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Abstract

Nowadays, with the fast development of multimedia technologies, acoustic and speech signals are
playing more and more important roles. Acoustic and speech signals can deliver beneficial information
for applications such as security check, audio authentication, environment analysis, and context-aware
navigation. Most of the time, the study of acoustic and speech signals is conducted by performing
classification. For example, verifying the similarity of two acoustic signals can be treated as checking
whether they belong to the same class or not; detecting the occurrence of an acoustic event can be
treated as finding out a segment that belongs to a specific class. The work discussed in this thesis focuses
on the classification of acoustic and speech signals, which is a fundamental problem covering a wide

range of applications.

Three key components that form a classification system are 1) feature representations, 2) classifiers,
and 3) feature transformation techniques. These components are all important to the success of a

classification system and deserve a comprehensive investigation.

Good feature representations are crucial for the regular operation of a classification system. In general,
a good feature representation should carry enough information for well describing the acoustic sample.
This often implicitly requires the dimensionality of the feature representation to be high. In this thesis,
we consider two high-dimensional feature representations, viz. the Gaussian supervector (GSV) and the
identity vector (i-vector). GSV is fast in computation, but its dimensionality is unchangeable. I-vector
has a changeable dimensionality, but its computation can be time-consuming owing to the requirement
of estimating additional model parameters. To balance the computational efficiency and the
dimensional flexibility, we propose feature representations based on the mixture of factor analyzers
(MFA), such as the MFA latent vector (MFALV). MFALYV is comparable to GSV and i-vector in
effectiveness, and has a similar flexibility in dimensionality but a higher computational efficiency as

compared to i-vector.

By analyzing the similarity between different feature representations, we propose the generic

supervector, which generalizes GSV and MFALYV. I-vector can then be obtained by post-processing the



generic supervector. It is noticed that the generic supervector can explain the structure of the classic

convolutional neural network and the residual network.

The support vector machine (SVM) and the probabilistic linear discriminant analysis (PLDA) model
are two prevalent classifiers for classifying high-dimensional feature representations, such as GSV and
i-vector. Although PLDA may outperform SVM for speaker verification, it is inefficient in handling
many training data, especially when the dimensionality of the feature representation is high. To address
the inefficiency issue of PLDA, we propose a scalable formulation that enables it to do classification

efficiently irrespective of the quantity of the training data.

The sparse representation (SR) and the SR-based classifier (SRC) are also good at classifying high-
dimensional feature representations. Still, the computation of SR is slow because of the L1-norm
constraint involved in the objective function. The collaborative representation (CR), which replaces the
L1-norm constraint by the L2-norm constraint, is computationally more efficient than SR. To boost the
discrimination ability of CR, we propose the discriminative CR (DCR), which incorporates the class

information and thus better suits the classification tasks.

Two probabilistic models are also investigated, viz. the Gaussian mixture model (GMM) and the
restricted Boltzmann machine (RBM). Although both can be used for probability estimation and
classification, their different model assumptions determine their different applicability. GMM s
suitable for processing low-dimensional decorrelated feature representations, whereas RBM is suitable
for processing high-dimensional correlated feature representations. Both yet require a large number of
training data. Another important use of RBM is to work as the basic building block for constructing a
deep belief net (DBN). By adding a softmax layer at the end of DBN, a deep neural network (DNN) is
formed. This DBN-DNN is a discriminative classification model. Our experiments then validate the

importance of a high dimensionality for DBN-DNN to take effect.

If the original feature representation does not work well, suitable feature transformation techniques may
help. Two feature transformation techniques are popular in the area of speech processing, viz. the

nuisance attribute projection (NAP), and the linear discriminant analysis (LDA). As a generalization,



their kernel versions, viz. the kernel NAP (KNAP) and the kernel discriminant analysis (KDA),
introduce an implicit feature mapping before performing the projection, which may be beneficial in
some circumstances. The detailed derivations for the kernel-based formulations are given in this thesis,
and comparative experiments are conducted to investigate the effectiveness of different feature

transformation techniques.

To comprehensively investigate the performance of different feature representations, classifiers, and
feature transformation techniques, we perform experiments on four different datasets, including two
speech datasets for doing speaker identification tasks and two acoustic datasets for doing acoustic scene
classification tasks. The experimental results and discussions reveal the characteristics of different
feature representations, feature transformation techniques, and classifiers. In general, no one type of
feature representation or classifier always surpasses the others for all conditions, which implies the
importance of choosing a suitable combination. We hope these analyses may help devise new features

representations, classifiers, and feature transformations.
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Statement of Originality

The following contributions reported in this thesis are claimed to be original.

1. The analysis related to the Gaussian supervector (Chapter 3.1). Gaussian supervector (GSV)
originates from the comparison of two Gaussian mixture models using the Kullback-Leibler (KL)
divergence. It can be shown that the KL divergence is upper bounded under certain conditions,
where a detailed proof for the upper bound is given in Chapter 3.1. Besides, a simple way to
determine the relevance factor used to compute GSV is proposed. Extensions of GSV are also
proposed.

2. The analysis related to i-vector and its relationship with GSV (Chapter 3.2). The log-likelihood for
estimating the model parameters of i-vector is derived in Chapter 3.2, which helps understand the
characteristics of i-vector. The relationship between i-vector and GSV is analyzed, which shows
that i-vector can be treated as an affine transformation of GSV.

3. The feature representations based on mixture of factor analyzers (Chapter 3.3). New feature
representations are proposed based on the mixture of factor analyzers (MFA), such as the MFA
latent vector (MFALV). MFALYV is also compared to i-vector in terms of formulation and
computational complexity. The theoretical analysis shows that MFALV can be more efficient in
computation than i-vector, while maintaining a similar flexibility in dimensionality.

4. The comprehensive theoretical and experimental comparisons of different feature representations
(Chapters 3.4 & 4). Theoretical comparisons are made for the characteristics and the computational
complexity of different feature representations, including GSV, i-vector and MFA-based feature
representations. Experiments on two speaker identification tasks are performed to evaluate the
effectiveness and the efficiency of different feature representations.

5. The generic supervector (Chapter 3.5). The generic supervector is proposed as the generalization
of GSV and MFA-based feature representations. It can also be used to explain the structure of a

classic convolutional neural network and the robustness of the residual network.
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6.

10.

11.

The formulation for restricted Boltzmann machine to be used for probability estimation in the case
of real-valued input feature vector (Chapter 5.2.4). This formulation makes restricted Boltzmann
machine (RBM) able to be used as a probabilistic model for pattern recognition tasks.

The theoretical and experimental comparisons between Gaussian mixture model and RBM
(Chapters 5.3 & 6.1). The analysis of Gaussian mixture model (GMM) and RBM reveals their
different characteristics and applicable scenarios. GMM is good at handling low-dimensional
decorrelated feature vectors, while RBM is good at handling high-dimensional correlated feature
vectors. In some sense, GMM and RBM capture complementary information from the feature
vector. The experimental results on acoustic scene classification also validates the importance of a
high dimensionality for RBM to take effect.

The scalable version of the probabilistic linear discriminant analysis model (Chapter 5.5.3). The
scalable probabilistic linear discriminant analysis (PLDA) enables a PLDA model to efficiently use
many training data to perform classification.

The discriminative collaborative representation (Chapter 5.6.3). The discriminative collaborative
representation (DCR) is proposed as an alternative to the collaborative representation (CR) and the
sparse representation (SR). DCR is more discriminative than CR for pattern recognition, and is
computationally more efficient than SR. This is demonstrated in an acoustic scene classification
task and a speaker identification task.

The comparisons of different classifiers in two acoustic scene classification tasks and two speaker
identification tasks (Chapter 6). The comparisons in terms of effectiveness and efficiency
demonstrate the characteristics of different classifiers. In general, no one classifier always surpasses
the others in all cases, and different classifiers have their own advantages and disadvantages.

The derivation and the analysis of the linear discriminant analysis and the kernel discriminant
analysis (Chapter 7.1). Two versions of the linear discriminant analysis (LDA) and the kernel
discriminant analysis (KDA) are derived in detail. KDA, as the kernel version of LDA, provides an
implicit feature mapping using the kernel function. The existence of the kernel version is also

discussed.

viii



12.

13.

The extension of the nuisance attribute projection to a general projection technique (Chapter 7.2).
The nuisance attribute projection (NAP) is extended to be a general projection technigue like LDA.
The kernel version of NAP (KNAP) is derived in detail, and the existence of the kernel version is
discussed. The relationship between NAP and LDA is also analyzed, and the equivalence between
NAP and LDA under certain conditions is proved.

The experimental comparisons of LDA, KDA, NAP and KNAP as a projection technique (Chapter
8). The experimental results in a speaker identification task implies that the kernel-based projection
techniques do not always outperform the linear projection techniques. In addition, the effectiveness

of the projection techniques also depends on the characteristics of the feature vector.
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Chapter 1 Introduction

This research focuses on the classification of acoustic and speech signals. For simplicity, we assume
that each acoustic or speech sample is assigned with only one class label. This means one sample can

only belong to one class.

1.1 Problem Definition

An acoustic or speech sample may convey different kinds of information that meet different
classification objectives. For example, a speech sample will naturally carry the information about the
speaker, such as the timbre or speaking style, which can be extracted out and used for verifying the
identity of the speaker [1]. The speech sample may also carry the information of the recording device,
as the recorded speech can be treated as the convolution of the raw speech and the frequency response
of the device [2]. The device information can then be used to validate the authentication of a claimed
recording device for forensic purposes [3]. If an audio sample is recorded near the power grid, because
of electromagnetic induction, it will embed the electric network frequency (ENF) signal [3], which can
then be used for timestamp verification [4]. An acoustic or speech sample may also carry the
information of the surrounding environment, such as the geometric information of the recording
location or the acoustic information of the environmental sounds, which may help describe the geometry

of the environment [5] or recognize the acoustic scenes useful for context-aware navigation [6].

In order to recognize the information an acoustic or speech sample carries; for example, which speaker
contributes the speech, which device is used to record the speech, or in which environment the acoustic
sample is recorded, we may need to do classification that predicts the class the sample belongs to.
Usually, the classification process comprises three fundamental steps, which are: 1) feature extraction,

2) feature transformation, and 3) feature classification.



Feature extraction aims at generating feature vectors that can well describe the sample. These feature
vectors are supposed to embed enough information for doing some specific tasks, such as the
information of the speaker, the device, or the environment. A suitable feature vector has a significant

influence on the performance of the designed classifier.

Feature transformation aims at mapping the original feature vector into another feature space, such that
the mapped feature vector can better suit some specific purposes. For example, the mapped feature
vector may be more discriminative, contain less interference information, has a reduced dimensionality,
or has a more distributed characteristic. Feature transformation techniques are expected to improve the
quality of the raw feature vector, but its effectiveness may be highly affected by the quality of the

original feature vector.

Feature classification aims at constructing a classification model that can predict the feature vectors into
their true classes. With different characteristics on the probability distribution or the dimensionality of
the feature vectors, there can be different classification models. A mismatch of the characteristics of the
feature vectors with the assumptions of the classification models may lead to failure of the classification

system.

1.2 A Generic Classification Framework

Figure 1.1 depicts a generic classification framework for acoustic and speech signal classification tasks.
There are two modules, one for feature extraction and the other for prediction. Here, the feature
transformation steps are included as a part of the feature extraction module, as their outputs are still
feature vectors. Nevertheless, some feature transformation techniques can be quite useful and deserve

to be comprehensively investigated.

It is common that the length of an acoustic sample is not fixed; for example, one sample may last for 1s
while another sample may last for 10s. However, it is usually necessary for the feature vectors to have
the same dimensionality before they are used for doing classification. Therefore, we may first divide a
variable-length sample into a sequence of equal-length frames and then extract one fixed-length feature

vector from each frame, which is called “frame-level feature vector”. Each frame-level feature vector
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Figure 1.1 A generic classification framework for acoustic and speech signals.

can be transformed into another vector that benefits some specific purposes. For example, several
consecutive frame-level feature vectors can be concatenated to form a longer feature vector, which

captures some local characteristics.

Having obtained a sequence of frame-level feature vectors or transformed frame-level feature vectors,
they can then be used to form a single vector, which is called “sample-level feature vector”. This
sample-level feature vector usually has a high dimensionality so that it captures enough information
about all the frame-level feature vectors. Example sample-level feature vectors include the Gaussian
supervector (GSV) [7] and the identity vector (i-vector) [8]. They are obtained based on a universal
background model (UBM), whose details will be explained later. The sample-level feature vector may
be further processed by some feature transformation techniques to improve its quality for some specific
purposes, such as the Fisher linear discriminant analysis (LDA) or the nuisance attribute projection

(NAP) [1]. The sample-level feature vector can then be used to train and test a classification model.

Referring to Figure 1.1, the frame-level feature vectors can also be directly used for doing classification.
This means that each sample will be represented by multiple feature vectors. In this case, each frame-

level feature vector will be treated as an independent feature vector and fed to the classification model



for training and testing, which leads to multiple predicted labels for each sample. Thus, suitable majority
voting strategies are needed to combine these labels. Besides, it is crucial to choose a suitable
classification model when using the majority voting strategies. It is because in this case, each sample is
represented by multiple feature vectors, causing the number of feature vectors to be far more than the
case where each sample is represented by only one feature vector. The concept of majority voting also
generalizes well in the case where there is only one feature vector for each sample, as the weight of the

feature vector will simply be one. In the following, we present four majority voting strategies.

Given a classification task, suppose there are totally K classes, and a classification model has been well
trained, whose parameter is denoted by the parameter set 6. For an acoustic or speech sample s, suppose
we have already obtained a sequence of frame-level feature vectors or transformed vectors, denoted as
s = {xq1,x, ..x7}. For each feature vector x,, the classification model may yield a probability
p(x:|k, 8), which represents the likelihood if x; belongs to class k. In order to make predictions, the
classification model must be able to produce a posterior probability p(k|x¢, 8), which represents the
possibility of predicting x; into class k among all the K classes. The relationship between the
likelihood and the posterior probability is given by (1.1), where p(k) is the prior probability of the k-

th class and is assumed to be 1/K, as all the classes are equally weighted.

p(Xe |k, Ot _ (¢ |k, 6) _ _p(x¢ |k, 0)
e 1, Op() — ITE p(x, |j,0)  Z.p(x¢ 1), 0)

p(klx., 0) = (1.1

Having the posterior probabilities for each class, the predicted class label for sample s can be
determined by the cooperation of all the T feature vectors using the following majority voting (MV)
strategies as given by (1.2) ~ (1.5), where Label(s) is the predicted label for the sample s, §(.,.) isan
indicator function given by (1.6), and £(x;) is the predicted label for x; as given by (1.7). As the
majority voting schemes given by (1.3) ~ (1.5) require the existence of the likelihood, only probabilistic

models or some specific classification models that can produce a probability can apply them.

Label(s) = argmax Y.1—, & (k, £(x;)) (1.2)
k



Label(s) = argmax Y-, p(k | x,, 0) (1.3)
k
Label(s) = argmax Y1_, p(k | x;,0) - 8(k, (x,)) (1.4)
k

Label(s) = argmax Y{_, Inp(x.|k, ) = argmax Y.{_;(In p(k|x,, 0) + In X5, p(x¢lj, 6))
k k

= argmax Y.{_; In p(k|x;, 6) (1.5)
k
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k

The first MV scheme given by (1.2) is a hard-assignment operation, meaning that each feature vector
can only belong to one class. The second MV scheme given by (1.3) is a soft-assignment operation,
meaning that each feature vector can belong to all the classes but with different possibilities. The third
MV scheme given by (1.4) is a compromise between hard-assignment and soft-assignment, meaning
that although each feature vector can only belong to one class, the possibility of belonging to that class
is also considered, indicating its relevance. The fourth MV scheme given by (1.5) assumes that the
feature vectors {x{, x, ... x7} are independently distributed, and thus their joint probability with respect
to a class will be the product of their individual likelihoods. This joint probability can then be used for

the class label prediction as given by (1.8), which leads to the MV scheme given by (1.5).

Label(s) = argmax [[7=; p(x.|k,0) = argmax Y_, Inp(x;|k, 0) (1.8)
k K

The fourth MV scheme also conforms to the maximum likelihood estimation (MLE) [9] used in the
expectation-maximization (EM) algorithm, which assumes that all the training vectors are
independently distributed. Therefore, the model parameters are estimated to maximize the product of

individual likelihoods, or equivalently, the sum of the log-likelihoods. Besides, this scheme is also in



agreement with the cross-entropy loss [10] used for deep neural networks (DNN), which is also a sum

of logarithm values.

1.3 Limitations of Existing Techniques and Proposed Methods

In this thesis, we focus on three aspects of a classification system, i.e. 1) the sample-level feature
representation, 2) the classifier, and 3) the feature projection technique. Feature projection techniques
are specific feature transformation techniques, where the transformation is defined by a projection

matrix.

Two widely used sample-level feature representations are the GSV and the i-vector [1]. As popular
feature representations, GSV and i-vector have their own advantages and disadvantages. GSV is simple
and fast in computation as it is based on the maximum a posteriori (MAP) adaptation of the UBM.
However, its dimensionality depends on the UBM, which is unchangeable. As i-vector is based on a
factor analysis (FA) model, there are additional parameters to be estimated besides the UBM. Therefore,
the computation of i-vector is inefficient and can be time-consuming. Nonetheless, the dimensionality
of i-vector depends on the factor-loading matrix, which is then changeable. To balance the
computational efficiency and the flexibility in dimensionality, we propose feature representations based
on a mixture of factor analyzers (MFA), such as the MFA latent vector (MFALV). MFALYV s
comparable to GSV and i-vector in terms of effectiveness. On comparing with i-vector, MFALV

preserves similar flexibility in dimensionality while offering a higher computational efficiency.

Furthermore, we propose the generic supervector, which generalizes GSV and MFALYV. The i-vector
can also be obtained by post-processing the generic supervector. Interestingly, we find that the generic
supervector can be used to interpret the feature representation learned by a convolutional neural network
(CNN) and help intuitively understand the robustness of the residual network (ResNet) [107]. The

formulation of the generic supervector may help design new feature representations.

The Gaussian mixture model (GMM) [9] and the restricted Boltzmann machine (RBM) [48] are popular
generative models that can be used for probability estimation and pattern recognition. Both can be

applied to acoustic signal classification tasks; however, there lacks a comparison of the characteristics



of GMM and RBM. To improve the understanding of GMM and RBM, we perform theoretical analyses
and experimental comparisons on the characteristics and applicable scenarios of GMM and RBM. We
also derive the formulation for RBM to estimate the probability of real-valued input feature vectors. In

this way, RBM can be used as a probability estimator in the same way as GMM.

The probabilistic linear discriminant analysis (PLDA) model is the state-of-the-art backend for speaker
verification [55]. However, its original formulation is not efficient when there are many training data,
especially when the training data have a high dimensionality. This prevents PLDA from being a general-
purpose classifier like support vector machine (SVM). While some scalable formulations have been
proposed to make the model parameter estimation process efficient [78][79], we propose the scalable

formulation that makes PLDA able to efficiently predict the class label.

The sparse representation-based classifier (SRC) has demonstrated improved performance over SVM
for speaker identification [67]. However, due to the L1-norm constraint included in the formation of the
sparse representation (SR), the computation of SRC is inefficient. By replacing the L1-norm constraint
by the L2-norm constraint, the collaborative representation (CR) is proposed in [69], which significantly
improves the computational efficiency. To further improve the performance of CR, we propose the
discriminative CR (DCR), which improves the effectiveness of CR while keeping a similar
computational efficiency. In addition, we also propose the minimum residual-based classifier (MRC),
which uses SR, CR and DCR to make class label predictions. MRC can be treated as the generalization

of SRC and CR-based classifier (CRC).

Two popular feature projection techniques are the nuisance attribute projection (NAP) and the Fisher
linear discriminant analysis (LDA) [1]. NAP is usually applied to GSV while LDA is usually applied
to i-vector. These two projection techniques are seldom compared in a fair treatment (viz. with the same
feature representation and the same backend). In addition, their kernel extensions are not given enough
attention. There are many variants of LDA. In this thesis, we focus on two fundamental formulations
and make detailed derivations of their kernel-based versions, and then make a comparison between the
two formulations. The original concept of NAP does not suit pattern recognition tasks well as its target
is to remove the unwanted information from the original feature vector instead of increasing the
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discrimination ability of the original feature vector. Nonetheless, by modifying the meaning of the
parameters involved in the objective function of NAP, it becomes a general-purpose projection
technique like LDA. We then derive its kernel version, which is the generalization of NAP. We also
prove that NAP is equivalent to one formulation of LDA under certain conditions. This builds the

connection between NAP and LDA.

Our major contributions are summarized as follows:

The detailed analysis on the formulation and rationale of GSV and i-vector, the proposal of MFA-

based feature representations that balance the computational efficiency and dimensional flexibility,

and the theoretical and experimental comparisons of different feature representations

e The proposal of the generic supervector, which generalizes GSV and MFALYV, and can be used to
interpret the feature representation learned by a neural network

e The derivation of the formulation for RBM to estimate probabilities for real-valued input feature
vectors, and the theoretical and experimental comparisons between GMM and RBM

e The proposal of the scalable formulation of PLDA that enables it to efficiently make class label
predictions

e The proposal of DCR which improves the discriminativeness of CR, and the proposal of MRC
which generalizes SRC and CRC

e The detailed analysis on LDA, NAP and their kernel extensions, and the proof of the equivalence

of NAP and LDA under certain conditions

1.4 Outline of the Thesis
This thesis is organized into three parts, where each part is relatively independent and self-contained.

