future directions

This work highlights the pros and cons of the existing i-vector and sparse representation based
speaker verification systems and demonstrates the successful exploitation of the merits of both of
these approaches. The explicit modeling of the clusters in the speaker space which lead to the
achievement of a meaningful sparse representation of speakers is demonstrated and experimentally
shown to be a better alternative to the unified modeling followed in the factor analysis based
representations. The work also emphasizes that the session/channel compensation through joint
sparse coding leads to a lesser loss of speaker information in comparison to the two-stage approach
for sparse representation based systems. This enhancement is attributed to the dynamic selection
of atoms from the speaker and channel dictionaries as against fixed bases used in the joint factor
analysis case. The low-complexity data-independent projections explored in this work are found
to be suboptimal in performance compared to i-vector and its simplifications despite offering a
significant reduction in complexity. We think the real innovation in that part of the work lies
in the development of a multi-offset decimation diversity based SV approach which interestingly
provides significant improvement in performance even when compared with the default i-vector
based system while still retaining an edge in overall complexity:.

Despite the success of the proposed learned dictionary based approach, it is based on a simpli-
fying assumption that all speakers lie in a fixed size subspace and therefore fixed sparsity values
are enforced while learning the dictionary and during sparse coding. But such an assumption is
definitely far from reality and different speakers are expected to lie in the subspaces having dif-
ferent dimensionality. In literature, we come across some sparse coding algorithms which happen
to take into account any possible block structure in the sparse coding [102]. Motivated by that
recently block-sparse dictionary learning algorithm is also developed [103]. In this approach, given
the data, first the blocks are identified in an unsupervised manner using a sparse agglomerative
clustering (SAC) algorithm while the dictionary is learned using block-KSVD (BKSVD) algorithm.
So it would be interesting to explore the BKSVD learned dictionary for better generalization of
the developed approach, as an immediate future work.

The MODD-SV approach can also be extended to the i-vector domain by the decimation of
the statistics collected for computing the i-vector. The different i-vectors so computed from the

decimated statistics, can be then used to derive scores which can be fused to generate the final
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decision as already discussed. Though such an extension would not be straight forward as the
statistics are collected mixture-wise in the default algorithms. The computational complexity of
this decimated i-vector SV system would definitely be much lower due to the reduction in size of
the T-matrices learned. It is easy to assess that the complexity of such a system can not match
that of the MODD-SV approach. But motivated by the large improvements noted with MODD-SV
over the single decimation based SV system, we expect a similar trend for the i-vector case too.
The sparse representation over learned dictionary based SV approach developed in this work is
generic enough to be applied to other speech based tasks. We have already explored this approach

for language identification [104,105] and emotion recognition [106].
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A. Sparse coding algorithms: OMP and CSSOMP

A.1 Orthogonal matching pursuit

Given a target vector y, the dictionary D, the orthogonal matching pursuit (OMP) algorithm

computes the solution a for the sparse coding problem given as,
min ||z||p such that y = Dx (A1)

OMP is a greedy algorithm and it solves the sparse coding problem given in Eqn. (A.J)) iteratively
with a constraint either on the sparsity or on the representation error [20,68]. The steps involved

in the OMP algorithm with the use of sparsity constraint are given in the Algorithm 2

Algorithm 2 Orthogonal matching pursuit

Inputs: Dictionary D = {dp}ff:l ,d, € R", the target vector y and the required number of

non-zero coefficients in the sparse solution (sparsity constraint), L.

Initialization:Set the iteration variable k = 0, the initial residual r° = y — D2" = y and the
initial solution support Sg = Support{xz"} = ), the null set.

Main iteration: Increment £ by 1 and perform the following steps

(i) Sweep: Find the index A; that solves

A = arg max {H <kl d, > H} (A.2)
p=1,...K

(ii) Update Support: S; = Sp—1 U{A\r}, B = [®Pi_1,d),]

(iii) Update Provisional Solution: Compute the new non-zero coefficients of the solution
as,
2¥ = arg min |y — By, = (@ @) @2 (A.3)
x

(iv) Update Residual:
rh =y — ®a" (A.4)

(v) Stopping Rule: If k = L , stop. Otherwise, set k = k + 1 and go back to (i).

Output: Solution & is a vector having L non-zero coefficients given by x’ at the indices given
by the support S

The representation error can also be used as the stopping rule for the OMP algorithm. In such

k

cases, the algorithm is stopped once the representation error r” reaches the value of the error

threshold ¢g.
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A.2 Class supervised simultaneous OMP

The class supervised simultaneous OMP (CSSOMP) algorithm [79] exploits the internal struc-
ture of vectors those belongs to same class and enhances the separability between the sparse codes
computed using vectors of different class. In order to achieve this, as shown in Algorithm [, CS-
SOMP performs simultaneous sparse coding of the vectors of same class and uses an additional

discriminative term along with the reconstruction term in the optimization formulation.

Algorithm 3 Class supervised simultaneous OMP

(1) InputS' Dictionary D = {dp}f 1»dp € R", the set of class labeled target vectors

= {{yZ }an _, and the required number of non-zero coefficients in the sparse solu-
tlon (sparsity constralnt), L.

(ii) Initialization: Initialize the class counter ¢ = 1 and 'y = (), the null set.

(iii) Main iteration: Selection of L vectors according to the structure of the class ¢

(a) Class initialization: The initial residual r 10 _ yg, The initial solution support
S¢ = 0, the null set and the iteration counter k=1.

(b) Sweep: Find the index Ay that solves

Xzzirgl??{m]({{@( 1),d, >}j} ) ZH@ tl)d”}

The function J(.) represents the discriminant measure defined as := :f;ccee((v?,)) where B and W are

the between-class and the within-class covariance matrices of the learning data Y, respectively.