Part I includes Chapters 3 and 4, covering the analyses and discussions on several vector-based feature
representations, including GSV, i-vector, and the proposed MFA-based feature representations.
Specifically, Chapter 3 discusses the formulation and the rationale of GSV and i-vector. Some
extensions of GSV are also covered. The MFA-based feature representations are then proposed and

compared to GSV and i-vector. Finally, the generic supervector is proposed, which serves as the
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generalization of GSV and MFALV. Chapter 4 covers comparative experiments on the effectiveness
and efficiency of different feature representations. Some work related to Part | has been included in

journal paper [2] and conference papers [1], [4] of Author’s Publications.

Part Il includes Chapters 5 and 6, covering the analyses and discussions on several classifiers, including
GMM, RBM, SVM, PLDA, and MRC. Specifically, Chapter 5 discusses the formulation of GMM and
RBM, and presents theoretical comparisons between GMM and RBM. The original formulation and the
scalable formulation for PLDA are also analyzed. Binary SVM, multi-class SVM and weighted SVM
(WSVM) are briefly introduced. The formulations of SR, CR and DCR are given, followed by the
description of MRC. Chapter 6 covers comparative experiments on the effectiveness and efficiency of
different classifiers. Some work related to Part Il has been included in conference papers [3], [5], [7].

[10] of Author’s Publications.

Part Il includes Chapters 7 and 8, covering the analyses and discussions on several feature projection
techniques including LDA, NAP, and their kernel extensions. Specifically, Chapter 7 discusses two
formulations of LDA and then derives their kernel-based formulations. NAP is extended to be a general-
purpose projection technique, and the corresponding kernel-based formulation is derived. We then
prove the equivalence of NAP and LDA under certain conditions. Chapter 8 covers comparative
experiments on the performance of LDA, NAP, and their kernel extensions as feature transformation
techniques. Some work related to Part Il has been included in journal paper [1] and conference papers

[2], [6], [8], [9] of Author’s Publications.

Chapter 9 concludes the thesis, summarizing our major findings.

1.5 Datasets Description

In this thesis, two acoustic datasets and two speech datasets will be used to evaluate the performance of
different feature representations, classifiers, and projection techniques. The acoustic datasets are used
to do acoustic scene classification, while the speech datasets are used to do speaker identification.

Details about the datasets are given in Table 1.1 and described as follows.



Table 1.1

Acoustic and speech datasets description.

Number Number of samples Length of | Average
Dataset Task
of classes | Training | Testing | each sample | length
Kingline081 Speaker 20 3997 1998 25~ 10s 4s
Ahumada identification 25 1199 1200 2s ~ 2min 13s
DCASE2013 | Acoustic scene 10 100 100 30s 30s
TUT2016 classification 15 1121 390 30s 30s

Kingline081 [80] is an American English speech corpus comprising continuous speeches with normal
speeds. In our experiments, only a small portion is used, which consists of 20 native speakers’ speeches.
The speeches are recorded in 3 different sessions, where speeches in the first two sessions are used for
training, and those in the third session are used for testing. For each session, there are about 100 samples
contributed by each speaker. This leads to a training set of 3997 speech samples and a testing set of
1998 speech samples. The length of the sample varies from 2s to 10s, and the average length is about

4s,

Ahumada [81] is a Spanish speech corpus comprising speeches recorded using different devices with
varying speeds. The contents include specific texts as well as spontaneous speeches. In our experiments,
only a small portion is used, which comprises 25 speakers’ telephone conversational speeches. The
speeches are recorded in 4 different sessions, where speeches in two sessions are used for training, and
those in the other two sessions are used for testing. For each session, there are about 24 samples
contributed by each speaker. This leads to a training set of 1199 speech samples and a testing set of
1200 speech samples. The length of the sample varies from 2s to 2min. Most samples have a length of

about 3s, and the average length is about 13s.

DCASE2013 [82] contains data from 10 different acoustic scenes. The public dataset consists of 100
acoustic samples, with each acoustic scene having 10 samples. The private dataset consists of 100
acoustic samples, with each acoustic scene having 10 samples. Each acoustic sample lasts for 30s. The

public dataset is used for training, and the private dataset is used for testing.
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TUT2016 [83] contains data from 15 different acoustic scenes. The development set consists of 1170
acoustic samples, with each acoustic scene having 78 samples. After deleting erroneous samples, there
are 1121 acoustic samples in the development set. The evaluation set consists of 390 acoustic samples,
with each acoustic scene having 26 samples. Each acoustic sample lasts for 30s. The development set

is used for training and the evaluation set is used for testing.
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Chapter 2 Literature Review

2.1 Feature Representations

The most widely used frame-level feature representation is the Mel-frequency cepstral coefficients
(MFCC) vector [11]. An MFCC vector is obtained in four steps. First, the Fourier coefficients of a
frame are calculated using the discrete Fourier transformation (DFT). Second, the DFT coefficients are
filtered using the Mel-scale filterbanks, which simulates the perception of human ear. Third, the Mel
coefficients take the logarithm, where convolutive noises are transformed into additive noises, yielding
the logmel vector. Finally, the discrete cosine transform (DCT) is applied, which decorrelates the
elements in the logmel vector and compresses the energy into a smaller number of coefficients,

producing the MFCC vector [12]. The logmel vector itself also works well with DNN [13].

In a speech sample, it is believed that the signal intensity at a time instant can be predicted by the
intensities at previous time instants, which leads to the linear predictive coding. Under this assumption
and following the similar way of obtaining MFCC, we may have the linear predictive cepstral
coefficients (LPCC) [11]. However, this assumption may not generalize well to other types of non-
speech acoustic signals. For some specific tasks, MFCC may not be the best choice even if the signal is
a speech. For example, in [14], it is shown that the energy band gap feature outperforms MFCC for
speech recording device identification. In [15], it is shown that the constant-Q cepstral coefficients
(CQCC), which are obtained by replacing DFT with the constant-Q transform (CQT) in the derivation,

outperform MFCC for speech replay detection.

It is also viable to apply a DNN to extract frame-level feature representations. For example, in [16],
feature representations are extracted by a convolutional deep belief net (CDBN), which is trained in an
unsupervised manner. CDBN-based feature representation has been shown to outperform MFCC in

speaker recognition when the training data are limited. A sequence of consecutive frame-level feature
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representations can be concatenated and then processed by a DNN, yielding the bottleneck feature (BNF)
[17][18], which embeds some temporal information existing in the speech signal. However, the
temporal characteristics are not evident in the acoustic signals for acoustic scene classification [19].
The frame-level feature representation can also be transformed into a probability vector, whose
elements are the posterior probabilities of a Gaussian mixture model (GMM), yielding the
posteriorgram [20]. In our experiments, we shall only employ MFCC as the frame-level feature
representation because of its simplicity and popularity among a wide range of applications, including
speaker recognition [11], acquisition device recognition [2], acoustic environment identification [5],

and acoustic scene classification [6].

The frame-level feature representations can be aggregated using majority voting strategies [21].
However, it is more convenient to describe one sample using one feature representation. This sample-
level feature representation can be a probabilistic model, such as the GMM, which can be used for
speaker identification [22] and verification [23]. To compare the distance or the similarity of two GMMs,
we may adopt the Kullback-Leibler (KL) divergence. However, KL divergence is asymmetric, which
means that the KL divergence between GMM a and GMM b are different from the KL divergence
between GMM b and GMM a. This makes it not really a distance metric. In addition, the calculation
of KL divergence is generally difficult, as it requires integrating over the whole feature space.
Sometimes, it is even intractable if the probabilistic model is complicated. This difficulty raises the

interest in vector-based feature representations [7], which are easier to compare and visualize.

Two widely used vector-based feature representations are GSV and i-vector [1]. GSV is applicable to
speaker verification [7] and identification [24], acquisition device recognition [25][26], acoustic scene
classification [27], and speech signal clustering [17]. The applications of i-vector include speaker
verification [8][18], voice search [28], acoustic scene classification [29], speech replay detection [30],
and acoustic signal clustering [31]. GSV is obtained by adapting the parameters of a GMM-based UBM
using the maximum a posteriori (MAP) adaptation. The adaptation process is simple and fast, but the
dimensionality of GSV depends on the number of mixture components in the UBM, which is

unchangeable. I-vector is obtained by constructing a factor analysis (FA) model based on the parameters
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of a GMM-based UBM. The computation can be time-consuming because of the additional parameters
in the FA model. Nonetheless, the dimensionality of i-vector depends on the size of the factor-loading
matrix, which is changeable. There are also studies focusing on reducing the computational burden of
i-vector by simplifying its formulation [32][33]. The e-vector [34] is a variant of i-vector, which adopts
a different estimation procedure for the factor-loading matrix. Fisher vector (FV), widely used for image
classification tasks [35][36], is similar to GSV in formulation and applicable to speaker identification

[24]. Different from the MAP adaption adopted by GSV, FV is based on the gradients of a GMM [37].

The UBM can also be a deep belief net (DBN) trained in an unsupervised manner [38], or a DNN used
for speech recognition trained in a supervised way [39]. The latter works well while the former does
not, which shows the importance of supervised training. A DNN can be applied to the raw frame-level
feature representations to produce the DNN-based frame-level feature vectors, which are the activation
vectors of a hidden layer. The activation vector can be the output of the intermediate hidden layer [18]
or the last hidden layer [40]. These DNN-based frame-level feature vectors can be used to form an i-
vector [18] or directly averaged to form a sample-level feature representation called the d-vector [40].
However, d-vector is not comparable to i-vector. By taking account of both the average and the standard
deviation, the performance of x-vector is comparable to that of i-vector, or even better after data
augmentation [41][42]. The hidden layer of a convolutional neural network (CNN) can also be used to
construct sample-level feature representations that work well [43][44]. Still, it requires the input feature

vector to have a high dimensionality and the training data to be abundant.

2.2 Classifiers

Most classifiers require constructing a classification model based on a set of training data. The
classification model can then be used to predict the class labels of the testing data. In general,
classification models can be divided into generative models and discriminative models [11]. Generative
models aim at modeling the probability distributions of the training data, and making predictions based
on the probabilities with respect to different classes. An example generative model is the GMM.
Discriminative models aim at classifying the training data into different classes by finding separating

hyperplanes or forming decision functions without modeling the underlying probability distribution.
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Example discriminative models include the support vector machine (SVM) and DNN. There also exist
model-free classifiers that do not build a model but directly use the training data to make predictions,

such as the k nearest neighbor (KNN) classifier and the sparse representation-based classifier (SRC).

Two generative models are widely used in acoustic signal processing. One is GMM, and the other is
the restricted Boltzmann machine (RBM). GMM is a famous generative model that covers a wide range
of application areas, such as speaker recognition [1], speech acquisition device identification [45],
speech replay detection [30], room identification [46], environmental sound classification [47], and
acoustic scene classification [6]. It is famous for its usage as the UBM to provide posterior probabilities
for the computation of GSV, i-vector, or other feature representations [11][24]. RBM, essentially a two-
layer neural network, is also a generative model that can be used for probability estimation [48]. In
addition, it can also be used for doing feature transformation [49]. DBN, which is formed by stacking
multiple RBMs [50], can be used to initialize a stacked autoencoder (SAE) for dimensionality reduction
[51], or used to initialize a DNN for speech recognition [52]. As a brief comparison, GMM is good at
handling low-dimensional decorrelated feature vectors, whereas DNN is good at handling high-
dimensional correlated feature vectors. The combination of GMM and DNN, such as using DNN to
produce the BNF and then using GMM to produce the posterior probabilities [18], may make the best

use of their characteristics.

SVM has a wide range of applications, including classification, regression, and novelty detection [53].
It has been widely used for high-dimensional feature classification tasks, such as speaker recognition
[11], speech acquisition device identification [25][26], acoustic environment identification [5], acoustic
scene classification [29], and environmental sound classification [54]. SVM has been the state-of-the-
art backend for speaker verification in the earlier days [8], while currently it is the probabilistic linear
discriminant analysis (PLDA) model [55]. Besides speaker verification, PLDA has also been applied to
speaker clustering [56] and voice search [28]. CNN is also a good classification model, which can
outperform SVM and PLDA for speaker identification and verification [57][58]. However, it requires
a large number of training data. Some sequence classification models are also applicable to acoustic

signal classification, such as the hidden Markov model (HMM) [54] and the recurrent neural network
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(RNN) [19]. However, as the acoustic sample is related to only one class label instead of a sequence of
labels, the sequential information may not be critical. In addition, acoustic signals for acoustic scene

classification do not possess strong temporal characteristics [19].

The sparse representation (SR), which is essentially a feature transformation technique, has been widely
used in different digital signal processing tasks [59], including face recognition [60], handwritten digit
recognition [61], music genre classification [62], speech recognition [63], speaker verification [64] and
recognition [65], and speech recording device verification [66]. The SRC, which is a model-free
classifier and specially designed for classifying SR [60], has demonstrated improved performance in
speaker identification over SVM [67] and the cosine distance-based classifier [68]. However, as an L1-
norm constraint is included in the objective function of SR, the computation is very slow. In order to
improve the computational efficiency, the L1-norm constraint can be replaced by the L2-norm
constraint, yielding the collaborative representation (CR) [69]. The CR-based classifier (CRC) gives a
similar performance as that of SRC in face recognition but maintains a much lower computational

complexity.

2.3 Sample-level Feature Transformation Techniques

Feature transformation aims at mapping a feature representation from its original feature space to
another feature space. The mapping can be done, e.g., by a projection matrix that maps the feature
representation to a projected space, or a probability function that maps the feature representation to a
probabilistic space. Although feature transformations can be applied to frame-level feature
representations, a frame-level feature representation does not carry much information and thus is not

very exploitable.

Two projection techniques have been popular in speaker recognition studies [1], viz. the nuisance
attribute projection (NAP) and the Fisher linear discriminant analysis (LDA). LDA is widely used as a
dimensionality reduction technique for different applications such as speaker verification [1] and face
recognition [70]. Its kernel extension (KDA) [71][72], which includes an implicit feature mapping

before performing projection, can be more powerful [73]. NAP is widely used for removing unwanted
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information from the original feature vector, which improves the quality of the feature representation
for speaker verification [74] and face recognition [75]. The kernel extension of NAP (KNAP) is also
useful [76][77]. There are also some other projection techniques, such as restricted Boltzmann machine

(RBM) [49], factor analysis (FA), and probabilistic principal component analysis (PPCA) [33].
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Chapter 3 Feature Representations: Theoretical

Analysis

3.1 Gaussian Supervector

3.1.1 Basic Formulation

Gaussian supervector (GSV) is obtained by modifying the model parameters of a universal background
model (UBM), which is usually a GMM. Suppose a GMM-based UBM has already been constructed,
whose parameter set is denoted as 8 = {m,;,, U, O |m = 1,2 ... M}, where M is the total number of
Gaussian mixture components in the UBM; r,,,, u,,, and o, are the corresponding weight, mean vector,
and standard deviation vector of the m-th mixture component respectively (assuming the covariance of

each Gaussian component is diagonal).

Given an acoustic or speech sample denoted as s = {x;,x, ... xy}, where T is the number of frame-
level feature vectors obtained. For each vector x;, a posterior probability p(m|x;,, 8) for each mixture
component as given by (3.1) needs to be calculated, where p, (x¢|tm, 05,) is the Gaussian probability

density function with parameters {¢,,,, 6., }-

TmPg(Xt|m,Om) 31
M g (xelpjo)) (3.1)

p(m|x.,0) =

Having obtained the posterior probability, the sufficient statistics are needed to be calculated based on
the maximum likelihood estimation (MLE) as given by (3.2) ~ (3.4), where E,,[x°], E,,[x] and E,,,[x?]
represent the zero-order, first-order, and second-order statistics for the m-th mixture component
respectively. These statistics are posterior expectations. The operator o in (3.4) denotes the element-

wise multiplication (also known as the Hadamard product).
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Em[x°] = 227, (], 0) (32)

Y p(mx,0)x,
Enlx] = 51 et (33)

S p(m|x,,8)xpox,
E [x2] = &=L 4
A s eromrary (3.4)

The posterior expectations are then combined with the original model parameters of the UBM to form
the adapted parameters as given by (3.5) ~ (3.7), where 7,,,, I, and @, are the adapted weight, adapted
mean vector and adapted standard deviation vector respectively. This adaptation process is based on the
maximum a posteriori (MAP) adaptation. The operation (.)°®) is the element-wise power operation
(also known as the Hadamard power). n is a scale factor automatically determined during the
computation to ensure that the adapted weight 7,,, adds up to one. «,,, is the adaptation coefficient given

by (3.8), where r is the relevance factor [23].

T = N(@mEm[x°] + (1 — ay) ) (3.5)
by =anEn [x] + (1 -aw)tm (3.6)
1
G = (UmEn[x*] + (1 — ap) (07 + pyp) — H77)"2 (3.7)
where
_ _ Em[x°]
Am = Em[x0]+7/T (38)

Having the adapted parameters, the GSV is then obtained by column-wisely concatenating the adapted
mean vectors fi,, form = 1,2 ... M as given by (3.9), where the superscript T denotes the transpose
operation [7]. If the dimensionality of a frame-level feature vector x; is D X 1, the dimensionality of

GSV is MD x 1. An illustration of the computation of GSV is shown in Figure 3.1.

XGSV=[ﬁI ﬁg ﬁ&]T (3-9)
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Figure 3.1 The computation of GSV.
3.1.2 Rationale

The idea of GSV arises from an approximation of the KL divergence between two GMM distributions.
Before the emergence of vector-based representations, an acoustic or speech sample is represented by
a probabilistic model, such as an adapted GMM [23]. Given a sample a and a sample b, suppose their
corresponding adapted GMMs are represented by 8@ = (% 5@ &D|m = 1,2... M} and §® =
#P 5® 52 |m = 1,2 ... M} respectively. The distance between 8@ and ) can be approximated
by the KL divergence given by (3.10), where p(“) (x) and p(b)(x) are the Gaussian probability density

functions with parameters {ﬁf,‘f), N(a)} and {u(b) ’“(b)} respectively [7].

=(a)_ (a)
D (6@N8®) = [, (S 7pS () n (=) ax (310)

It is proved in [84] that the KL divergence between two GMMs is upper bounded by the weighted sum

of the KL divergence between their individual Gaussian components as given by (3.11).

Dy (B@N18®) < Dy, (50117 + Ema v D (P30 o’ @) (3.12)

~(a) ~(b) ~(a) ~(b)

If we assume that 7 =m, and ¢ = 0,,, hamely only the mean parameter is

adapted, then the upper bound of Dy, (8(®]|§®) can be expanded as in (3.12), where Z,,, is a diagonal

matrix whose elements on the principal diagonal are the elements of o;2
b b
Dyt (RSN ) + Zitea 15 Dies, (P () |05 )

= Dy, (T ||T) + 2%:1 TmDg1 ( )(x) ”p(b)(x))
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+00 m (X)
=0+ XM [ PP () lnpw) S dx

= Sl TP 0 (- ) B (x - ) - (x- 2 2t (- ) )

= 25 [p @) (D) 2 - (B) st +2 (B - i)' 2atx) dx
=13 [p0 @ (B s my - (B) s m) dx

F2S o [P0 (2 ()~ D) 2tx) dx

= 23y (D) 22 Y - () 2 E) [ Pl o)

3l (2 (R0 - BY) 25) [0 owd

5 (B2 B — (B0 ) 25 (2 (2~ D) 5
= 25t (B) B m + (BD) 2w -2 () 22 )

=iy (B D) 25 (B9 - D)

< ’Tfmz 2~(a) ’”mz 2~(b)> ( ’”mz 2~(a) ’”mz 2~(b)> (312)

The result in (3.12) can be seen as the Euclidean distance between two supervectors, where each
supervector has the expression as given by (3.13), which is a normalized version of GSV. We name

(3.13) as the normalized GSV (nGSV).

Xngsy = [( \/%zfm)T ( \/%zf;zz) ( \/@ IfﬁM>T]T (3.13)

Hence, by assuming 7% = #? = 7, and &% = &2 = o,,, the KL divergence between §(® and

T

6® are upper bounded by the Euclidean distance between X%‘?SV and XEZ’G)SV, as given by (3.14). That
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is to say, the similarity between two acoustic samples can be approximated by the similarity between

their corresponding nGSVs, which lays the foundation for GSV.
~ ~ 2
Dyt (0@116®) < || X505, — x50y | (3.14)

3.1.3 Extensions

GSV is obtained by concatenating the adapted mean vectors of all the mixture components. It is then
natural to think whether concatenating other adapted parameters may provide some benefits, including
the adapted weights and the adapted standard deviation vectors. This leads to the weight supervector
(WSV) as given by (3.15), which is the concatenation of the adapted weight parameters; and the
variance supervector (VSV) as given by (3.16), which is the concatenation of the adapted standard
deviation parameters. By concatenating WSV, GSV, and VSV, a supervector with an even higher
dimensionality can be obtained as given by (3.17), which is named as fully concatenated supervector
(FSV). The dimensionality of WSV, GSV, VSV, and FSV are M x 1, MD x 1, MD x 1 and (M +

2MD) x 1 respectively.

Xwsy =1 iz - fEyl" (3.15)
Xysy =[6] @) - ayl” (3.16)
Xpsy = [XTWSV ngv X;S‘V]T (3-17)

3.1.4 Relevance Factor

The relevance factor r involved in the calculation of the supervector is a hyperparameter that needs to
be determined. Given a speech sample s = {x;,x, ...xr} and a GMM-based UBM with M mixture
components, we propose to determine the value of r using (3.18), where S is a scaling factor. According
to (3.2) and (3.18), we have ¥ _  E,[x°] =1 and ¥M_,r/T = 3. So, when f =1, we have

M_,r/T =%¥M_| E,[x°]. According to (3.5) ~ (3.7), the adapted parameters depend on both the
statistics of the sample s and the statistics of the UBM. If the sample s fits well to some mixture

component i but fits poorly to some mixture component j, such that E;[x°] > r/T and E;[x°] < r/T,
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we have a; > 0.5 and a; < 0.5. This indicates the adapted parameters of the i-th mixture component
will depend more on the statistics of the specific sample s instead of the UBM, whereas the adapted
parameters of the j-th mixture component will depend more on the statistics of the UBM. When g = 1,
the statistics of the sample s and the statistics of the UBM are equally weighted. The larger the zero-
order statistics, the more the adapted parameters will be tuned towards the specific sample s, and vice
versa. § controls the general dependence of the adapted parameters on the sample or the UBM. The
smaller the g, the more the adapted parameters will depend on the sample; the larger the g, the more

the adapted parameters will depend on the UBM.
—pr
r=p (3.18)

Determining the value of r using 8 is more convenient than directly determining the value of r because
B = 1is the critical point, and the value of 8 can be chosen using f = 1 as a reference. In contrast,

there is no guidance on choosing the value of .
3.2 l-vector

3.2.1 Basic Formulation

The identity vector (i-vector) is obtained by estimating a factor analysis (FA) model based on a GMM-
based UBM [8]. Given a GMM-based UBM denoted as 6 = {m,,,, W, 0 |m = 1,2 ... M}, it is assumed
that a sample s = {x;, x, ... x} is represented by an unobservable supervector X, which is generated
by a latent vector z, as expressed by (3.19), where py 5, is the concatenation of the mean vectors of
the UBM as given by (3.20), V is the factor-loading matrix, and & is a noise vector with zero mean and
diagonal covariance W. The subscript s means that the supervector and the latent vector depend on a

specific sample s.
XS = I’lUBM + VZS + SS (319)
where

ﬂUBMz[Iv‘I ﬂg ﬂL]T (3.20)
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If the dimensionality of x, is D x 1, then the dimensionality of X is MD X 1, but the dimensionality
of z; can be smaller than MD X 1, depending on the size of V. To estimate the model parameters {V, ¥},
we first need to compute the zero-order, first-order and second-order centralized Baum-Welch statistics
for each mixture component in the UBM as given by (3.21) ~ (3.23) respectively, where p(m|x;, 8) is

the GMM posterior probability given by (3.1) [8].

Ep[x°] = X1 p(m|x¢, 6) (3.21)
Ep[x] = Xi—1 p(m|xe, 0)(x¢ — ti) (3.22)
E‘m[xxT] = Yt=1p(m|xe, 0)(xe — ) (Xe — Hon)” (3.23)

The Baum-Welch statistics are frame-level statistics, which are then used to compute the sample-level
zero-order, first-order, and second-order statistics as given by (3.24) ~ (3.26). The subscript s means

that these statistics depend on a specific sample s, and I is the identity matrix whose size is D x D.

E [x°11 - 0 0
Ex)=| 0 BN 0 (3.24)
0 0 Eu[x°1
Eg[X] = [E1[x]" E[x]" - En[x]"]" (3.25)
Ej[xx"]I O 0
Exx"1=| O Eplxal]l - 0 (3.26)
0 0 BulxaTll

Having the sample-level statistics, {V, W} are then estimated using the EM algorithm [86]. In the E-step,
the current estimated {V, W} are fixed while the posterior mean and the posterior covariance of z, are

computed using (3.27) and (3.28) respectively.
Elz,] = I+ VIO IE X)) WWTW1E [X] (3.27)

Elz,zl] = (I + VTW1E[X°V) ™! + E[z,]E[z,]" (3.28)
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In the M-step, the posterior mean and the posterior covariance of z; are fixed while {V, W} are re-
estimated by solving (3.29) and (3.30). S denotes the number of training samples, and diag{.} is an

operation that retains all the elements on the principal diagonal but sets all other elements to zero.
s=1 Es[X°IVE(zsz5] = ¥3-, Es[X]E[25]" (3.29)

P = diag{¥5_,(Es[XXT] — VE[zs]Es[X]T)} (3.30)

__r
Y1 Es[X°]

The EM algorithm for estimating the parameters of i-vector is summarized in Algorithm 3.1, where the
superscript i indicates the number of EM iterations having been performed, and P is the total number
of EM iterations. The initial values of V and W are matrices with ones on the principal diagonal but

zeros elsewhere.

Algorithm 3.1 EM algorithm for i-vector

1 Initialization: QIERAOR 408

2: Fors=1toS

3 Compute E¢[X°], Eg[X] and E;[XXT] using (3.24) ~ (3.26)
4:  End

5: Fori=1toP

6: Set (v, ¥} = {v(-D pi-1}
7. Fors=1to S
8: E[zs] = (I + VT®1E(X V) 'WTW1E[X]
E-step:
9: E[z,zF] = (I + VTWTLE([X°V) ™ + E[z,]E[z,]”
10: End
11 Solve ¥'3_, E[X°IVWOE[z,z]] = ¥5_, E;[X]E[z,]" for v®
M-step: _ 1
12: ¥ = ———diag {Z (Es[XX"] - VOE[z T)}
s= 1ES[X0
13: Update 6: o0 ={v®, g}
14: End
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Figure 3.2 The computation of FALV (i-vector).
Having obtained {V, W}, the i-vector corresponding to the sample s is obtained as the posterior mean of
the latent vector z, as given by (3.31) [8]. We call i-vector the FA latent vector (FALV), because it is
based on an FA model. A corresponding supervector is obtained as the posterior mean of X, as given
by (3.32), and we name it as the FA supervector (FASV). An illustration of the computation of FALV

(i-vector) is shown in Figure 3.2, where H is the dimensionality of z;.
Xrary = E[z] (3.31)
Xrasv = E[Xg] = uypm + VE[zs] = pypy + VXpary (3.32)

3.2.2 Rationale
Consider a set of S training samples denoted as {a4, a, ... as}, where the s-th sample is represented by
a sequence of T, frame-level feature vectors, denoted as a; = {xgs),xgs> x(Ti)}. According to [8] and

[86], the log-likelihood of the sample s, denoted as L(s), should be expressed as

B " ) -
£05) = iter Zita p (m[x(7, Oouam ) 10 s

T
1 -
_Ez%zl 2:1129 (m|xES): HGMM) (xES) - (I‘m + szs)) lPm1 (xES) - (Mm + szs))
(3.33)

where p(m|x§s), Ocmm) is the GMM-based posterior probability given by (3.1), u,, is the mean of the
m-th Gaussian component in the GMM, V,,, and ¥,,, are the m-th sub-matrix of ¥V and the m-th sub-

matrix of W respectively as given by (3.34).
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v=|"2|, w=|0 ¥ 0 (3.34)
Vu 0 o Wy
Equation (3.33) can be reformulated to
T
1 _(s) —1(,.(8)
Ts 1 =\ x —WmAVmzs) | Ym' | % —(m+Vinzs)
L(s) = Tm=12:21P (m|x§S):96MM) InG rrw e g ) i )

(3.35)

T

1 -

— ZM ZTs In 1 _E<x§$)_(ﬂm+vmzs)) q’ml(xES)_(ﬂm‘l'szs)
m=14&t=1 (2m)D/2|p,,|1/2

))”(mlxi”ﬂmw

Using (3.35), the model parameters {V, W} of i-vector can then be treated as obtained by maximizing
the log-likelihood £ given by (3.36), where pg(xgs)mm +V,,z,, P,,) is the Gaussian probability

density function with mean (u,,, + V,,z,) and covariance ¥,,,.

Pl Ocu)

L= Z§=1L(S) = §=1 Z%=1 ZZ‘illn pg (xz(tS)|”m + szs:lpm (336)

In this way, i-vector can be parameterized by 6; vector = {Tm lm» Omo Vi, ®rlm = 1,2 ... M}, where
{Tm Wm, O, } are the parameters of the GMM-based UBM, and {V,,,, ¥,,,} are the parameters of the FA

model.

3.2.3 Relationship with GSV

Although (3.19) is an FA model, the parameters cannot be estimated using the standard FA formulation
because the supervector X is unobservable. In a standard FA model, an observable supervector Y is
related to a latent vector y by the expression given by (3.37), where u is the mean, W is the factor-
loading matrix, and & is the noise term following a Gaussian distribution with zero mean and diagonal

covariance X. Since the supervector Y is observable, the latent vector y can be estimated from Y.

Y=p+Wy+e¢ (3.37)
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The model parameters {u, W, X} can be estimated using the EM algorithm [87]. In the E-step, the
posterior mean and the posterior covariance are calculated, as given by (3.38) and (3.39) respectively.

In the M-step, the model parameters are re-estimated using the posterior expectations in the E-step.
Elyl=U+WTEw)"WTE"Y(Y — ) (3.38)
Elyy"] = U+ wW'z='w)~ + E[y]E[y]" (3.39)

Comparing (3.38) and (3.39) with (3.27) and (3.28), we may substitute y, W, X, Y and u such that

S[xO]—llp (340)

The E-step for a standard FA then becomes (3.41) and (3.42), which is the E-step for estimating the

parameters for i-vector.
E[zs] = (I + VT (Eg[X°]7') ™) "W (Eg[X°] W) 1 (E[X°] T Es[X]) (3.41)
Elzsz{] = (I + VI (Eg[X°]7'W) V) ™! + E[z,]E[z,]" (3.42)

Through the reformulation, the latent vector z, then corresponds to a supervector E[X°]"1E[X]. This
supervector is actually the mean-shifted GSV with r = 0 as given by (3.43), which indicates that i-

vector can be treated as an affine transformation of GSV.

[ 271 p(Lxe,0) (xe—p1) |
~ 1A T
BIOTE] | 2er0se? B -
~ £ [.01-17 t=1 t t 2 E, x| —
By X1 E[x] = | ElV Elx) | | 555Gt | = [ B2 2 | = Xy —
Evlx°1 Enlxl) |57 ey sy | LEMIX] = B
Y1, p(M|x,6)

(3.43)
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3.3 Feature Representations based on Mixture of Factor
Analyzers

3.3.1 Basic Formulation

Albeit i-vector assumes an FA model, the parameter estimation formulation is different from that of a
standard FA model. Besides, the model parameters are estimated based on a GMM, making it resemble
a mixture of factor analyzers (MFA). Since i-vector is neither the result of the standard FA nor MFA,
we consider whether we could form a supervector and a latent vector directly based on an MFA. This
yields the MFA supervector (MFASV) and the MFA latent vector (MFALYV). In the following, we start

by explaining MFA.

An MFA consisting of M factor analyzers can be represented by Oyra = {m Hims Vi, @lm =
1,2 ... M}, where #,,, fi,, and V,,, are the weight, mean, and factor-loading matrix of the m-th factor
analyzer respectively. @ is the covariance parameter of the noise [88]. Different from i-vector which
assumes that an unobservable supervector X follows an FA model given by (3.19), on using MFA, we
assume that each observable frame-level feature vector x; follows an MFA. With this assumption, x;
can be expressed as (3.44), where z, is the latent vector following a Gaussian distribution with zero
mean and identity covariance, and &; is the noise term following a Gaussian distribution with zero mean
and diagonal covariance @. It should be noted that, for a sample s = {xq,x; ...x7}, in the model
assumption of MFA, there will be T latent vectors corresponding to s, denoted as {z4, z; ...z }. This is
different from the model assumption of i-vector, where only one latent vector is corresponding to s,

which is z;.
Xe=Ym_1 ﬁm(ﬁm + vmzt) + & (3.44)

The probability produced by the m-th factor analyzer and that produced by the MFA are then the
Gaussian probabilities as given by (3.45) and (3.46) respectively, where p, (x¢ |y, Vin Vi + ®) is the

Gaussian probability density function with mean fi,,, and covariance (V,,V%, + ®).
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p(x¢|m, Opra) = pg (xt|ﬁm’ ViVl + l’]i) (3.45)
p(xtleMFA) = Z?A‘;Ilzl ﬁmpg(xtlﬁm: VmVTm + fp) (3-46)
The posterior probability with respect to the m-th factor analyzer is then given by (3.47).

ﬁmpg(xt|ﬁm, V,,VE + ‘T’)
Z?ilﬁjpg(xtmj, VjVjT + qJ)

p(mlx;, Opra) = (3.47)

Given a set of S training acoustic samples {a,, a, ... ag} where the s-th sample consists of T, frame-
level feature vectors. Suppose there are totally N frame-level feature vectors obtained from these
training samples, denoted as {x;, x; ... x5}, where N = ¥3_, T;. The corresponding latent vectors are
denoted as {z4, z, ... zy }. The model parameters of an MFA can be estimated using the EM algorithm
[88]. In the E-step, the posterior mean and the posterior covariance of the latent vector are computed

using (3.48) and (3.49) respectively.
Emlzy] = (I+V0,9719,) 7T ® 1 (x, — fi,n) (3.48)
Emlznzh] = (1 + VE®V,) " + Epy 2] 2,17 (3.49)

In the M-step, the model parameters {f,, fim, V., P} are re-estimated using the updated posterior
mean and the updated posterior covariance. In order to re-estimate ¥,,, and ¥ together, we may form
an augmented factor-loading matrix V,,, as given by (3.50). The posterior mean E,,[z,] and the

posterior covariance E,,[z,z%] also need to be augmented accordingly [88].

7 o ~ ~ _ E [Z ] ~ = _ Em[ZanL] Em[zn]]
Vo= W ml, Elzal = [or20)], Bl = | 22 o (3.50)
Using the augmented notations, the M-step is then given by (3.51) ~ (3.53).
fom = = XNy pOM|x0, Oprra) (3.51)

Vm = (211\1’=1 p(m|xy, Oppa) X Em [Z,]7) (Zﬁ=1 p(m|xy, Oypa) Em[2,25]) 7" (3.52)
fp = %diag{z‘ﬁ:l Z%zl p(mlxn: QMFA)(xn - VmEm[Zn])le} (3-53)
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The EM algorithm for MFA is summarized in Algorithm 3.2, where the superscript i indicates the
number of EM iterations having been performed, and P is the total number of EM iterations. The initial
value of @i, is the value of w,,, of the GMM-based UBM; the initial value of 7, is 1/M, and the initial

values of ¥,,, and @ are matrices with ones on the principal diagonal but zeros elsewhere.

Having {f, B, V., P, for a sample s = {x, x, ... x7}, the m-th sub-vector of its corresponding
MFA latent vector (MFALYV) is obtained as the weighted average (i.e., E,,[z]) of the posterior means
of the latent vectors as given by (3.54), where E,,[z;] is given by (3.48), namely E,,[z;] =
(I + VL@ 1Vm) VT P-1(x, — fi,,). The MFALYV is then the concatenation of its sub-vectors as
given by (3.55). An illustration of the computation of MFALYV is shown in Figure 3.3, where the

dimensionality of z; is % x 1 (assuming H is an integer multiple of M) and thus the dimensionality of

MFALV is H x 1.
_ T _ XLap(Mm|X¢, Oypa)Emlz:]
XMFALV,m - Em[ ] - Z{=1P(m|xt: HMFA) (354)
XMFALV = [XITWFALV,1 XLFALV,Z XLFALV,M]T (3-55)

The m-th sub-vector of the MFA supervector (MFASV) is obtained in a similar way to FASV as given

by (3.56). The MFASV is then the concatenation of its sub-vectors as given by (3.57).
Xurasvm = B + VinXuparym (3.56)

XMFASV = [XAT/IFASV,l XLFASV,Z XTMFASV,M]T (3-57)

et (][] H~/\/\-~ T P p—

R? o {El[Z] Ez[ ] .- Eylz]} g
{x1, %3 ...X7} € ()= 1)  erw Xyraw € R¥

Eilz;] E,[z] - Eulz]
Eilz] E, |:x:,_| o Eylzs] € RH/M
Eqlzr] E,lzp] Enlzy

Figure 3.3 The computation of MFALYV.
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Algorithm 3.2 EM algorithm for MFA

10:

11:

12:

13:

14:

15:

16:

17:

Initialization: 6@ = {2, aQ, VY, PO|m = 12... M}
Fori=1toP

Set {7, fom, Vi, ®lm = 1,2 ..M} = {257, @50, V50, @D = 1,2... M}

Form=1toM
Forn=1toN
T[mpg(xnlﬂmrv VT + "p)
pm(xn) =
Li1g (Xn|p), ViV + W)
EWX(z,) = I+ V¥ W) WEW ™ (xy — )
E-step:
EQ(2,25] = (I + VR W)™ + EQ[2,]EP [, ]
O™ @Dry 5T ® ® T

Form E,,’[Z,] and E,,’[Z,,Z,,] from E,;’[z,,] and E,,’[z,,2;,]
using (3.50)

End

@ _1 ZN
Ty = N n=1pm (xn)
-1

M-step: v = (2 P (X)) XnELD (7, ) (Z P () Ery) [z,ﬁ])

[vD a®]=vy

End
Estimate noise 1 N M o
| - —dlag{z > P (0~ VRER [zn])xz}
covariance: ==
Update 6: 80 = { O ad VE,?,‘TJ(")lm =12 M}
End
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3.3.2 Comparison with I-vector

Suppose we have S training samples denoted as {a, a, ... as}, and the s-th sample is represented as a

sequence of T, frame-level feature vectors, i.e., ag = {xi”, x§5> x(T‘?}. Suppose a GMM-based UBM

has been constructed, which is parameterized by O;yy = {Tpm Wm, Om|m = 1,2 ... M}. There are

several differences between i-vector and MFALV.

First, the model parameters are different. The model parameters used to compute an i-vector are
Oivector = {Tm» Bm> O, Vi, ¥ |m = 1,2 ... M}, which is a fusion of the parameters of the GMM-
based UBM and the parameters of an FA model. On the other hand, the model parameters used to
compute an MFALV are Oyr4 = {fm, iy Vi, |m = 1,2 ... M}, which only depend on the parameters
of the MFA instead of the GMM, even though these parameters are initialized to some parameters of
the GMM. From this perspective, i-vector is based on a GMM-based UBM, whereas MFALY is based

on an MFA-based UBM.

Second, the objective function is different. Finding the parameters {V,,, ¥,,} for i-vector can be
regarded as the optimization problem given by (3.58), where z; is the latent vector corresponding to

{xgs>,xgs> x(T?} In contrast, finding the parameters {V,,,, @} for MFALV can be regarded as the

optimization problem given by (3.59), where {z§S>,zgS> ...z(T?} are the latent vectors corresponding to

{xgs), ng> x(T?}. For i-vector, the mean and the exponent involved in the Gaussian probability density

function are dependent on the GMM-based UBM. For MFALYV, the mean and the exponent involved
in the Gaussian probability density function are dependent on the MFA-based UBM. This implies that
MFALYV needs to estimate more parameters than i-vector, which renders MFALV more flexible.

However, the increased parameter space may cause instability issues.

()
D m xt ) QGMM
Vm?PX L= 2?:1 Z%:l 2:11111 Pg (xt(rS) B+ szs'qjm) ( | ) (3.58)
- _\Tm
max £ = 55, 2y 2, Inpg (x| + Vi, @) (3.59)

m
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Third, the model assumption is different. According to the model assumption of i-vector, all the frame-
level feature vectors in a sample share the same latent vector. On the other hand, according to the model
assumption of MFALYV, each frame-level feature vector will have its own latent vector. This latent
vector sharing mechanism may render i-vector more robust, as it captures the common characteristics
across different frame-level feature vectors. Nevertheless, MFALYV treats each frame-level feature
vector as an independent individual, which may provide a better depiction if there are large variations

across different frame-level feature vectors.

Fourth, the time complexity of the EM algorithm used for model parameter estimation is different.
Suppose the dimensionality of i-vector and MFALV is H X 1, then the E-step for i-vector requires

computing the inverse of (I + VTW~1E,[X°]V), whose size is H X H. For MFALYV, each sub-vector

will have a dimensionality of%x 1 (assuming H is an integer multiple of M), and thus the size of

(I + VL, ®~17,,) involved in the E-step will be % X % The E-step of i-vector is operated on a sample,

whereas the E-step of MFALYV is operated on all the frame-level feature vectors. Suppose the time
complexity of inverting an H x H matrix is O(H?) (0(.) is the big-O notation upper bounding the run

time of an algorithm), according to Algorithm 3.1 and Algorithm 3.2, the time complexity of the E-step
3
for i-vector is approximately 0(PSH?), and that for MFALYV is approximately O (PMN (%) ) If each

sample consists of T frame-level feature vectors, meaning that N = ST, then the time complexity of the

3
E-step for MFALYV becomes O (PMST( ) ) =L. 0 (PSH?). This implies that the model parameter

Ll

M M?
estimation process of MFALYV can be more efficient than that of i-vector, especially when T is small or
M is large. A small value of T indicates that the acoustic sample is short. Nevertheless, as the

dimensionality of i-vector can be any integer value, but the dimensionality of MFALYV can only be an

integer multiple of M, i-vector can be more flexible in terms of dimensionality.
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3.4 Comparison of Different Vector-based Representations

3.4.1 Characteristics

GSV is obtained by the MAP adaptation of a GMM-based UBM. The necessary parameters used to

construct a GSV are simply those of the GMM, denoted as 6,5y = {1, Um, O |m = 1,2 ... M}.