(c) Update Support: S} =S8/ | U{\]}, ] = [®]_ 1Ayl

(d) Update provisional solution and residual: Compute the new coefficients of the
solution as,

ol — (17 ®1) 01"z

(2

(e) Class stopping rule: If k = L | stop. Otherwise, set k = k+ 1 and go back to (a).

(f) Class outputs: For the vectors in class ¢ the coefficients of the sparse representation

a,(L)

are w at indices given by the support S}

(iv) Output: If ¢ < ¢ go back to (iii) else Save x ¢y e {1,...,nq}.
Iy=Ty-1US},qg=¢q+1 and Stop
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B. Dictionary learning algorithms: KSVD, SKSVD and LC-KSVD

B.1 Dictionary learning with KSVD

Given a set of data examples and a constraint on sparse representations, the KSVD algo-

rithm [62] trains a redundant dictionary by optimizing the following problem:
D,U = argmin | X — DU|5 such that [Jul|, <1 Vi (B.3)
D,U

where D is the dictionary of k atoms, U = {ul}f\; 1 is the matrix of sparse vectors and [ is the chosen
sparsity constraint. The KSVD is an iterative algorithm having three stages, viz.the dictionary
initialization, the sparse coding, and the dictionary update stages. Dictionary initialization is done
either using randomly chosen data vectors from the given set or by generating random numbers.
In the sparse coding stage the data vectors are represented as a sparse linear combination of the
dictionary. Usually the OMP algorithm is used for performing the sparse coding and the given
sparsity constraint of error threshold is used for stopping the OMP algorithm. In the dictionary

update stage the atoms of the dictionary are modified such that the overall representation error of

Algorithm 4 Dictionary learning with KSVD

Inputs: Data vectors Y = {yz}f\; 1> Number of non-zero coefficients for the sparse solutions
(sparsity constraint), L.

Initialization: Initialize the dictionary, D° € R™*X with l; normalized columns. Set the
iteration variable k = 0.

Main iteration: Increment j by 1 and perform the following steps

(i) Sparse coding: Compute sparse codes x; corresponding to each data vector y;, with a
sparsity constraint L, using a pursuit algorithm as,

#; = arg min|ly; — Dx;||3 such that ||a|jo = L (B.1)
xr

(ii) Dictionary update: For each column £ =1,2....,K in DU-D ypdate it by

e Define the group of examples that use this atom, wy = {i|]1 <i < N, sc’%(z) # 0}.
e Compute the overall representation error matrix Ej by

E,=Y - d;x} (B.2)
J#k
e Restrict E — k by choosing only the columns corresponding to wy, and obtain E,f.
e Apply SVD decomposition Ef = UAVT. Choose the updated dictionary column dj,

to be the first column of U. Update the coefficient vector sc]f% to be the first column of
V multiplied by A(1,1)

(iii) Set J =J +1
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Algorithm 5 Supervised dictionary learning with SKSVD

C

Inputs: Data vectors Y = {{yl}z 1 Number of non-zero coefficients for the sparse solu-

j=v
tions (sparsity constraint), L.
Initialization: Initialize the dictionary, DY € R™ X with I, normalized columns. Set the
iteration variable k£ = 0.

Main iteration: Increment j by 1 and perform the following steps

(i) Sparse coding: Compute discriminative sparse codes X = {{wz}zl}czl corresponding
to each data vectors in Y, with a sparsity constraint L, using CSSOMP,
(ii) Dictionary update: For each column k =1,2...., K in DU~ update it by

e Define the group of examples that use this atom, wy = {i|1 <i < N,xk(i) # 0}.
e Compute the overall representation error matrix Ej by

E, =Y - da) (B.4)
J#k
e Restrict £ — k by choosing only the columns corresponding to wy, and obtain E,f.
e Apply SVD decomposition Eff = UAVT. Choose the updated dictionary column dj,

to be the first column of U. Update the coefficient vector m% to be the first column of
V multiplied by A(1,1)

(iii) Set J =.J +1

the given set of data vectors is minimized. The steps involved in the KSVD algorithm are given

in the Algorithm @

B.2 Supervised dictionary learning with SKSVD

The supervised KSVD (SKSVD) [79] is a modified version of the KSVD for learning discrimina-
tive dictionaries using class labeled training data. In SKSVD the sparse coding stage is performed
by CSSOMP instead of OMP that is used in KSVD. The steps involved in SKSVD algorithm is
described in Algorithm

B.3 Supervised dictionary learning with LC-KSVD

The label constrain KSVD (LC-KSVD) algorithm [85,[86] uses a label consistent constraint
called discriminative sparse-code error along with the reconstruction error and a constraint on
sparsity is used in the optimization for learning the dictionary. Using this combined optimization,

the algorithm learns the dictionary and a linear transformation that maps the raw sparse codes to
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B. Dictionary learning algorithms: KSVD, SKSVD and LC-KSVD

a more discriminative ones. The objective function used for the learning process is as follows,
D,U, R = arg min {HX — DU +a||S - Rng} such that |uill, <I ¥i  (B.5)
D,U,R

where D is the learned dictionary, X is the set of training data vectors and U is the set of corre-
sponding sparse codes. « is the regularization parameter and the matrix S contains the required
discriminative sparse codes created using the class label information of the data vectors. R is a
linear transformation matrix that maps the sparse codes of the training targets to a more discrim-
inative ones. For the optimization purpose, the two components of Equation [B.3 are rearranged

as below,

2

A X D
D,U,R = argmin = U such that |u;llp <1 Vi. (B.6)

DUER (| /as VaR

Now, Equation [B.6] can be solved using the KSVD algorithm as described in the Section [B.1l

2
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