I-vector is obtained by estimating an FA model centered on a GMM-based UBM. The necessary
parameters used to construct an i-vector are a fusion of the parameters of the GMM and the parameters
of an FA model, denoted as 0; yector = {Tm> B> Om> Vi, Prlm = 1,2 ... M}. The parameters of i-
vector can also be treated as the parameters of an MFA-based UBM, with the restrictions that, 1) given
a feature vector x;, the posterior probability of the m-th factor analyzer in the MFA equals the posterior
probability of the m-th Gaussian component in the GMM, namely p(m|x;, Ocpmm) = p(M|Xt, Opra),
2) the mean parameter of the m-th factor analyzer equals the mean parameter of the m-th Gaussian

component, and 3) in the MFA, the noise covariance is different for different factor analyzers.

MFALYV is obtained based on an MFA-based UBM. The necessary parameters used to construct an
MFALY are those of the MFA, denoted as Oy rary = {fim B, Vi, ®lm = 1,2 ... M}, where the mean
parameters are initialized from the GMM-based UBM. From this point of view, MFALYV is obtained

by estimating an MFA model initially centered on a GMM-based UBM.

As GSV only requires the parameters of a GMM, its computation is simple and fast. As i-vector and
MFALYV require further estimating an FA or MFA from a GMM, their computation can be time-
consuming. Nonetheless, the dimensionality of GSV is fixed to be MD x 1, where D is the
dimensionality of a frame-level feature vector, and M is the number of mixture components in the UBM.
In contrast, the dimensionality of i-vector and MFALY is changeable, which depends on the size of the
factor-loading matrix in the FA and MFA respectively. In general, different feature representations have

their own advantages and disadvantages.

Although they are different, GSV, i-vector, and MFALV share a common characteristic, which is the

adoption of a UBM. The UBM serves two primary purposes. First, it provides some prior information
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as it is usually trained using a large number of unlabeled data. This prior information includes the
information from different samples. Second, it provides feature alignment. For example, suppose an
acoustic sample is a sequence of different events, but where the events occur is unknown. The mixture
components in the UBM can then be regarded as representing the statistics of different events. For
example, suppose the 1 mixture component represents event A, the 2" mixture component represents
event B, and so forth. In a GSV, the elements 1~D may then represent the possibility that event A
occurs in this sample, the elements (D + 1)~2D may then represent the possibility that event B occurs
in this sample, and so forth. Therefore, the same element in different GSVs is representing the same

attribute. A similar analysis also applies to i-vector and MFALV.

A summary of the characteristics of different vector-based representations is given in Table 3.1. As the
model parameters for i-vector can be treated as a special MFA with some restrictions, we categorize i-

vector to be based on an MFA-based UBM.

Table 3.1 Characteristics of different vector-based representations.

UBM Name Description Dimensionality
WSV Concatenation of adapted weights M
GSV Concatenation of adapted means MD
GMM VSV Concatenation of adapted standard deviations MD
FSv Concatenation of WSV, GSV and VSV M+ 2MD
nGSV Normalization of GSV by weight and covariance MD
FALYV (i-vector) Posterior mean of latent vector 1,2,..00
FASV Affine transformation of FALV MD
MFA
MFALV Expectation of posterior means of latent vectors M,2M, ...
MFASV Affine transformation of MFALV MD
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3.4.2 Computational Complexity

This section analyzes the space complexity of storing the model parameters used to compute a GSV, an
i-vector and an MFALYV, as well as the time complexity of computing a GSV, an i-vector or an MFALV

when the model parameters are ready.

3.4.2.1 Space Complexity

Suppose a frame-level feature vector has a dimensionality of D x 1, and the UBM has M mixture
components. Since the computation of GSV depends only on the parameters of the GMM-based UBM,
the space complexity of GSV is the memory space required by the GMM parameterized by O;py =
{Tm W, O |lm = 1,2 ... M}. As the size of m,,, u,, and 0, is1 X 1, D x 1 and D X 1 respectively,
the space complexity of GSV is given by (3.60), where y is the memory space used to store a scalar

value.
spgsy =Y(M + MD + MD) = yM(1 + 2D) (3.60)

Suppose the dimensionality of i-vector and MFALV is H X 1, where H is an integer multiple of M such
that H = AM with A being a positive integer. This assumption is based on the fact that the
dimensionality of MFALYV can only be an integer multiple of M. Since the computation of i-vector
depends on both the parameters of the GMM-based UBM and the parameters of an FA model, the space
complexity of i-vector is the memory space required by the GMM parameterized by 6;py =
{Tm, B, O lm = 1,2 ... M} and the FA model parameterized by 0z, = {V,,, ¥,lm = 1,2 ... M}. As
the size of V,,, and W,,, is D X H and D x D respectively, the space complexity of i-vector is given by

(3.61). (Notice that ¥, is a diagonal matrix such that only the diagonal elements need to be stored).
SPiwvector = ¥((M + MD + MD) + (MDH + MD)) = yM(1 + (3 + AM)D) (3.61)

Since the computation of MFALYV depends only on the parameters of the MFA-based UBM, the space

complexity of MFALV is the memory space required by the MFA parameterized by 0pp4 =

(R By Vi, ®|m = 1,2 ... M}. As the size of &, i, Vipand Pis1x1,D x 1, D x%and DxD
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respectively, the space complexity of MFALYV is given by (3.62). (Notice that ® is a diagonal matrix

such that only the diagonal elements need to be stored).
H D
Spurary =¥ (M +MD + MD x5+ D) =yM (1+ (1+ D +) (3.62)

As can be seen from (3.60) ~ (3.62), GSV has the lowest space complexity, i-vector has the highest
space complexity, and MFALYV has the space complexity in between. This implies that i-vector needs

more memory space than MFALYV to store the model parameters used for computation.
3.4.2.2 Time Complexity

Given an acoustic sample s denoted as s = {x;, x, ... X7}, the computation of GSV is based on E,, [x]
given by (3.3). Thus, most of the computation time will be consumed by computing the posterior
probability p(m|x;, 8). Since there are T frame-level feature vectors obtained from the acoustic sample,
the time complexity of GSV is approximately given by (3.63), where O(.) is the big-O notation upper

bounding the running time of an algorithm.

The computation of i-vector is based on E[z] given by (3.27). The matrices involved in computation,
ie., V, W, E,[X°] and E,[X], have sizes of MD x H, MD X MD, MD x MD and MD x 1 respectively.
Suppose the inversion of a matrix with a size of A x A has a time complexity of 0(43%), the
multiplication of matrices with sizes A X B and B x C has a time complexity of 0(ABC), and the
inverse of W has been pre-computed. The time complexity of i-vector can then be approximated by
(3.64), with the assumption that A = 0 (D), i.e., A has at most the same order of magnitude as D. (Notice

that only the term with the highest order of magnitude is preserved).
tivector = O(H X MD X MD x MD X H) + O(H®) + O(H X H x MD X MD X 1)
= 0(H?M3D3) + O(H®) + O(H*M?D?) = 0(A2M>D3) + 0(A3M3) + 0(A*M*D?)

= 0(A*M5D3) = 0(M>D>) (3.64)
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The computation of MFALV is based on E,[z,] used in (3.54), namely E,lz,]=(I+
W,}T’*Vm)_lflgllﬁ‘l(xt — fi,,). The matrices involved in computation, i.e., V,, and @, have sizes
of D x% and D x D respectively. Suppose the inverse of @ has been pre-computed, the time

complexity of MFALYV can then be approximated by (3.65), with the assumption that A = O(D).

tMFALV:MTx<0(%xDxDx%)+0(;:—2)+0(%x%xDxDx1)>

— MT x (0 (H;Zz) +0 (”_3) +0 (%)) = MT x (0(A2D?) + 0(3) + 0(A2D?))

= MT x 0(A2D?) = O(MD*T) (3.65)

As can be seen from (3.63) ~ (3.65), if T is relatively small such that T << M*D*, computing GSV will
be much more efficient than computing i-vector and MFALV. If T < M*D, computing MFALV will

be much more efficient than computing i-vector.

A summary of the computational complexity of GSV, i-vector and MFALYV is given in Table 3.2.

Table 3.2 Computational complexity of different vector-based representations.

Name Parameters Space complexity Time complexity
GSV GMM yM(1 + 2D) O(MDT)
FALYV (i-
GMM, FA YyM(1+ (3+ AM)D) 0(M®5D?)
vector)
MFALV MFA YyM(1+ (1+A)D +D/M) O(MD*T)

3.5 Generic Supervector

3.5.1 A General Formulation

According to the analyses and discussions in previous sections, we may illustrate the computation of
GSV, i-vector and MFALYV using Figure 3.4. As can be seen from Figure 3.4, all of them are based on

a background model, which is a mixture model, such as a GMM or an MFA. The background model
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Figure 3.4 The computation of GSV, i-vector and MFALV.

provides a feature mapping that maps a sequence of input vectors (e.g., x4, x, ... x7) to a sequence of
output vectors (e.g., iy, li, ... [lyy). The output vectors are then concatenated to form a single feature
vector, whose dimensionality can be higher (e.g., the dimensionality of GSV) or lower (e.g., the
dimensionality of MFALYV) than the input feature dimensionality D. We call this single feature vector
the generic supervector. The number of output vectors, i.e., M, depends only on the number of mixture

components in the background model, instead of the number of input vectors.

Based on these observations, we propose a generic formulation for the generic supervector Xy (s) as

given by (3.66), where the m-th sub-vector Xy ,, (s) is given by (3.67).

T

X5 () = [(X01®) (Xev2) -~ (Xvm(®) | (3.66)
where
XSV,m(S) = amfm(slg) + b fm (S519) (3.67)

In (3.67), s represents an acoustic sample, denoted as s = {x;, x, ...xr}; S represents a set of acoustic
samples; O represents the model parameters of the background model, which is a collection of sub-
models, denoted as © = {04,0, ...0y}; f, is a feature mapping that maps a sequence of vectors to a
single vector based on @; a,, and b,,, are weighting coefficients. f;,,(s|®) and f,,,(5|0) are called the
mapped vector and the calibration vector respectively. The mapped vector is based on the statistics of

the background model and the sample s. The calibration vector is based on the statistics of the
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Figure 3.5 A generic supervector framework.

background model and a set of samples, which may provide some calibration. An illustration of the

generic supervector is shown in Figure 3.5.

The formulation of GSV fits well to this generic formulation by comparing (3.67) and (3.6). The generic
supervector then becomes GSV with the corresponding parameters given by (3.68). I-vector can then

be obtained by post-processing the generic supervector.

Om = {Ttm, Bim» O}
1
fm(s|©) = ST D (mixe0) t=1p(m|x,, ©)x,

T p(m|x.,0) <t

fm(sle) =HUm

Ay = Oy

by = (1 —am)

(3.68)

The formulation of MFALYV also fits well to the generic formulation by comparing (3.67) and (3.54).

The generic supervector then becomes MFALYV with the corresponding parameters given by (3.69).

O = {ﬁm' ﬁm: Vm: {p}

1 S P
fm(s1©) =WZ?=1p(mlxt.®)(1+VTn‘l’ Wn) VEP lx,
B S S 3.69
fn(S10) = (1 + VR9717,,.) ' PL9 R, (369
am =1
b, =—1
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GSV and MFALYV are homogeneous supervectors, where the sub-models in the background model are
of the same type. It is also feasible to construct heterogeneous supervectors where the sub-models are

of different types.

3.5.2 Relationship with Neural Networks

It is interesting that the feature mapping f,, can be regarded as the activation function of the m-th
neuron in a neural network. Therefore, the feature representations learned by the hidden layers of a
neural network, such as a convolutional neural network (CNN), can be interpreted using the generic

supervector.
3.5.2.1 Interpreting Convolutional Neural Network

In the convolutional layer of a classic CNN, the input vector is convolved with a weight vector, which
is a rectangular window if the input is an image. The sliding rectangular window will move from one
position to another on the image. At each position, a scalar value is obtained, which is the inner product
of the window and the corresponding image patch. The scalar values obtained at different positions
form a filtered image, which is the result of convolving the input image with the sliding window. The
sliding window is also called a filter. In a convolutional layer, each filter yields a filtered image, and

multiple filters yield multiple filtered images.

On using CNN to process an image sample s, the image is actually treated as a sequence of image
patches, denoted as s = {xq, x, ... X7}, where x, is the t-th vectorized image patch. The convolution
process can then be expressed as (3.70), where w,, is the m-th vectorized filter, and * denotes the

convolution operator.
whx] [wl 0 - 07][%
T T x
whxl Lo o win | [xr

If there exist M filters, denoted as W = {w,,w, ...wy}, the vectorized output of a convolutional layer

can then be expressed as (3.71). An illustration of the convolution process is shown in Figure 3.6.
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Wes=[wyxs)" (wyxs)T - (wy*s)T]" (3.71)

The feature representation produced by a convolutional layer, viz. W * s, can then be interpreted using
the formulation of the generic supervector, with the corresponding parameters given by (3.72).
O = {Wp}
fm(Sle) =Wn*S
fm(S1©) =0 (3.72)
a, =1
b, =0
The feature representation produced by a deep CNN can be interpreted as a multi-level supervector,

which is a deep supervector.

%.
v 0

s ={xq,%5 ... X7} Filters {wy, w, ...wy,}

Filtered images {wy * 5, Wy * 5 ... W), * 5}

Figure 3.6 An illustration of the convolution process in a convolutional layer.

3.5.2.2 Interpreting Residual Network

As shown in [107], when CNN has a deep structure, further increasing the depth may degrade the
performance. This phenomenon can be intuitively explained using (3.72). Since the calibration vector
fm (51@) does not occur in the formulation, the output of a convolutional layer highly depends on the
output of the previous layer, which may lead to instability issues. Fortunately, the degradation of
performance can be alleviated by adopting a residual network (ResNet) structure [107], where the output
of a convolutional layer becomes (3.73). In (3.73), wy, is a feature transformation used to ensure w,,, *
s and w, * s have the same dimensionality. If w,,, * s already has the same dimensionality as the input
image sample s, w, * s is then the same as the input image s, meaning that w, performs an identity

feature mapping [107].
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The ResNet structure can be interpreted using the formulation of the generic supervector, with the

corresponding parameters given by (3.74).

O = {Wim, Wo}
fm(sle) =Wn*S

fm(S1®) =wy *s (3.74)
a, =1
b, =1

As can be seen from (3.74), there exist a calibration vector in the formulation of the ResNet structure.

The existence of this calibration vector may help explain the robustness of ResNet intuitively.
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Chapter 4 Feature Representations: Experimental

Comparison

4.1 Experimental Comparison between GSV and Its Extensions

This section briefly compares the performance of GSV, nGSV, WSV, VSV, and FSV in two speaker
identification tasks. The two speech corpora are Kingline081 and Ahumada. The frame-level feature
vector is the 20-dimensional MFCC vector extracted using the Hamming window with 40ms frame
length and 20ms frame shift. The training data are also used to construct the UBM with 128 mixture
components. The dimensionality of GSV, nGSV, WSV, VSV and FSV is 2560 x 1, 2560 x 1,

128 x 1, 2560 x 1 and 5248 x 1 respectively.

The experimental results in the two speaker identification tasks are shown in Figure 4.1, where Figure
4.1 (a) shows the results on the Kingline081 dataset, and Figure 4.1 (b) shows the results on the
Ahumada dataset. Some accuracy values are too low to be shown in the figure. The classifier is a linear
SVM implemented using LIBSVM [85] with default parameters. As shown in the figure, GSV

outperforms WSV and VSV in general, implying that the adapted mean parameter is the most important

GSV vs. its extensions (Kingline081) GSV vs. its extensions (Ahumada)
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Figure 4.1 GSV vs. its extensions for speaker identification employing SVM as the classifier. (a)
Results on Kingline081. (b) Results on Ahumada.
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among all parameters. WSV gives the worst performance, probably owing to its low dimensionality,
which makes it unable to carry enough information. Nevertheless, the weight parameter and the standard
deviation parameter are useful supplements to GSV, as demonstrated by the improved performance
offered by FSV. The normalization operation may also be useful, as nGSV outperforms GSV and FSV
for some values of 8. The scaling factor also plays an important role. The smaller the value of 8, the
more the supervector will depend on the statistics of the specific sample instead of the statistics of the
UBM. This will make the supervectors less similar to each other because the statistics of different

samples can be quite different, while the statistics of the UBM are shared among all supervectors.

4.2 Experimental Comparison of Different Representations

This section compares different vector-based representations in two speaker identification tasks, in
terms of their effectiveness and efficiency. The two speech corpora are Kingline081 and Ahumada. The
frame-level feature vector is the 20-dimensional MFCC vector extracted using the Hamming window
with 40ms frame length and 20ms frame shift. The GMM-based UBM is obtained using the mixture
splitting technique [89]. The parameters of the FA model used to construct FALV (i-vector) and FASV
are estimated using Algorithm 3.1. The parameters of the MFA used to construct MFALV and MFASV
are estimated using Algorithm 3.2. For each speech corpus, the training data are also used to train the
GMM-based UBM, the FA model, and the MFA. PLDA is employed as the classifier, which is
implemented using the scalable formulation [90]. The latent vector in the PLDA model has the same
dimensionality as the feature representation, and the model parameters are estimated using 2 EM

iterations.

4.2.1 Effectiveness and Efficiency of Different Feature Representations

This sub-section compares the effectiveness and efficiency of different feature representations under
the condition of the same dimensionality (except for FSV). The UBM has 128 mixture components,
and all the feature representations have a dimensionality of 2560 x 1, except for FSV, whose

dimensionality is 5248 x 1. GSV and its extensions are calculated with different values of the scaling
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Figure 4.2  Speaker identification results on Kingline081 employing PLDA as the classifier. (a)
Results achieved by GSV and its extensions. (b) Results achieved by i-vector,
MFALYV and their extensions.
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Figure 4.3  Speaker identification results on Ahumada employing PLDA as the classifier. (a)

Results achieved by GSV and its extensions. (b) Results achieved by i-vector,
MFALYV and their extensions.

factor. The model parameters of i-vector, MFALV and their extensions are estimated using different

numbers of EM iterations.

The identification accuracy results on Kingline081 and Ahumada are shown in Figure 4.2 and Figure
4.3 respectively. Figure 4.2 (a) and Figure 4.3 (a) show the identification accuracy achieved by GSV
and its extensions, while Figure 4.2 (b) and Figure 4.3 (b) show the identification accuracy achieved by

i-vector, MFALYV and their extensions. Some accuracy values are too low to be displayed.

As shown in Figure 4.2 (a) and Figure 4.3 (a), GSV and its extensions are sensitive to the scaling factor.
As explained before, the scaling factor controls the similarity between different GSVs. The smaller the

scaling factor, the less similar different GSVs will be. As PLDA itself is an FA model, which assumes
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that the feature representations should follow a Gaussian distribution, the scaling factor seems also

controlling how well the PLDA model assumption has been fulfilled.

As shown in Figure 4.2 (b) and Figure 4.3 (b), i-vector, MFALYV and their extensions are sensitive to
the number of EM iterations used to estimate the model parameters, but more EM iterations do not
mean better performance. Certainly, the more the EM iterations, the more accurate the model parameters
will be estimated towards the model assumption. However, if the model assumption is ill-posed, a more

precise estimation will incur a greater deviation.

The highest accuracy achieved by GSV is comparable to that achieved by i-vector (Figure 4.2) or even
better (Figure 4.3). As explained before, i-vector is an affine transformation of GSV. This
transformation may incur information loss. The highest accuracy achieved by MFALYV is comparable
to that achieved by i-vector (Figure 4.2) or even better (Figure 4.3), which demonstrates the

effectiveness of the proposed representation.

Itis also noticed that the latent vectors (i.e., FALV and MFALYV) tend to outperform their corresponding
supervectors (i.e., FASV and MFASV). One possible reason is that, FASV and MFASV are the affine
transformation of FALV and MFALV respectively, so the latent vectors are the original feature
representation while the supervectors are the transformed feature representation. This transformation
may bring distortion. From another perspective, the latent vector and the supervector can be regarded
as the essence and the appearance of a sample respectively. So, the latent vector serves as the cause of
the supervector, while the supervector serves as the effect of the latent vector. From this angle, the latent

vector is expected to be purer.

The time used to construct GSV, i-vector, and MFALYV using Kingline081 and Ahumada is shown in
Figure 4.4, where Figure 4.4 (a) shows the construction time using the Kingline081 dataset, and Figure
4.4 (b) shows the construction time using the Ahumada dataset. The time consumption is estimated by
running the MATLAB implementations on an iMac desktop computer with 32G memory. For GSV,
time is consumed for feature computation only, as there is no need to estimate additional model

parameters. For i-vector and MFALYV, time is consumed for both feature computation and model
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Figure 4.4 Time consumption for the construction process of different feature representations. (a)
Time consumption on Kingline081. (b) Time consumption on Ahumada.

parameter estimation. GSV is constructed with # = 0.1, and the model parameters for i-vector and
MFALYV are estimated with 1 EM iteration, just for illustration. UBMs with the number of mixture
components varying from 2 to 128 are used to construct the feature representations, so the

dimensionality of the feature representations varies from 40 x 1 to 2560 x 1.

As shown in Figure 4.4, GSV has the highest computational efficiency among all, as it does not need
extra parameter estimation procedures. When the dimensionality of the feature representation is high,
the construction process of MFALYV can be more efficient than that of i-vector, as the former crumbles
the large factor-loading matrix into small matrices such that the matrix inversion computation is faster.
Albeit GSV is the fastest in computation, its dimensionality is strictly restricted by the number of
mixture components in the UBM. That is to say, the dimensionality of GSV is fixed for a given UBM.
In contrast, the dimensionality of i-vector and MFALYV is changeable, depending on the size of the

factor-loading matrix, even if the UBM is fixed.

4.2.2 Dimensionality Flexibility of I1-vector and MFALV

This sub-section compares the effectiveness and efficiency of i-vector and MFALV when their
dimensionality varies. The UBM has 128 mixture components, but the size of the factor-loading matrix
varies, resulting in the dimensionality of i-vector and MFALYV varying from 384 x 1 to 1024 x 1. The

number of EM iterations used to estimate the model parameters of i-vector and MFALYV varies.
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The identification accuracy results on Kingline081 and Ahumada are shown in Figure 4.5, where Figure
4.5 (a) shows the identification accuracy using the Kingline081 dataset, and Figure 4.5 (b) shows the
identification accuracy using the Ahumada dataset. It can be seen from the figure that the effectiveness
of i-vector is quite robust to the change of the dimensionality. Even if the dimensionality of i-vector is
as low as 384 x 1, the performance can still be good. In contrast, the effectiveness of MFALYV is highly

dependent on the dimensionality. The lower the dimensionality, the lower the effectiveness.

The different characteristics of i-vector and MFALV are caused by the differences in their model
assumptions. In brief, i-vector captures the common characteristics of all the frame-level feature vectors
in a sample, whereas MFALYV captures the characteristics of individual frame-level feature vectors and
then takes the weighted average. Suppose the dimensionality of i-vector and MFALV is H X 1. From

the perspective of i-vector, the common characteristics are carried by an H x 1 vector. From the

perspective of MFALYV, the individual characteristics are carried by an % x 1 vector (M is the number

of mixture components in the UBM). If H is small and M is large, the % X 1 vector may not be able to

capture enough information.

These observations imply that the dimensionality of i-vector can be chosen to be very low without
suffering from performance degradation. In contrast, the dimensionality of MFALYV should be chosen

to be relatively high so as to prevent performance degradation.
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Figure 4.5 The effectiveness of i-vector and MFALYV with different dimensionalities. (a) Results
on Kingline081. (b) Results on Ahumada.
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The time used to construct i-vector and MFALYV using Kingline081 and Ahumada is shown in Figure
4.6, where Figure 4.6 (a) shows the construction time using the Kingline081 dataset, and Figure 4.6 (b)
shows the construction time using the Ahumada dataset. The time consumption is estimated by running
the MATLAB implementations on an iMac desktop computer with 32G memory. The model parameters

for i-vector and MFALYV are estimated with 1 EM iteration. The UBM has 128 mixture components.

It can be seen from the figure that the computational efficiency of MFALYV is quite robust to the change
of the dimensionality. Even if the dimensionality of MFALYV is as high as 1024 x 1, the time
consumption can still be low. In contrast, the computational efficiency of i-vector is highly dependent
on the dimensionality. The higher the dimensionality, the lower the computational efficiency. These
observations imply that the dimensionality of MFALYV can be chosen to be very high without suffering
from computational inefficiency, while the dimensionality of i-vector should be chosen to be relatively

low in order to lighten the computational burden.
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Figure 4.6  The efficiency of i-vector and MFALV with different dimensionalities. (a) Time
consumption on Kingline081. (b) Time consumption on Ahumada.

51



Chapter 5 Classifiers: Theoretical Analysis

5.1 Gaussian Mixture Model

This section starts by describing a general mixture model. It then introduces the basic formulas of the
Gaussian mixture model (GMM), which is a popular probabilistic model applicable to speech signal
processing tasks, either used for doing classification [22] or feature extraction [7]. GMM is able to
smoothly approximate any probability density function [9]. The expectation-maximization (EM)
algorithm used to estimate the model parameters of GMM is also introduced. The EM algorithm is an
iterative algorithm that requires some initialized parameters. Rather than a random initialization of the

parameters, the mixture splitting strategy can be adopted.

5.1.1 Expectation-Maximization Algorithm for Mixture Models

A mixture model is a mixture of many single models. Different single models have different parameters
and describe different probability distributions, so combining these single models to form a mixture
model may better describe the distribution of a set of data. Suppose a mixture model consists of M
mixture components, denoted as 8 = {6, 6, ... 6y }. Given a vector x, the probability that the mixture
model assigns to it is the weighted sum of the probabilities assigned by the mixture components as
given by (5.1), where the weighting coefficient m,, adds up to 1 to ensure p(x|8) is a probability

distribution.

p(x]0) = Lin=1 TP (x(6) (5.1)

Given a set of training vectors {x;, x,, ... xy }, the parameters of the mixture model can be estimated by

maximizing the log-likelihood given by (5.2).

L=33-11n p(xy|0) = Xooy In X0y TP (X5 |0) (5.2)
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However, as £ involves the logarithm of the summation, it may be challenging to optimize (5.2) directly.
Suppose a training vector x,, is generated by the probability distribution described by one of the M
mixture components. For {x;,x,,..xy}, there can be a set of corresponding latent variables
{z1,2,, ...zy}, Where z,, € {1,2 ... M} tells which mixture component generates x,,. With the help of this
latent variable, we may then apply the expectation-maximization (EM) algorithm to optimize the

parameters of the mixture model [91].

The EM algorithm includes an E-step and an M-step. In the E-step, the posterior probability of the latent
variable is computed as given by (5.3), which is the probability that the latent variable z,, equals m
given the observation x,,. As z, is a latent variable, we will never know its exact value, but only the

probabilities of being different values.

p(xp,zp=m|0) — p(xplzp=m,0)p(z,=m|6) — TP (Xn|0m) (5 3)
P (xn|6) P(%n|6) M D (xnl6)) '

p(z, = m|x,,0) =

In the M-step, with the posterior probability given by (5.3) fixed, the model parameters are re-estimated
using the posterior probability in the E-step, by maximizing Q(6’, ) defined in (5.4) with respect to 6.

@' is the new estimation of 4.

Q(6',6) = =1 Xim=1P(2n = m|x,, 0) Inp(xy, 2, = m|6) (5.4)

The EM algorithm will run for several iterations until convergence or the total number of iterations
exceeds some threshold. In each iteration, the E-step computes the posterior probability based on the
model parameters from its previous iteration, and the M-step re-estimates the parameters based on the

posterior probability obtained in the E-step.

5.1.2 Fundamentals of GMM

Gaussian mixture model (GMM), as a famous type of mixture model, is a mixture of many single
Gaussian models combined in a weighted manner. A GMM with M Gaussian components can be
parameterized by 6 = {m,,, m, L Im = 1,2 ... M}, where m,,,, u,,, and X,,, represents the weight, the

mean, and the covariance of the m-th Gaussian component.
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Given a set of training vectors {x4, x,, ... x5 } and a set of initialized parameters 6 = {m,,, U, Zp|m =
1,2 ... M}, based on the aforementioned EM algorithm, the E-step computes the posterior probability of
Xy, being generated by the m-th Gaussian component as given by (5.5), where p; (X, |fm, Z) is the

Gaussian probability density function with mean u,,, and covariance X,,,.

TmPgXnllmEm)
55
294:1 Tjpg(XnlpjZj) (5:5)

p(mlxn; 0) =

The M-step then, making use of the posterior probability in (5.5), computes a new set of model
parameters 8’ = {1, U, Er|m = 1,2 ... M} by maximizing Q(6', 8) with respectto 6, yielding (5.6)

[91].

, 1
Tm = ﬁzg=1 p(mlxnv 0)

1 _ 211\1]=1 p(m|xy,0)xy,

0Q _ —&an-1th T om

37 = Zn=1 D0 0) (tn—Him) n =)
m Tn=1P(mxn,0)

The parameters of the Gaussian components in a GMM can be initialized randomly or using the K-
means algorithm [91]. After initialization, the parameters can be re-estimated for several EM iterations
until convergence. The EM algorithm is summarized in Algorithm 5.1, where the superscript i indicates

the number of EM iterations having been performed, and I is the total number of EM iterations.

5.1.3 Mixture Splitting Strategies

Most of the time, it is safe to assume that the covariance matrix X,,, for each Gaussian component in a
GMM is diagonal [9]. The parameters of a GMM can then be expressed as 6y = {7y, Wim, Om|Mm =
1,2 ... M}, where the i-th element of a,, is the square root of the ii-th element of X,,. With this
assumption, we may then adopt a mixture splitting strategy to initialize the model parameters in a
deterministic way instead of randomly [89]. This strategy starts from the model parameters of a single
Gaussian model (i.e., 1-component GMM), and increases the number of mixture components step by
step to M. Two mixture splitting strategies are given in Algorithm 5.2 and Algorithm 5.3. The subscript
of 8; and the superscript of {n,(;?,uﬁ,‘;),z,(:?} indicate that the number of Gaussian components in the

GMM 6; is i. The parameters of 8, are simply those of a single Gaussian model. The operator U
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Algorithm 5.1 EM algorithm for GMM

1:  Initialization: 6© = {n,(,?),u;?),z;‘j>|m =1,2 M}

2: Fori=1tolI

3: Form=1toM
i—1 i—1 i—1
: : (i-1) T )pg (x”“"(;l L, ))
4: E-step: p(m|x,, 60D) = D D D
j=1T; "Pg (xnlﬂj 'zj )
; 1 N .
i 23" plntan00-0)
n=1
6: O _ Tn=1p(mlxy, 69"y,
| Msteps TS Gl 600)
. - . T
7: z(l) _ g=1 p(mlxn'g(L—l)) (xn - ”‘grll)) (xn - 1(';1))
" n=12(m|xy, 0(=D)
8: End
0: Update 6: 80 = {nf,i>,u£;3,z,§?|m =12 M}
10: End

Algorithm 5.2 GMM mixture splitting strategy |

1: Initialization: 6, = {n§1>,u§1),a§1)} = {1,;151),051)}
2. Fori=2toM

3 Find largest weight: J = argmax {n,(,il_l)lm =12..i— 1}
m

0, = {n,(,il_l),ugl_l),agl_l)lm =1.i—1m# j}

Split mixture ' ' | |
component:
5. Re-estimate 6; using Algorithm 5.1

6: End

realizes the union of two sets. In Algorithm 5.3, the operation |. | outputs the largest integer that is not
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Algorithm 5.3 GMM mixture splitting strategy Il (faster version)

1. Initialization: 6, = {n§1>,u§1), a&l)} = {1,;1&1),0&1)}
2: L = |log, M|

3: Fori=1tolL

_ (271 (@7 _ @) @] _ i-1
split mixture 0, = {O.Snm T 0.20,, ’,0,, m=1..2
4:
. i-1 i-1 i-1 i-1 )
component: U {O.Sn,(,f ) 4026% ) 6 m=1 ...21—1}
5: Re-estimate 6,: using Algorithm 5.1
6: End
7. Fori=2l+1toM
Find largest .
8: Jj = argmax {n,(,ll_l)|m =12..i— 1}
weight: m
0, = {ng_l),u%_l),a,(f;_l)lm =1l.i—-1m# j}
Split mixture , , . .
9: U {5z, ™ — 0.26(7 Y, 0"V}
component:
(-1, >G-1) (-1 (-1
) {0.57rj oM + 0.20'j )0 }
10: Re-estimate 6; using Algorithm 5.1

11: End

larger than its input real value.

The first mixture splitting strategy increases the number of Gaussian components one by one, so M
Gaussian components will require splitting for M — 1 times. The second mixture splitting strategy first
doubles the number of Gaussian components and then increases the number of Gaussian components
one by one, so M Gaussian components will require splitting for [log, M| + M — 211982l times. It is
obvious that |log, M| + M — 2ll°82Ml < 0 — 1 since |log, M| < 2l1°82M] — 1 implying that the
second splitting strategy is more efficient. An illustration of the two mixture splitting strategies is shown

in Figure 5.1.
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Figure 5.1 An illustration of the mixture splitting strategies.

In the experiments described in this thesis, any GMM will be constructed using Algorithm 5.3, as it is
faster. Besides, we also assume that the number of Gaussian components in the GMM will be a power

of 2, which simplifies the construction process and saves the construction time.

5.1.4 GMM for Classification

In order to employ GMM for doing classification, we may construct a class-specific GMM for each
class using only the training data from that class. This results in a total of K class-specific GMMs for
K different classes, denoted as {6, 8,, ... 0 }. The label £(yy) of a testing vector y can then be predicted
by finding the class-specific GMM giving the largest posterior probability as given by (5.7). In the
experiments described in this thesis, we will first utilize all the training data to train a class-independent
GMM, and then utilize the parameters of the class-independent GMM as the initialized model
parameters to train the class-specific GMMs. The class-independent GMM provides a better
initialization, as the number of training data in a single class will be much smaller than the number of

all the training data.

P(y16k)

¢(y) = argmaxp(k|y) = argmax X, p(16))

= argmax p(¥16x) (5.7)

5.2 Restricted Boltzmann Machine

This section introduces the basic concept and basic formulas for restricted Boltzmann machine (RBM),
and describes how it can be used for pattern recognition tasks. RBM is a probabilistic model and thus

can be used for probability estimation. This enables it to be directly used for classification tasks [48].
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Stacking multiple RBMs produces the deep belief net (DBN), which can be used to initialize a deep
neural network (DNN). The DNN can then be fine-tuned for different purposes, such as dimensionality

reduction [51] and pattern recognition [50].

5.2.1 Fundamentals of RBM

Restricted Boltzmann machine (RBM) is a two-layer neural network. It consists of a visible layer where
each neuron is called a visible unit, and a hidden layer where each neuron is called a hidden unit. The
visible layer is usually used to receive the input, while the hidden layer is usually used to produce the

output. Both the visible and hidden units follow a Bernoulli distribution and take the value of 0 or 1.

RBM is an energy-based model, which assumes that a form of energy exists inside the network as given

by (5.8), where v is the visible vector and v; is the i-th visible unit, k is the hidden vector and h; is the

j-th hidden unit, b is the bias term for the visible layer, c is the bias term for the hidden layer, and W is
the weight matrix connecting the visible layer and the hidden layer. E (v, h) is the energy existing in

the RBM [48][92]. A depiction of RBM is shown in Figure 5.2.

E,h) = = Yicvisibie biVi — X jeniaden Cihj — Xi XjhjWjv; = =b"v —c"h — h"Wv  (5.8)

P T

hy h; hy : a hidden unit/neuron

é ; % § : avisible unit/neuron

vy v, V3 . v

I

Figure 5.2 A depiction of RBM.

In an RBM, a probability is associated with (v, h) as given by (5.9), where Z is the “partition function”
taking the sum over all possible values of v and h as given by (5.10), serving as the normalization term

to make p(v, h) a probability distribution [48].
p(v,h) = ~e @M (5.9)

where
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Z=%,2pe F®M (5.10)

By marginalizing out h, we can calculate the probability that the RBM assigns to v as given by (5.11),

where F(v) is defined as the free energy.
p(W) = Lpp(v, h) = ;Tye EOW = Ze=F) (5.1)

Given a visible vector v, the parameters 8 = {W, b,c} of an RBM are adjusted by raising the
probability p(v) or lowering the free energy F(v). This free energy determines the probability the
RBM assigns to a visible vector. The lower the free energy, the higher the probability. This assumption
resembles the behaviors of the molecules in a thermodynamic system, where the higher the energy, the

more unstable the molecules will be. Therefore, we prefer lower energy in the system.

The gradient of In p(v) with respect to 6 can be computed as given by (5.12) [92].

a1 0E(v,h , 0E(v',h
WP — 3, p(hp) ED 1 3 3 p (0, ) LN (5.12)

Based on (5.12), we can then have the gradients with respect to W, b and c as given by (5.13) [48][92],

where (.),njv) IS the expectation over the distribution p(h|v).

dlnp(v)

P2 = Sap(RI)RV" = Ty Sap(@', Y = (W) gy — (VT Doy

al . )
r;z;(v) =2ap(h|V)v — Xy Zap (V' W)V = (V)pmpw) — Vpwn (5.13)
al .
n;:(v) =Ypp(hv)h =3 Tpp(@', B)h = (h) ) — (M) pwny

Computing the expectation over the distribution p(v, h) is difficult, but we can approximate it using
Gibbs sampling [92]. Given a training vector x, Gibbs sampling is given by (5.14), where v® and h(®
are the sampled visible vector and hidden vector respectively after performing p steps of Gibbs
sampling, and h® ~ p(h|v®)) means sampling a vector h(®) from the distribution with the

probability p(h|v®).
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(0 = x
R ~ p(h|p©)
v® ~ p(|h®)
hD ~ p(h|vW) (5.14)

p@+D) L ?(vm(p))
h®+D <~ p(h|p®P*TD)

Given a training vector, the gradients of its log probability are then approximated using p steps of Gibbs

sampling as given by (5.15), which is known as the contrastive divergence (CD) algorithm [48].

dlnp(w) _ T T
AW o O (@) — p@) (vP))

611;7;(17) ~ p© — p® (5.15)
dInp®  p(O) _ p®
dc

Usually, 1 step of Gibbs sampling is good enough, which is used in our experiments. The complete
algorithm for estimating the parameters of an RBM can be found in [92]. To prevent the randomness
caused by sampling, we use the expected value of h instead of sampling a value from the distribution
with the probability p(h|v®)). As h is a binary vector, its expected value is then equal to p(h =
1|v®). This results in the gradients of the log probability as given by (5.16), where h(®), () and RV

are vectors whose i-th elements are given by (5.17).

IPE®) o O (@) — HO (pD)

ow
% ~ v — () (5.16)
9Inp(™) . O _ o
dc
where
»© = x

0
h® = Eyolhil = p(h; = 11v®)
vV = Eypovi] =pv; = 11h©)

4

Y = Epppwlhi] = p(hy = 1lv®)

(5.17)

The posterior probability p(h; = 1|v) used in (5.17) can be calculated as given by (5.18), where W; .

is the i-th row of W, and sigm(.) is the sigmoid function.
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(h; = 1|v) = p(hi=1,v) _ exp{—E(v,h;=1)} _ exp{bTv+c;+W; v}
pi = T p(hi=1v)+p(hi=0,v)  exp{—~E(wh;=1)}+exp{—~E(w,n;=0)}  exp{bTv+c;+W;v}+exp{bTv}

— exp{ci+Wi,:17} — Sigm(ci +Wi,:‘U) (518)

exp {c;+W;.v}+1

The posterior probability p(v; = 1|h) is calculated in the same way, as given by (5.19), where W is

the i-th column of W.
p(v; = 1|h) = sigm(b; + ATW_)) (5.19)

Having the gradients, &6 = {W, b, c} can then be estimated using gradient ascent to raise the log-

likelihood In p(v).

5.2.2 Gaussian RBM

Bernoulli RBM can handle binary input vectors only; however, acoustic or speech feature vectors
usually have real values. In this case, we may assume that the visible unit follows a Gaussian distribution
with zero mean and identity covariance, while the hidden unit still follows a Bernoulli distribution [48].
This RBM is called Gaussian RBM (GRBM), and the energy function has the form as given by (5.20)

[52].
E(w,h) = %(v —b)’(w—b)—cTh— hTWv (5.20)

In GRBM, the posterior probability of the hidden unit is the same as (5.18), while the posterior
probability of the visible unit is different from (5.19), which is then given by (5.21). In (5.21), A
contains the terms independent of v which are useless in the integration, and D is the dimensionality of

V.

(wlh) = @R _ _p@ __ep(-E@m) _ exp{—3(v-b)T w-b)+cTh+hTWv}
p p(h) Jpwhdv  [exp{-E(vh)}dv fexp{—%(v—b)T(v—b)+cTh+hTWv}dv
exp{—%(v—(b+WTh))T(v—(b+WTh))+A} exp{—%(v—(b+WTh))T(v—(b+WTh))}

B fexp{—%(v—(b+WTh))T(v—(b+WTh))+A}dv B fexp{—%(v—(b+WTh))T(v—(b+WTh))}dv
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_ exp{—%(v—(b+WTh))T(v—(b+WTh))} = p,(w|b + WTh,I) (5.21)

2nD/2

As can be seen from (5.21), p(v|h) is actually a Gaussian distribution with mean (b + W7 h) and
identity covariance. The gradients for GRBM have the same expression as (5.16), but with the visible
and hidden vectors given by (5.22).
v(o) =X
h? = Eppolhl = p(h; = 1p©)

v® = E,,0v] = b+ WTh®
1
Y = Eppolhil = p(hy = 1jv®)

(5.22)

5.2.3 Deep Belief Net

Deep Belief Net (DBN) consists of one input layer and many hidden layers, where each pair of adjacent
layers forms an RBM [50]. Suppose a DBN consists of L + 1 layers, then the 1% layer and the 2" layer
form the 1% RBM, the 2" layer and the 3 layer form the 2" RBM, and so forth. Totally there are L
RBMs. The parameters of these RBMs are adjusted sequentially. That is to say, after adjusting the
parameters of the [-th RBM, its parameters are fixed. Then, we start adjusting the parameters of the
(I + 1)-th RBM, whose visible units are the hidden units of the [-th RBM. If the input has real-valued
data, the 1% RBM should be a GRBM, while the others are Bernoulli RBMs. A depiction of DBN is

shown in Figure 5.3.

- o LthRBM

- 2 RBM

Figure 5.3 A depiction of DBN with L + 1 layers.
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After training the DBN by training a stack of RBMs one by one, a softmax layer can then be added to
the last layer of DBN to form a DNN classifier. This DBN-DNN can then be fine-tuned using the cross-
entropy loss function [10]. The number of neurons in the softmax layer is equal to the number of classes,

meaning that the output of each neuron can represent a posterior probability of a class.

Suppose a vector x is the input to a softmax layer, whose elements are the weighted sums of the neurons’
activations in the previous hidden layer. Suppose the output vector is denoted as y, whose
dimensionality is K x 1, where K is the number of classes. Then, the softmax layer can be expressed as

given by (5.23), where x;, and y,, denote the k-th element of x and y respectively.

Vi = s (5.23)

5y exp (x)

Given a set of training vectors used to train the DNN, denoted as {x;, x, ... x5 }, Where x,, is the n-th
training vector. Suppose the corresponding output vectors of the softmax layer is {y;, y, ... ¥y}, and the
corresponding labels are {l,, L, ... Ly}, which are one-hot vectors with a dimensionality of K x 1. That
isto say, if x,, belongsto class k, only the k-th element in the label vector 1,, will be 1 and the remaining
will be 0. Then, the cross-entropy loss is expressed as given by (5.24), where In(.) is an element-wise

operation. As L,, is a one-hot vector, only one element in y,, will be involved in the loss function.
loss = — = N_; 1FIn(y,) (5.24)

Given a testing vector, each neuron in the softmax layer of DBN-DNN produces a posterior probability
as given by (5.23). The class label of the testing vector can then be predicted as the class having the

largest posterior probability.

5.2.4 RBM for Classification

Apart from stacking multiple RBMs to form a discriminative model, such as the DBN-DNN, we may
also use RBM as a probability estimator. Given a vector x, an RBM assigns a probability p(x) to it

based on the free energy F(x) as given by (5.25).
p(x) = %Zh e Exh) = %e‘F(") (5.25)
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For a Bernoulli RBM with the energy function given by (5.8), using the factorization trick in [92], the

free energy can be expressed as (5.26), where h; is the j-th hidden unit.
F(x)=-InYpe E®M = —pTx — ¥ In T exp{h;(c; + W; .x)} (5.26)
Noting that h; can only have a value of 0 or 1, the free energy is further simplified to
F(x) = —b"x — ¥ ;In(exp{(c; + W;.x)} + 1) (5.27)
Similarly, for a GRBM with the energy function given by (5.20), the free energy then becomes
F(x) = (x = b)(x — b) — £;In(exp{(c; + W;,x)} + 1) (5.28)

Although the free energy can be computed, the partition function Z is still intractable and so is the
probability p(x). Therefore, we may not be able to train a class-specific RBM for each class and

compute the relative probability, as different RBMs will have different partition functions.

To avoid the calculation of the partition function, we may train a joint model [48]. Suppose we have a
set of training vectors {x;, x, ... x5}, Where x,, is the n-th training vector having a dimensionality of
D x 1, and a set of corresponding label vectors {l;, 1, ... 1y}, where 1,, is a one-hot vector having a

dimensionality of K x 1. The joint model is described as follows.

In the training stage, a pair of training vector and training label {x,,, L,,} are concatenated to form an
augmented training vector x,, whose dimensionality is (D + K) x 1. The augmented training vectors
{x,,%, ...Xy} are then used to adjust the parameters of the joint RBM. A depiction of the joint RBM is

shown in Figure 5.4.

. : a hidden unit/neuron

: a visible unit/neuron

L5 vy Vp Vp+1) Vp+2 Vp+k

Feature vector Label vector
Figure 5.4 A depiction of the joint RBM.
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If the training vectors have binary values, the energy function has the form given by (5.29), where X is
the augmented vector, x is the original vector, L is its corresponding label vector, W®) is the weight
matrix connecting x and h with b being the bias, W is the weight matrix connecting I and h with
b® being the bias, ¢ is the bias for h, W is the concatenation of W) and W®, and b is the
concatenation of b™) and b, The training procedure is then the same as training a Bernoulli RBM

with parameters {W, b, c}.
E@ h) = —(b®) x — TW®x — (b®) 1 - TWOL - ¢Th = —BT% — c"h — hTW# (5.29)
where

- — ~ (x)
= [} W= wol 5=[t7] (530)

If the training vectors have real values, the energy function should have the form as given by (5.31),

which is the fusion of a Gaussian RBM and a Bernoulli RBM.
E®h) = %(x - b(x))T(x —b®) — ATW®x — (b(l))Tl “hWWOL = cTh
1 T T —
=-(x=b®) (x=b®) ~ (bV) 1 - c"h - K" WX (5.31)

The gradients for training this heterogeneous RBM have the same expression as (5.16), but with the

visible and hidden vectors given by

2© — % — [x(O) _ [x]

1(® l
h® = Eppolhi] = p(hi = 1|v©®) = sigm(c; + W; v®)
p® 4 (W(x>)T h©
T (5.32)
»D x((ll)) [ xlh(o) ]] _ [b(x) + (W(")) h(o)] ~| »pU, =1R®)
Eypoll p(l = 1|h©®) :
p(lx = 11h®)
h® = Byl = p(hy = 1/v®) = sigm(c; + W, v D)
where
p(l = 11h) = sigm (b + ”TW ) (5.33)
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In the testing stage, a testing vector y is concatenated with trial label vectors {£,, €, ... €x}, where £,
has a dimensionality of K x 1, and the k-th element is 1 while other elements are 0. Denote the
concatenated testing vectors as {¥;,¥, ... ¥k}, whose dimensionality is (D + K) x 1. Using the
factorization trick in [92], the free energy of ¥, is then given by (5.34), where A(y) is a term only

related to y but not €, and h.

F(¥) = —InYpe B0l = A(y) — (b(l))Tt’k -2 ln(exp{(cj + Wj,yk)} +1) (5.34)

We can then predict the label of y by finding the largest posterior probability or the lowest free energy

among {¥;,¥, ... ¥k} as given by (5.35).

= 1,-F(k)
_ _ O _ € _ ~F(¥1)
2(y) = argmaxp(k|y) = argmax =&~ = argmax—%——— = argmaxe " Ok
() = argmaxp(kly) = argmax gz &5 = argn SRR g1
= argmin F (¥}) = argmin {—(b(l))Tt’k -2 ln(exp{(cj + W,-,yk)} + 1)} (5.35)
k k

5.3 Comparison between GMM and RBM

To effectively employ GMM as a classifier, the feature vectors are supposed to be independent of each
other and follow the Gaussian distribution. To estimate a Gaussian distribution from a set of training
vectors, the dimensionality of the vectors should be considerably smaller than the number of vectors;
otherwise, the covariance will not be accurately estimated. Most of the time, it is assumed that the
covariance of each Gaussian component in a GMM is diagonal, which implicitly assumes that the
elements inside a feature vector should be independent of each other, i.e., the elements should be
decorrelated. In addition, as can be seen from the EM algorithm given in Algorithm 5.1, the model
parameters of a GMM capture the inter-feature relationship (i.e., the relationship between the elements
in the same dimension of different feature vectors), instead of the intra-feature relationship (i.e., the
relationship between the elements in different dimensions of a feature vector). Therefore, GMM can

capture the global characteristics across different feature vectors.

To effectively employ RBM as a classifier, the feature vectors are expected to have a high

dimensionality such that enough information is stored in a feature vector. As can be seen from the
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energy function of RBM given by (5.8), the model assumes that the variables in the visible layer are
related by a weight matrix, meaning that the elements inside a feature vector should be correlated. This
is contrary to the implicit assumption of GMM that the elements inside a feature vector should be
decorrelated. From this perspective, RBM actually captures the intra-feature relationship instead of the
inter-feature relationship. For acoustic or speech signals, the input to RBM can be a sequence of
consecutive feature vectors. In this way, RBM may capture the local characteristics of the signal. By
increasing the length of the sequence, it may capture more characteristics, but they are still local
characteristics as it cannot capture the characteristics across different samples. Similar analyses also

apply to DBN-DNN, as DBN is trained by stacking multiple RBMs.

In summary, GMM can handle low-dimensional decorrelated features, whereas RBM can handle high-
dimensional correlated features. GMM can capture global characteristics, whereas RBM can capture
local characteristics. From this perspective, GMM and RBM seem complementary to each other, and
the ways of combing them, such as using RBM to extract features so that the local characteristics are
embedded in the features, and using GMM for classification purposes so that the global characteristics

are taken into consideration, may produce some interesting results.

5.4 Support Vector Machine

This section starts by briefly introducing the basic formulation of support vector machine (SVM), which
is a mature classification model having a wide range of applications [53]. Originally SVM is designed
for doing binary classification, but it can be easily extended to handle multi-class cases by forming
multiple binary SVMs. By introducing a weight parameter, SVM can be extended to weighted SVM
(WSVM), where different training data can be unequally weighted to emphasize their importance or

relevance to the model.

54.1 Binary SVM

A two-class SVM classifier is a maximum margin classifier [53]. Given a training set consisting of data
belonging to two classes, denoted as the positive class and the negative class, SVM aims at finding a

separating hyperplane that separates the positive data and the negative data into different sides of the
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hyperplane. The hyperplane is obtained by maximizing the margin, which is defined as the smallest

distance between the data and the hyperplane [53].

Given a set of training vectors {x;, x, ... x5}, and the corresponding training labels {l;, l, ... [y} where
l, € {—1,+1} indicates whether the training vector x,, belongs to the positive class or the negative
class. Then the optimization problem of SVM can be formulated as given by (5.36), where {w, b} are
the parameters of the hyperplane represented by w” x,, + b = 0. A depiction of SVM is shown in Figure

5.5.

: a positive data point

: a negative data point

wowTx+ b =41

o wix+b=0

wix+b=-1

Figure 5.5 A depiction of SVM with 2-dimensional data.

min[|wl|?
wb 2
S.t. (5.36)
wix,+b>+1 for l,=+1
wix,+b<-1 forl,=-1

With the fact that [,, can only take the value of +1 or —1, the optimization problem in (5.36) is
simplified to

min = [|w]|2

w,b 2

s.t. (5.37)
LLwlx, +b)—1=0 forn=12..N

After training an SVM, for a testing vector y, the class label can be predicted according to the sign of

wTy + b). If wTy + b > 0, y belongs to the positive class; if w'y + b < 0, y belongs to the negative

class.
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The optimization problem given by (5.37) can also be reformulated using the Lagrangian function
L(w,b, ) as given by (5.38), where {1,,4, ... Ay} are Lagrange multipliers and should satisfy the

nonnegativity constraints, i.e., 4, = 0 forn =1,2...N.
Lw,b,2) = 5 IWl* = Zs A (LW 2, + ) = 1) (5.38)

The solution to the optimization problem in (5.37) can then be obtained by minimizing the Lagrangian
function in (5.38) with respect to {w, b} subject to the nonnegativity constraints of 4,,. As the
optimization problem defined by (5.38) and the corresponding constraints form a convex quadratic
programming problem, its solution is equivalent to that obtained by maximizing the dual formulation

L(A) with respect to 1,, as given by (5.39).

maxL(2) = Eo1 A — 5 Bt Zhiet Al XX
s.t. (5.39)
Ap=20 forn=12..N
Zg=1/1n lh=0

In the case where the training data are inseparable by the hyperplane, the inequality constraints in (5.37)
can be relaxed by adding a slack variable &, for each x,,. Then, the optimization problem becomes
(5.40), where C is a pre-defined constant parameter. When C — oo, the optimization process will force
&, — 0, (5.40) is then equivalent to (5.37).
minwll® + € S &
S- L. (5.40)

£,=20 forn=12..N
LLwlx, +b)>1-¢&, forn=12..N

The optimization problem for the dual formulation then becomes

= 1
mlaXL(/D = gzl/ln - ;Zﬁﬂ Z%zllnlmlnlmx’rrlxm
s.L. (5.41)
0<A,=C forn=12..N
Zgzl/ln l,=0

Solving (5.41) yields the expression of w as given by (5.42).

w=YN_ . lx, (5.42)
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Substituting w in the decision boundary w'y + b = 0 gives
Yn=1Anln Xy +b =0 (5.43)

The advantage of using the dual formulation is that the objective function given by (5.39) or (5.41) only
involves the inner product of the training vectors, and the decision boundary w'y + b = 0 only
involves the inner product of the training vector and the testing vector. This makes it possible to apply

the kernel trick.

5.4.2 Multi-class SVM

The original SVM is a binary classifier serving two-class classification tasks. It is viable to extend SVM
to tackle multi-class classification tasks by constructing several binary SVMSs. There are two common
ways to construct a set of binary SVMs for multi-class purposes: one being the one-versus-one strategy,

and the other being the one-versus-rest strategy [53][95].

Given a set of training vectors {x;, x, ... x5 } belonging to K different classes with the corresponding
training labels {l;, [, ... [y}, where [,, € {1,2 ... K}. On using the one-versus-one strategy, totally K (K —
1)/2 binary SVMs are constructed, where the ij-th SVM aims at finding the hyperplane separating the
training data of class i from those of class j by solving the optimization problem given by (5.44). The
superscript ij indicates that {w(, h({)} are the parameters of the hyperplane that separates class i

from class j [95].

1

i an||? G
min w +C _
w(i), p(iD) £ 2” [ Lnty=ior jén

s.t.
W >0 (5.44)
(W) x, + b 21— for 1, =i
(WD) %, + bW < =14 for 1, = j
On using the one-versus-rest strategy, totally K binary SVMs are constructed, where the k-th SVM

aims at finding the hyperplane separating the training data of class k from those of the remaining (K —

1) classes. By this means, the k-th SVM solves the optimization problem as given by (5.45) [95].
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Iw®|* + c 2N, £
S.t.
£9>0 (5.45)
(W) x, +b% 21— for 1, = k
(W) x, +b® < 1+ &0 for 1, =k

. 1
min -
w(k), (k) £k 2

On using the sequential minimal optimization (SMO) algorithm to find the solution of SVM, the
computation time is approximately proportional to the number of training data [53]. Suppose the

number of training data in each class is N /K, then the time complexity of the one-versus-one strategy

is approximately given by (5.46), where y is the proportional factor, % is the number of training data

K(K-1)
2

used to train each binary SVM, is the total number of binary SVMs, and O(.) is the big-O

notation upper bounding the running time of an algorithm.

tone-one = ¥ X 2o X “ 2 = yN(K — 1) = O(NK) (5.46)

The time complexity of the one-versus-rest strategy can be approximated in a similar way as given by
(5.47). Each binary SVM will be trained with all the training data, and there will be totally K binary

SVMs to be trained.
tone—rest =Y X N X K = O(NK) (5.47)

Using the aforementioned approximation, the two strategies seem to have similar time complexities.
Nevertheless, the comprehensive experimental results in [95] show that the former one always

consumes less computation time while keeping the performance to be almost the same.

5.4.3 Weighted SVM

During the modeling process, it is viable to introduce a weighting coefficient for each training datum
to indicate its importance or relevance to the model. The resulting model is called the weighted support
vector machine (WSVM) [96]. For a binary WSV M, the optimization problem becomes (5.48), where

W, is the weighting coefficient for the n-th training datum.
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1
minz wll* + € X Waén
s.t. (5.48)
=20 forn=12..N
LLwlx, +b)>1-¢&, forn=12..N

It has been shown in [96] that WSVM performs significantly better than SVM when there exist outliers

in the training set. However, in general, it may be challenging to determine the weighting coefficients.

5.5 Probabilistic Linear Discriminant Analysis

This section discusses the basic formulation of the probabilistic linear discriminant analysis (PLDA),
including the formulation for model parameter estimation and the formulation for class label prediction.
PLDA has been the state-of-the-art backend for speaker verification studies; however, the original
formulas are inefficient in handling a large number of training data. To address this scalability issue,
scalable formulas for model parameter estimation have been proposed in [78][79]. In this section, we
propose the scalable formulas for class label prediction, which completes the scalable PLDA that can

deal with a large number of training data.

5.5.1 Fundamentals of PLDA

Suppose we have a set of training data belonging to K different classes, and in each class, there are J
training vectors. Totally there are KJ training vectors. This set of training data can be denoted as

{X11,X12 . X1, X21, X2 . X) een e X1, Xkz - Xk}, Where x;; represents the j-th training vector in
the k-th class. In a PLDA model, we assume that a vector xy; is generated by two latent vectors as
given by (5.49), where p is the mean vector, hy is the between-class latent vector, w ; is the within-
class latent vector, g ; is the noise term, F and G are factor-loading matrices corresponding to h; and
w; respectively [97]. The between-class latent vector hy reflects the class information, while the
within-class latent vector wy ; reflects the variation of the vector x; ; among all the vectors in class k.

Therefore, the between-class latent vectors are supposed to be the same for all the training vectors in
the same class, while the within-class latent vectors can be different even if the training vectors are in

the same class.
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xk] :ﬂ+Fhk+Gij+€kj (549)

A PLDA model also follows the assumption of a standard FA model, namely, both h;, and w,; should
follow a Gaussian distribution with zero mean and identity covariance, and the noise vector & ; should

follow a Gaussian distribution with zero mean and diagonal covariance X, as given by (5.50).

~ Pg(hi|0,1)
ij ~ pg(ijlo, I) (550)
~ pg(skjlorz)

With the above model assumptions, x;; should also follow a Gaussian distribution with mean g and

covariance (FFT + GG + X) as given by the probability density function in (5.51). So, a PLDA model

can be parameterized by 8 = {u, F, G, X}.
p(xx;) = Py (x|, FFT + GG™ + X) (5.51)

As all the training vectors in class k should have the same between-class latent vector hy, in order to
estimate the factor-loading matrix F, all the training vectors {x;, Xy ... X;;} need to be considered as

a whole [97]. The expression in (5.49) then becomes
Xk1 25 G
0

F ves Wkl £k1
X &
Pl=fl+|F 06 ] Wiz [+t (5.52)
xi] lul lF 0 0 -

Equation (5.52) can be simplified to (5.53) by using the simplified notations given by (5.54).

Do

where
Xi1 1 F G 0 0 i €
Xi2 u F 0 G 0 Wi €2
Xk = ) U= B R = : Yk == wkZ fk == (554)
Xij u F 0 O G W.k] Exy
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As the noise vectors are independent of each other, &, will follow a Gaussian distribution with zero

mean and diagonal covariance W, where W is given by (5.55).

Y =

X 0
92 (5.55)

0 0 z
As Y, and &, are assumed to be independent of each other, X, should also follow a Gaussian

distribution with mean U and covariance (RR” + W) as given by (5.56), which is the joint distribution

of {xkl, X2 ...xk]} [97][98]
p(Xi) = p(Xk1, Xz e Xj) = py(X|U,RRT + W) (5.56)

According to (5.56), a PLDA model can also be parameterized by 6 = {U, R, W}, which is the
parameters of a standard FA model. As a matter of fact, PLDA has a close relationship with FA and
Fisher linear discriminant analysis (LDA). If h; in (5.49) disappears, it then becomes an FA model,
which is an unsupervised model carrying no class information. From this perspective, PLDA is the
generalization of FA. On the other hand, the between-class factor-loading matrix F plays a similar role
to the between-class scatter matrix of LDA, and the within-class factor-loading matrix G plays a similar

role to the within-class scatter matrix of LDA [97]. From this perspective, PLDA resembles LDA.

5.5.2 Original Formulation

5.5.2.1 Parameter Estimation

As the expression of a PLDA model can be formulated into the form of a standard FA, the model
parameters 8 = {U, R, W} can be estimated in the same way as that of FA by using the EM algorithm
[97]1[87]. In the E-step, the model parameters are kept unchanged, and the posterior expectations are
calculated using the current parameters. The posterior expected mean and the posterior expected

covariance of Y, are given by (5.57) and (5.58), respectively.

E[Y,] = (I +RT® R 'RT®~1(X, — U) (5.57)
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E[Y YE] = T+ R IR)"1 + E[Y,]E[Y]" (5.58)

In the M-step, the posterior expectations are kept unchanged, and the model parameters are re-estimated
using the posterior expectations. To ease the computation, we may first reformulate (5.49) into (5.59),

which consists of a concatenated matrix V and a concatenated latent vector zy ;.
xk]-=u+Vzk]-+£kj (559)

where
h
V=I[F Gl z;= [w:j] (5.60)

We then re-estimate the parameters {u, V,X} using (5.61) ~ (5.63), where diag{.} sets all the non-
diagonal elements in a matrix to zero [97]. The posterior expectations E[z, ;] and E[zka};j] can be
obtained from the posterior expectations E[Y ] and E[YRYE] by comparing the expressions of z,; and
Y, given by (5.60) and (5.54) respectively. We can see that E[z,;] is just a sub-vector of E[Y], and
E[zk]-z};j] is a sub-matrix of E[YkYi]. The parameters {u,V, X} can then be used to reconstruct

{U, R, W} for the E-step.

n= Kijzll;lzf:ﬁkj (5.61)
V = (ZKea ey (v — W) [2i]") (T Do Elzizi)) (5.62)
£ = 5 ko By diag {(xi; — 1) (v — 1)~ VE[zi5)(xis — 1)} (5.63)

The EM algorithm for the original formulation is summarized in Algorithm 5.4, where N is the total
number of EM iterations, and the superscript n indicates the number of EM iterations having been
performed. The mean parameter u is the mean of all the training vectors and needs to be computed for
only once. The factor-loading matrices F and G, and the noise covariance X, are initialized to have all

ones on the principal diagonal and all zeros on other positions.

75



Algorithm 5.4 EM algorithm for the original formulation of PLDA

1:  Initialization: 0© = {u, FO, ¢, 50}

2 C ! ) !
. ompute mean: :—z z Xy i
P B2k Laer Lajey ™

3: Forn=1toN

4: Form {U, R, ¥} from {u, F*~D, -1 g(r-1)}
5: EM[Y,] =T +RTWR)'RTY- (X, — U)
E-step:
6: EM[y,Y7| = T +R"WR)™ + E™[Y, JEM[Y,]"
7: Obtain £ [z,;] and E™|[z,;z; ;] from EM™[Y, ] and ECV[Y, Y]
K ] K ] -1
8 v = Z Z(xkj —WE® [z, Z Z E™|[zy;2;]
k=1j=1 k=1j=1
() —
M-step:
9: 1 K
. T T
K_]Z z diag {(xkj — 1) (xj — )| — VWEM [z, ](x; — ) }
k=1j=1
10: [Fn ] =v®
11: Update 6: 6™ = {u, F™ Mz}
12: End

5.5.2.2 Class Label Prediction

Given a set of training vectors denoted as {x11, X35 ... X1, X21, X22 . X2 v oo XK1, Xk - Xk}, and a
testing vector y. If y indeed belongs to class k, then y and {x;q, Xk, ... xx;} should be jointly
distributed, while y and the other training vectors should be independently distributed [98][99]. This
yields the expression of the joint probability of y and all the training vectors as given by (5.64), where

X, represents all the training vectors in class k.

Py, X1, . Xp—1, Xi, Xpes1, - Xg) = 0¥, X)) l_ﬁ(:l,i:tk p(X;) = p(yIXy) H§(=1 p(X;) (5.64)
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The class label of y can then be determined by finding the class that provides the highest joint
probability given by (5.64), which is equivalent to finding the conditional probability p(y|X;)
concerning all the training vectors in class k. The prediction criterion is then given by (5.65), where

£(y) represents the predicted label and ¢(y) € {1,2....K}.

2(y) = arg,r(naxz?(yIXk) [Kip(X) = arg,rglaXP(yIXk) (5.65)

The conditional probability p(y|X;) can be derived from the joint probability p(y, X}), since both y
and X, follow the Gaussian distribution. The joint probability of y and X, can be obtained in a similar
way to (5.56), which is a Gaussian distribution as given by (5.66), where U, R and ¥ are augmented

matrices as given by (5.67).

Xl o <mr o
PO, X X i) = P X) = 0K 3) =y (||| RRT + %) (s.69)
where
0
U] R | & _[¥ O
U—[#],R— 0,111_[0 ):] (5.67)
F O - 0G

To ease the processing, we may partition the joint mean U and the joint covariance (RR” + ¥)

according to (5.68), where ¥,,,,, W, x, W, and Wy are matrix blocks given by (5.69).

yl
= _[H] BBT o ® _[qjyy leX]
U=|,,|, RRT+W¥P = 5.68
[U] Wy, Wiy (5.68)
where
¥, =FF' +GG" +%
W,x = [FFT FFT ... FF"]
Wy, = [FFT FFT .. FFT]"
Y FFT FfrT .. (5.69)

vy
FF" W, FFT

Wyx =
FFT FFT ¥,
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Using the partitioned matrices given by (5.68), the conditional probability p(y|X}) can be expressed

as (5.70), which is a Gaussian distribution with mean ., and covariance ¥, given by (5.71) and

(5.72) respectively [100].

pYIX) =g (VIR Pyik) (5.70)

where
By = B+ Wy Wii (X — U) (5.71)
Wy = Wyy — PyxPrx Pxy (5.72)

Having the conditional probability for each class, the class label of y can then be determined by finding

the largest conditional probability as given by (5.73).

2(y) = arg}l\;naxp(lek) = arglrcnaxpg(yluym,‘l’mk) (5.73)

5.5.3 Scalable Formulation

5.5.3.1 Parameter Estimation

As can be seen from (5.57) and (5.58), the E-step requires computing the inverse of (I + RT¥~1R).
Suppose the sizes of factor-loading matrices F and G are both D x H, and the number of training
vectors in each class is J, then the size of (I + RT®Y~1R) will be (J + 1)H X (J + 1)H. This means that
the size of (I + RTW~1R) is proportional to the number of training vectors. When the number of
training vectors in each class is too large, the computation of the E-step is inefficient, or even infeasible

if memory is not enough.

Facing this scalability issue, a scalable formulation for the E-step is proposed in [78], which partitions
the large matrix (I + RTW~1R) into matrix blocks. Then, the technique of block matrix inversion [100]
is applied. The E-step then becomes (5.74) and (5.75), while the M-step is kept unchanged. The EM

algorithm for this scalable formulation is summarized in Algorithm 5.5.
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Algorithm 5.5 EM algorithm for the scalable formulation of PLDA

1:  Initialization: 0 = {u, FO, ¢ x()}
2 C ! ‘ !
. ompute mean: = —z z X
P B2 K L Ly ™
3: Forn=1toN
4: Set {F,G,x} = (F*1 -1 gr-1)
5: Compute {L, A, M} using {F, G, X}
J
6: EM[h,] = M(FT — ATGT)Z Z () — )
j=1
7: E-step: E™[w,] = L16TE (% — 1) — AE™[hy]
E(”)[h ]
8: E(n) Z :[ k
[ k]] EM [ij]
. T1_| M —MAT T
9: E™zy;z,;] = [_AM [-1 +AMAT] + EM[z,]E®]z,]
K J -1
10: Ve = Z Z(xkj —WE® [z, Z ZE(") [2k2k)]
k=1j=1
Z(n) _
M-step:
11: 1 & J
. T T
K_]Z z diag {(xkj =) (xi; =) —VOED®([z](x; — p) }
k=1j=1
12: [F gm]=v®
13: Update 6: 0™ = {u, F™W, M £}
14: End
MFT —AT6NE 1Y _ (xp; —
B[z = [E ] _ [M(C XY (X — ) (5.74)
[Wi;] L7'G"E 7 (x; — u) — AE[hy]
r1_| M —MAT T
Bl =| M M|+ ElzgElzg) (5.75)
where

79



L=1+G"z1¢
A=L"1G"x'F

M= (+]FTE1(F-GA)™?!

5.5.3.2 Class Label Prediction

(5.76)

As can be seen from (5.71) and (5.72), the mean and the covariance of the conditional probability

require computing the inverse of Wyy. Suppose the sizes of F and G are both D x H, and the humber

of training vectors in each class is J, then the size of Wy will be JD x JD. This means that the size of

W, « is proportional to the number of training vectors, and the computation is inefficient if the number

of training vectors in each class is too large.

Fortunately, according to (5.69), Wy x possesses a symmetric structure, implying that its inverse should

also possess a similar structure as given by (5.77), where PU) and QU0 are matrix blocks, and the

superscript J indicates the number of training vectors in class k.

-1

w,, FF' FFT j 20
T
i = |FF Py FFT .| _|QV

FFT FFT l]Jyy Q(])

Q(]) Q(])
pU) Q(J)

o pW

It can be seen that PU) and QU should satisfy the equation given by (5.78).

¥,, FF' FfT .. q[PD QU QO
FF" ¥, FFT ..|[@q®0 PD QO

By equating the results on both sides of (5.78), we obtain the linear equations

e OO ™~
e O~ O

quyp(]) + (- 1)FFTQU) =1
¥, QY + FFTPY) + (J — 2)FFTQY) = 0

By substituting ¥,,,, with (FF" + GG™ + Z), (5.79) becomes

(FFT + GG™ + 2)PD) + (J — 1)FFTQY) =1

(FFT + GG™ +2)QY + FFTPU) + (J — 2)FFTQY) = 0
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Solving (5.80) yields

PY ={FFT + 66" + X — (J — 1)FFT(GG" + X + (J — )FFT)~'FFT}™1

5.81
QY = —{GG" + X+ (J — 1)FFT} *FFTPY (.81)

Having obtained the expressions of PU) and QU?, the inverse of Wy can then be expressed in terms of
PY and QY. Consequently, the mean My, and the covariance W, ;. used in the conditional probability

given by (5.70) can be expressed in terms of PU) and QU as given by (5.82) and (5.83) respectively.

The conditional probability p(y|X}) can then be calculated efficiently.
Hyp = 1+ Py Wit (X —U) = p+ (FFTPD + ( = DFFTQU) Y_ (x1; — 1) (5.82)

W =Wy, — P x Wit Wxy = (FFT + GG" + %) — J(FFTPY) + (J — 1)FFTQY)FFT

(5.83)

5.5.4 Computational Complexity

5.5.4.1 Parameter Estimation

On using the EM algorithm for parameter estimation, most of the computation time will be consumed
by the E-step. We also assume that the time consumption of the E-step can be approximated by the time
consumption of calculating the posterior expected mean of the latent vector, as the computation of the
posterior expected mean requires more matrix operations than the computation of the posterior expected
covariance. Suppose the inversion of a matrix with a size of A x A has a time complexity of 0(42), the
multiplication of matrices with sizes A X B and B x C has a time complexity of O(ABC). Suppose the
sizes of factor-loading matrices F and G are both D x H, and the number of training vectors in each

classisj. Let H = yD, where y is a positive number.

In the original formulation, as given by (5.57), the matrices involved in computing E[Y}], i.e.,
(I+RTW™1R), R, ¥ and (X, — U), have sizes of (J + 1)H x (J + 1)H, JD X (J + 1)H, JD x JD

and JD x 1 respectively. Suppose (I + RT®~'R) and W' have been pre-computed, the time
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complexity of the model parameter estimation process can then be approximated by (5.84), where we

neglect lower-order terms and assume J > 1 and y < D.

t e = K X (0 (((] + 1)H)3) +0(( + 1DH x (J + 1DH x JD X JD X 1))

=K x (0(J +1)*H?) + 0((J + D¥?H?*D?)) = K x (0(J + 1)3y3D3) + 0(J + 1D?¥*y*D*H))
= 0(KJ*y?D%) (5.84)

In the scalable formulation, as given by (5.74), the matrices involved in computing E[z;], i.e., F, G,
LLAM,(x—p and E[hy], have sizes of DX H,D xH,D XD, HXxH,HX H,HXxH,D x 1

and H x 1 respectively. Suppose X1 has been pre-computed, and the computational complexity of

E[z,] can be approximated by that of E[w,;] (because the computational complexity of E[w,;] and

E[h;] is similar). The time complexity of the model parameter estimation process can then be

approximated by (5.85), where we neglect lower-order terms and assume y < D.
thoder = KI X (O(H®) + O(H x HX D x D X 1) + O(H X H X 1))
=KJ x (O(H®) + 0(H?*D?) + 0(H*)) = K] x (0(y*D?) + 0(y*D*) + 0(y*D?))
= 0(KJy%D*) (5.85)

By comparing (5.84) and (5.85), it can be seen that if J is very large, namely, the number of training
data is large, using the scalable formulation will be much more efficient than using the original

formulation to estimate the model parameters.
5.5.4.2 Class Label Prediction

When using the conditional probability to predict class labels, as given by (5.70), most of the

computation time is spent in computing the conditional mean p,, ;. and the conditional covariance Wy, .
Since the computational complexity of p,,;, and W, is similar, the time complexity of the class label

prediction process can be approximated by the time complexity of computing ¥, ..
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In the original formulation, as given by (5.72), the matrices involved in computation, i.e., ¥,,,, ¥, x,
Wyx and Wy,,, have sizes of D X D, D X JD, JD x JD and JD x D respectively. Suppose FFT GGT,

(FFT + GGT + X) and Wy have been pre-computed, the time complexity of the prediction process can

then be approximated by (5.86).
tprea =~ 0(D X JD X JD X D) = 0(J*D*) (5.86)

In the scalable formulation, as given by (5.83), the matrices involved in computation, i.e., F, G, £, PO
and QU), have sizesof D x H, D x H, D x D, D x D and D x D respectively. Suppose FFT, GG™ and
(FFT + GGT + X) have been pre-computed, the time complexity of the prediction process can then be

approximated by (5.87).
tprea = 0(D X D x D x D) = 0(D*) (5.87)

By comparing (5.86) and (5.87), it can be seen that the time complexity of the prediction process when
using the scalable formulation is independent of the number of training data. This characteristic makes

the scalable formulation able to handle a large number of data.

5.6 Dictionary-based Representations and Classifiers

This section introduces two dictionary-based representations, i.e., the sparse representation (SR) and
the collaborative representation (CR). The two representations have similar objective functions and
similar performance in face recognition, but CR is computationally more efficient than SR [69]. In order
to further improve the discrimination ability of CR for doing classification tasks, we propose a
discriminative CR (DCR) which carries the class information. The minimum residual-based classifier

(MRC) is also described, which is used for classifying dictionary-based representations.

5.6.1 Sparse Representation

Suppose we have a dictionary denoted as B, which is a matrix consisting of a set of basis vectors as
given by (5.88), where b,, is the n-th basis vector. If the dimensionality of a basis vector is D x 1, the

size of the dictionary B will then be D X N.
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B=[b, b, - by] (5.88)

From the perspective of the sparse representation (SR), a feature vector x is approximated as a linear
combination of the basis vectors in the dictionary with some constraints. Specifically, given a feature
vector x, its corresponding SR, denoted as Xsg, is given by (5.89), where y is the coefficient vector

aiming to reconstruct x [60].

Xsg = argmin||y|l, s.t. x =By (5.89)
y

Since the optimization problem given by (5.89) involves the LO-norm constraint, which is difficult to
solve, researchers approximate the solution by solving an alternative problem with the L1-norm
constraint, as given by (5.90). It can be shown that, under the condition that the solution is sparse enough,

the solution to (5.89) is equal to the solution to (5.90) [60].

Xsg = argmin||y|l; s.t. x =By (5.90)
y

When the feature vector or the basis vectors are noisy, it may not be suitable to exactly reconstruct the
feature vector using the basis vectors. In this case, a relaxed version can be adopted to compute the SR
as given by (5.91), where A is a pre-defined regularization parameter. Equation (5.91) is referred to as

the unconstrained basis pursuit denoising (BPDN) problem [101].

1
Xsg = argmin_ |lx — Byll3 + Allyll, (5.91)
y

5.6.2 Collaborative Representation

Since the L1-norm constraint is involved in the formulation of SR, no analytical solution for finding
X g exists. Nevertheless, there are many algorithms that can solve it efficiently, such as the matching
pursuit algorithm and the basis pursuit algorithm [61], and some fast algorithms such as the Homotopy
method and the augmented Lagrangian method [101]. However, as shown in [109], the sparseness may
not be the key to the success of SR, as increasing the sparseness does not yield performance
improvement for image classification tasks. In addition, using the L2-norm constraint can even be more

robust than using the L1-norm constraint, although the latter yields a sparser representation [110].
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Therefore, in [69], the L1-norm constraint is replaced by the L2-norm constraint, yielding the
collaborative representation (CR). Given a feature vector x, its corresponding CR, denoted as Xz, is

computed as

Xcg = argmin|lx — Byl + AllylI3 (5.92)
y

As shown in [69], for face recognition tasks, CR gives similar performance to SR, but is more efficient

in computation as an analytical solution exists, which is given by
Xcr=(B"B+ A'BTx (5.93)

5.6.3 Discriminative Collaborative Representation

Essentially, SR and CR are unsupervised representations, as the dictionary usually carries no class
information. However, when used for doing pattern recognition tasks, the dictionary is usually
composed of the training data, which then carries the class information. The dictionary B can then be
expressed as (5.94), where K denotes the total number of classes, and B®) denotes the k-th sub
dictionary. Suppose the basis vectors in the dictionary are just the training vectors, if the dimensionality
of a training vector is D x 1 and there are N, training vectors for class k, then the size of B®) is

D X Ny.
B=[g® B® .. p®] (5.94)

Obviously, we have the relationships as given by (5.95), where y®) denotes the k-th sub coefficient
vector that corresponds to the k-th sub dictionary, and N is the total number of training vectors. The
dimensionality of y and y is N x 1 and N, x 1 respectively.

N = 211§=1 Ni

(5.95)
By = ZII§=1 B(k)y(k)

In the formulation of Xz, the class information is embedded through the L2-norm constraint. This
sparsity constraint tries to minimize the norm of the coefficient vector y, expecting that the coefficients

corresponding to the target class will be more dominant than those corresponding to the non-target class.
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In order to explicitly embed the class information into CR, as inspired by [102], we adopt the objective
function Q(y) as given by (5.96), where we introduce an extra regularization term into the original
objective function of CR, with n being the corresponding regularization parameter. A tends to regularize
the coefficient vector to be sparse, whereas n tends to regularize the coefficient vector to be dense.
These two regularization terms are actually confronting each other, but finding a balance between them

may improve the quality of the representation.

2
| (5.96)
2

Q) = llx — Byll3 + Allyll3 + n Ti_, | BOy® - 23K, pOy®
The discriminative collaborative representation (DCR) is then given by

Xpcr = argmin Q(y) (5.97)
y

Similar to CR, an analytical solution also exists for DCR, which can be obtained by setting the derivative
of Q(y) to zero. To compute the derivative of Q(y) with respect to y, we first reformulate the

expression of Q(y) as
T T K (k)yk) _ 1 T B0y _ 1
Q) =(x—=By) (x—=By)+ Ay’ y +nXk=1 (B y —;By) (B y - ;By)
T T
= x"x +y"BTBy — 2x"By + Ay"y + n XK_, y®© B® BWy® 4+ ¥k —yTB"By
—2 Sk, 2y BTBWy®
=xTx—2x"TBy + AyTy + (1 — %) y'BTBy +1 Z’,§=1y(k)TB(k)TB(k)y(k) (5.98)

Define a diagonal block matrix L as

p® 0 0
L=| o B@B® 0 (5.99)
0 0 o guoT g
Then we have
Q) =xTx—2x"By + yTy + (1 — %) y'B"By + nyTLy (5.100)
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The derivative of Q(y) with respectto y is

3Q(y) z
29 — 2BTx + 22y + (2 - 20) B"By + 2nly (5.101)

Setting the derivative to zero yields the optimal value of y, which is X as given by (5.102). We can

see that DCR is the generalization of CR, and the former becomes the latter when n = 0.
Xpcr = (Al +=1BTB +nL)"'B"x (5.102)

5.6.4 Minimum Residual-based Classifier

After obtaining the SR, CR or DCR corresponding to the feature vector x, the next step is to perform
classification. Both the SR-based classifier (SRC) [60] and the CR-based classifier (CRC) [69] can be
treated as a minimum residual-based classifier (MRC), which carries out classification based on the
reconstruction errors when using different sub dictionaries to approximate the original feature vector.
The residual with respect to the k-th sub dictionary, denoted as ry, is given by (5.103), where X
represents SR, CR or DCR, and Xg‘) is the sub coefficient vector in Xy that corresponds to the basis

vectors of the k-th sub dictionary.
k 2
7 = ||x—BU<>X§2 )||2 (5.103)

The predicted label £(x) is then the index of the class with the minimum residual as given by

£(x) = argminry, (5.104)
k

5.7 Comparison of SVM, PLDA and MRC

SVM is a discriminative classification model, which draws hyperplanes in the feature space to separate
feature vectors into different classes. This means that it requires the feature vectors to be spatially
separable. If there are overlaps between feature vectors belonging to different classes, SVM will
probably fail. The separability of the feature vectors also implicitly assumes a high dimensionality of

the feature vectors, as high-dimensional feature vectors have a higher chance to be separable.
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PLDA is a probabilistic model, which describes the distribution of the feature vectors using a latent
variable model. It assumes that the feature vectors are generated by latent variables following a standard
Gaussian distribution, and thus should be able to be decomposed into low-dimensional latent vectors.
The latent variable model also requires the feature vectors to be highly structured, such that the
decomposition is plausible. Nevertheless, feature vectors belonging to different classes can be
overlapped, as PLDA does classification based on the probabilities of belonging to different classes,

instead of the spatial locations.

MRC is a dictionary-based classifier, which assumes that the feature vector can be decomposed as a
linear combination of the basis vectors in the dictionary. This assumption requires a set of high-quality
basis vectors. It also implicitly assumes a high dimensionality of the feature vectors, so as to
successfully perform the decomposition. Similar to PLDA, MRC does not require the feature vectors to

be separable.
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Chapter 6 Classifiers: Experimental Comparison

6.1 GMM vs. RBM

This section compares the performance of GMM and RBM in an acoustic scene classification task using
the DCASE2013 dataset. Each acoustic sample is transformed into a sequence of 20-dimensional
MFCC vectors or 40-dimensional logmel vectors (logmel is simply MFCC without DCT) using the
Hamming window with 40ms frame length and 20ms frame shift. As each acoustic sample is
corresponding to a sequence of feature vectors (i.e., MFCC vectors or logmel vectors), the classifier
will produce a sequence of predicted labels correspondingly. We then adopt the first majority voting
(MV) strategy as given by (1.2), which is the simplest strategy generally applicable, and the fourth MV
strategy as given by (1.5), which applies to probabilistic models such as GMM and RBM. Regarding
RBM, the dimensionality of the feature vector should be high, which is not satisfied by the low-
dimensional MFCC vector or logmel vector. Therefore, we adopt the neighboring feature concatenation
strategy as illustrated in (6.1), where {x{, x,, x5 ... } is the sequence of MFCC vectors or logmel vectors
obtained from an acoustic sample s, {24, z,, z5 ... } is the sequence of concatenated MFCC vectors or
concatenated logmel vectors that are used to represent the sample s for training and testing the classifier,
L is the concatenation length, and H is the concatenation shift. To reduce the computational burden
induced by the higher dimensionality and the similarity of consecutive concatenated vectors, we adopt
H = L/2. If the dimensionality of an MFCC vector or a logmel vector is D X 1, the dimensionality of

a concatenated vector will be DL x 1.

X1+H]| [X1+2H
x2+H x2+2H
{x1,%5,23 ...} = {z21,25,23..}= (6.1)

xL+H xL+2H
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6.1.1 RBM as A Probabilistic Model

This sub-section evaluates the performance of the heterogenous RBM, which is trained based on
maximizing the log-likelihood, similar to the training process of GMM. The ability of GMM and RBM

as a probability estimator can then be compared by observing their classification results.

The experimental results are shown in Figure 6.1, where Figure 6.1 (a) and (b) illustrate the results of
using MFCC as the frame-level feature vector, and Figure 6.1 (c) and (d) illustrate the results of using
logmel as the frame-level feature vector. The horizontal axis indicates the number of Gaussian
components if the classifier is GMM, or the number of hidden units if the classifier is RBM. As the
feature vectors have real values, we use GRBM and normalize the feature vectors to have a zero mean
and unit covariance using the training data. The GRBM is trained for 500 epochs with a learning rate

of 0.01 and a momentum of 0.9, implemented using the DeepLearnToolbox [93]. The GMM is trained

GMM vs. GRBM (MFCC, MV=1) GMM vs. GRBM (MFCC, MV=4)
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Figure 6.1 GMM vs. GRBM for acoustic scene classification. (a) MFCC with the first MV
strategy. (b) MFCC with the fourth MV strategy. (c) Logmel with the first MV
strategy. (d) Logmel with the fourth MV strategy.
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using the EM algorithm together with the mixture splitting strategy I, implemented using Voicebox

[94].

As shown in Figure 6.1, GRBM gives a rather worse performance than GMM, implying that GRBM is
not good at working as a probabilistic model for acoustic signals. There are three possible reasons that
may explain the poor performance of using RBM as a probability estimator. First, the energy-based
model nature of RBM may not well describe the characteristics of acoustic features. Second, in order
to apply RBM for probability estimation, a concatenated feature vector (e.g., a concatenated MFCC
vector or a concatenated logmel vector) and its corresponding label vector (which is a one-hot vector)
are jointly trained as a heterogeneous RBM. Since the feature vector has real values but the label vector
has binary values, the relationship between different data types may not be well learned by the
heterogenous RBM. In addition, the relationship between the feature vector and the label vector may
not be well modeled by the linear transformation as given by (5.31) (the energy function assumes that
the feature vector and the label vector are linearly related by the weight matrix and the hidden units).
Third, GMM estimates the probability in an unsupervised manner, while RBM estimates the probability
in a supervised manner (because the feature vector and the label vector are concatenated as the input of

RBM). It seems unsupervised probability estimation is better than supervised probability estimation.

The two MV strategies give very similar performances. Nevertheless, the first MV strategy seems
slightly better, even though the fourth MV strategy is specially designed for probabilistic models. In
addition, a higher dimensionality of the feature vector is vital to GRBM, as L = 1 gives the worst
performance when MFCC is used as the frame-level feature vector (Figure 6.1 (a) and (b)) (The larger
the L, the higher the dimensionality). On the other hand, the dimensionality of the feature vector should
not be too high, as L = 32 gives the worst performance when logmel is used as the frame-level feature
vector (Figure 6.1 (¢) and (d)). GRBM assumes that the elements in a feature vector are correlated. By
concatenating neighboring frame-level feature vectors (i.e., increasing L), GRBM learns the

relationship between adjacent frame-level feature vectors, and thus may provide a better performance.

By comparing the top two plots with the bottom two plots in Figure 6.1, MFCC seems outperforming
logmel, no matter employing GMM or GRBM as the classifier. Since the elements in an MFCC vector
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are decorrelated due to the DCT operation, MFCC fits well to the model assumption of GMM. Since
the elements in a logmel vector may be correlated, the logmel vector may not follow a multivariate
Gaussian distribution. This violates not only the model assumption of GMM, but also the Gaussian

assumption of the visible units in GRBM.

6.1.2 Discriminative Model based on RBM

Besides being directly used for probability estimation, RBM can also be used as the building block of

a DBN, which can then be fine-tuned in a supervised manner.

This sub-section compares two discriminative models based on DBN. The first model, named as DBN-
softmax, is built by first training a DBN and then training the last softmax layer with the parameters of
the DBN fixed. Hence, the DBN is used to produce feature representations, while the softmax layer is
used for doing classification. The second model, named as DBN-DNN, is built by further fine-tuning

the parameters of the DBN-softmax using backpropagation. The DBN is trained as a series of RBMs

DBN-softmax vs. DBN-DNN (MFCC, MV=1) DBN-softmax vs. DBN-DNN (MFCC, MV=4)
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Figure 6.2 DBN-softmax vs. DBN-DNN for acoustic scene classification. (a) MFCC with the
first MV strategy. (b) MFCC with the fourth MV strategy. (¢) Logmel with the first
MV strategy. (d) Logmel with the fourth MV strategy.
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where each RBM is trained for 500 epochs with a learning rate of 0.01 and a momentum of 0.9. The
softmax layer is trained for 100 epochs with a learning rate of 0.1 and a momentum of 0.9. The DBN-
DNN is fine-tuned for 500 epochs with a learning rate of 0.1 and a momentum of 0.9. The number of
neurons in each hidden layer of DBN-softmax and DBN-DNN is 256. The experimental results using
MFCC and logmel as the frame-level feature vector are shown in Figure 6.2, where DBN-softmax and

DBN-DNN are investigated with different numbers of hidden layers.

It can be seen that DBN-DNN significantly outperforms DBN-softmax. This indicates that DBN trained
in an unsupervised manner does not produce an expressive feature representation. Increasing the
number of hidden layers even further degrades the quality of the feature representation, but the
degradation with increasing layers may be mitigated by increasing the dimensionality of the feature
vector (i.e., increasing the value of L). This observation validates the importance of feature
dimensionality to DBN-softmax and DBN-DNN, especially when they have a very deep structure. In
other words, if the feature vector has a low dimensionality, it may not provide enough information to

the DNN, and consequently, the deeper layers cannot learn useful representations.

6.2 PLDAvs. SVM

6.2.1 Scalable PLDA vs. Original PLDA

This sub-section validates the computational speedup achieved by the scalable formulation of PLDA in
an acoustic scene classification task using the DCASE2013 dataset. The feature representation is GSV.
UBMs with the number of mixture components varying from 2 to 64 are used to construct the GSV, so
the dimensionality of the GSV varies from 40 x 1 to 1280 x 1. The scaling factor § used to compute
the GSV is set to 0.1. The dimensionality of the latent vectors in the PLDA model is the same as that

of the GSV, and the number of EM iterations for model parameter estimation is 1.

The computation time for model parameter estimation and class label prediction is measured by running
the MATLAB codes on a Windows 10 laptop with 8G memory. The time consumption of the original
and scalable formulations is illustrated in Figure 6.3. As can be seen from the figure, the computational

efficiency of the scalable formulation is much higher than that of the original formulation, especially
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Figure 6.3 Time consumption of original and scalable PLDA.
when the dimensionality of the feature representation is high. Since the original formulation requires
inverting large matrices whose sizes are proportional to the quantity of the training data and the
dimensionality of the feature representation, either a large quantity or a high dimensionality will make

the computation inefficient, or even infeasible if exceeding the memory space.

6.2.2 PLDA vs. SVM Using MFCC as the Feature

This sub-section compares the performance of PLDA and SVM in an acoustic scene classification task
using the DCASE2013 dataset, with MFCC being the feature representation. Each acoustic sample is
transformed into a sequence of 20-dimensional MFCC vectors, and thus the classifier will produce a
sequence of predicted labels for each acoustic sample. Only the first MV strategy is adopted to handle
multiple predicted labels, because PLDA or SVM does not produce a probability associated with a
predicted label. We also adopt the neighboring feature concatenation strategy as given by (6.1), which

may increase the amount of information a feature vector carries.

The dimensionality of the latent vectors in a PLDA model is the same as that of the feature vector, and
the number of EM iterations for model parameter estimation is varied from 1 to 5. SVM is implemented
using LIBSVM [85] with default parameters. In particular, we consider both the linear version and the
kernel version. The kernel SVM uses a Gaussian kernel as given by (6.2), where ker (.,.) is a kernel
function, x; and x; represent two feature vectors in the original feature space, ¢(x;) and ¢(xj)

represent the two mapped feature vectors in the kernel space, and d is the kernel parameter. The

94



advantage of using a kernel is that the original feature vector can be mapped to a higher-dimensional
space by exploiting the relationship between the elements in a feature vector (i.e., the dimensionality of
¢ (x;) will be higher than that of x;). A high dimensionality may benefit SVM, as high-dimensional
feature vectors will have a higher chance to be linearly separable. In particular, when using the Gaussian

kernel, ¢ (x;) will have infinite dimensions [106].
) = b Tdb(x.) = =il
ker(x;, x;) = p(x)"P(x;) = exp - (6.2)

The experimental results are shown in Figure 6.4. As can be seen from Figure 6.4 (a), both PLDA and
the linear SVM give a poor performance when MFCC vectors are directly used for classification. PLDA
gives a rather worse performance, probably owing to the violation of the model assumption. The linear
SVM gives a relatively better performance, probably owing to the simplicity of the model assumption.
As can be seen from Figure 6.4 (b), the kernel SVM has significantly better performance than the linear

SVM, as the original feature vector is mapped to a higher-dimensional space in the kernel SVM.

It is also noticed that increasing the dimensionality of the concatenated MFCC vector (i.e., increasing
L) may improve the performance of both PLDA and SVM, but a larger value of L may not be better.
The value of L seems to have a higher influence on the performance of the kernel SVM than that of the
linear SVM. Since the kernel SVM exploits the intra-feature characteristics (i.e., the relationship
between different elements in a feature vector), increasing L will include more neighboring feature

vectors into a single concatenated feature vector, which then enables the kernel SVM to exploit the
PLDA vs. linear SVM (MV=1) Kernel SVM (MV=1)

kernel SVM (d=50)
( 80 kernel SVM (d=100)
( . kernel SVM (d=200)
8 PLDA (EM=3) kernel SVM (d=500)
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o B\\e/ —5— PLDA (EM=4) 70 —6—kernel SVM (d=1000)
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60 65

1 4 8 16 32 1 4 8 16 32
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&
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Concatenation length L Concatenation length L
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Figure 6.4 PLDA vs. SVM using MFCC as the feature representation. (a) Performance of PLDA
and the linear SVM. (b) Performance of the kernel SVM.
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inter-feature characteristics too (because multiple feature vectors are combined into a single feature

vector).

In addition, the effectiveness of increasing L also highly depends on the choice of the kernel parameter
when the kernel SVM is used. The best choice of L is seemingly proportional to the choice of the kernel

parameter d.

6.2.3 PLDA vs. SVM Using GSV and I-vector as the Feature

This sub-section compares the performance of PLDA and SVM in a speaker identification task using
the Kingline081 dataset and an acoustic scene classification task using the TUT2016 dataset, with GSV
and i-vector being the feature representation. The 1280-dimensional GSV is obtained based on a 64-
mixture UBM, with the scaling factor g varying from 0 to 5. The 1280-dimensional i-vector is obtained
based on a 64-mixture UBM, with the number of EM iterations varying from 1 to 5. The dimensionality
of the latent vectors in the PLDA model is 1280 x 1, and the number of EM iterations for model
parameter estimation varies from 1 to 2. The SVM is a linear SVM implemented using LIBSVM [85]

with default parameters.

The experimental results are illustrated in Figure 6.5. As shown in Figure 6.5 (a), PLDA significantly
outperforms the linear SVM for speaker identification no matter the feature representation is GSV or i-
vector. However, as shown in Figure 6.5 (b), PLDA may not outperform the linear SVM for acoustic

scene classification, and the linear SVM even significantly outperforms PLDA when the feature

PLDA vs. SVM (Kingline081) PLDA vs. SVM (TUT2016)
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Figure 6.5 PLDA vs. SVM using GSV and i-vector as the feature representation. (a) Results on
Kingline081. (b) Results on TUT2016.
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representation is i-vector. The different behaviors of PLDA on different tasks are probably caused by

the different feature distributions of different datasets.

First, the MFCC vectors obtained from speech signals carry rich information and are probably following
the Gaussian distribution, and therefore the GSV and the i-vector are probably of good quality, since
they are constructed from a GMM-based UBM. The MFCC vectors obtained from non-speech acoustic
signals may not carry as rich information as those obtained from human speeches, and thus the GSV

and the i-vector may not carry enough information.

Second, the GSV and the i-vector obtained from non-speech acoustic signals may violate the
assumption of the PLDA model. A PLDA model assumes that the feature representation is generated
by two latent vectors. This implicitly assumes that the feature representation should be highly structured

and carry rich information, such that it can be well described by a latent variable model.

6.2.4 Linear SVM vs. Kernel SVM Using GSV and I-vector as the Feature

This sub-section compares the performance of the linear SVM and the kernel SVM in a speaker
identification task using the Kingline081 dataset, with GSV and i-vector being the feature representation.
The kernel SVM uses a Gaussian kernel as given by (6.2). The GSV has a dimensionality of 1280 x 1,
computed with 8 = 0.1 based on a 64-mixture UBM. The i-vector has a dimensionality of 1280 x 1,
computed with 5 EM iterations based on a 64-mixture UBM. For both the linear SVM and the kernel
SVM, the parameter C varies from 0.01 to 1000. For the kernel SVM, the kernel parameter d varies

from 100 to 5000.

The identification results using GSV and i-vector are shown in Figure 6.6 and Figure 6.7 respectively.
The performance of the linear SVM and the kernel SVM is compared by varying the model parameters,
and the number of support vectors under different model parameters are also recorded. As shown in
Figure 6.6 and Figure 6.7, the highest identification accuracy achieved by the linear SVM and the kernel
SVM is quite similar. Although the kernel SVM can map the original feature representations to a higher

dimensional space where the mapped high-dimensional feature representations have a higher chance to
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Figure 6.6  Linear SVM vs. kernel SVM using GSV as the feature representation. (a) The
identification accuracy under different parameters. (b) The number of support vectors
under different parameters.
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Figure 6.7  Linear SVM vs. kernel SVM using i-vector as the feature representation. (a) The
identification accuracy under different parameters. (b) The number of support vectors
under different parameters.

be linearly separable, the mapping may be unnecessary in this case, as the original feature representation

(i.e., the GSV or the i-vector) already has a high dimensionality.

It can be seen that the performance of the linear SVM is insensitive to the value of the parameter C,
whereas the performance of the kernel SVM is sensitive to the value of the parameter C. For the kernel
SVM, the experimental results show that the larger the value of C, the better the performance. This
observation can be explained as follows. On using the kernel SVM, the original feature representation
is mapped to a higher dimensional space. In the case of Gaussian kernel, the space has infinite
dimensions. In that extremely high dimensional space, the mapped feature representations can be easily
separated by a hyperplane. Thus, the value of C should be large enough to ensure that most mapped

training data are lying on the correct side of the separating hyperplane.
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We also notice that the performance of the kernel SVM is strongly related to the number of support
vectors. It seems that the fewer the support vectors, the better is the performance. This is probably

because that the more the support vectors, the higher is the chance that SVM overfits the training data.

6.3 SRvs. DCR

This section briefly compares the performance of SR, CR, and DCR in an acoustic scene classification
task using the TUT2016 dataset, and a speaker identification task using the Ahumada dataset. The
feature representation is the 1280-dimensional i-vector based on a 64-mixture UBM. The model
parameters used to compute the i-vector is estimated with 5 EM iterations. The SR is obtained using
SparseLab [103], while the CR and the DCR are implemented using MATLAB. The classifier is MRC,

and the training and testing feature representations are normalized to have a unit length.

The classification performance of SR, CR, and DCR is illustrated in Figure 6.8. It should be noted that

CR is DCR with n = 0. The time consumption of computing the SR with A =1 and the time
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Figure 6.8 SR vs. DCR for acoustic and speech signal classification. (a) Results on TUT2016. (b)
Results on Ahumada.

Table 6.1 Time consumption for SR and DCR (in seconds).

TUT2016 Ahumada
SR+MRC (1 =1) 908s 2868s
DCR+tMRC (A =1,n=1) Os 16s
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consumption of computing the DCR with A = 1 and n = 1 are given in Table 6.1, which is obtained by

running the MATLAB codes on a Windows 10 laptop with 8G memory.

As shown in Figure 6.8, SR slightly outperforms CR for acoustic scene classification (Figure 6.8 (a)),
whereas CR slightly outperforms SR for speaker identification (Figure 6.8 (b)). With a suitably chosen
value of n, DCR outperforms both SR and CR for both tasks. This validates the usefulness of the
additional regularization term involved in the objective function of DCR. More importantly, the
computation of DCR is much more efficient than that of SR, as shown in Table 6.1, since DCR has an

analytic solution while SR does not.

6.4 Experimental Comparison of SVM, PLDA and MRC

This section compares the performance of the linear SVM, PLDA, and MRC in two acoustic scene
classification tasks using the DCASE2013 and TUT2016 datasets, and two speaker identification tasks
using the Ahumada and Kingline081 datasets. The feature representation is the 1280-dimensional i-
vector based on a 64-mixture UBM. The model parameters used to compute the i-vector is estimated
with 5 EM iterations. On using MRC, the feature representation is normalized to have a unit length, and
the DRC is computed with different values of A and n. SVM is implemented using LIBSVM [85] with
C = 1, as varying the value of C does not make any significant difference. PLDA is implemented using
the scalable formulation, and the latent vectors in the PLDA model have the same dimensionality as the
feature representation. The model parameters are estimated by 1 and 2 EM iterations, as more EM

iterations do not help.

The classification accuracies of using different classifiers are illustrated in Figure 6.9. The time
consumption, including that for model parameter estimation and class label prediction, is illustrated in
Figure 6.10, where DCR is computed with A = 1 and n = 1, and the parameters of the PLDA model
are estimated with 1 EM iteration. The time is estimated by running the MATLAB codes on a Windows

10 laptop with 8G memory.

As shown in Figure 6.9, SVM achieves the highest accuracy on TUT2016, PLDA achieves the highest

accuracy on Kingline081, and DCR+MRC achieves the highest accuracy on DCASE2013 and
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Figure 6.9 Classification accuracy of DCR+MRC, SVM and PLDA on different datasets. (a)
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Figure 6.10 Time consumption of DCR+MRC, SVM and PLDA.

Ahumada. Therefore, in general, there is no one classifier always outperforming the others. It is then

important to choose a suitable classifier for a specific pattern recognition task or a specific dataset.

PLDA seems to work well on speech signals, as it gives the best performance on the Kingline081 speech
dataset and approaches the best performance on the Ahumada speech dataset, but work poorly on non-
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speech acoustic signals. PLDA assumes the feature representations to follow a Gaussian distribution
and conform to a factor analysis model, which may not be satisfied by non-speech acoustic signals.
Although PLDA is suitable for speech signals, its time consumption is high even if there is only 1 EM

iteration as shown in Figure 6.10. More EM iterations will then consume more time.

DCR+MRC generally works well on different datasets. It gives the best performance on DCASE2013
and Ahumada, and approaches the best performance on TUT2016 and Kingline081. Unlike SVM and
PLDA which require estimating the model parameters, after having the DCR for each feature
representation, MRC directly makes predictions using DCR instead of building any classification model.
This results in high computational efficiency. As the MATLAB codes for DCR are not optimized, the

computation takes more time than SVM, but is still more efficient than PLDA.

SVM is generally applicable to different tasks such as speaker identification and acoustic scene
classification, and is very fast in computation when using open source tools, such as LIBSVM. It
assumes the data are separable either in the original feature space or in the kernel space, but this
assumption is difficult to fulfill in real scenarios. It may not work very well, but will not work very

badly either.

102



Chapter 7 Feature Projection Techniques:

Theoretical Analysis

7.1 Fisher Discriminant Analysis

This section discusses Fisher discriminant analysis (FDA) and its variants, including the linear
discriminant analysis (LDA) and the kernel discriminant analysis (KDA). Specifically, two versions of
LDA will be explained, and their corresponding kernel-based formulations are derived. A brief

comparison between the two versions is also presented.

7.1.1 Linear Discriminant Analysis

Given a set of training vectors denoted as {x;, x5, ... x5}, Where N is the number of training data, and
the dimensionality of a training vector is D X 1. Suppose these training vectors belong to K different
classes, and there are N, training vectors belonging to class k, denoted as c,. The objective of LDA is
to find a projection matrix V with a size of D x P such that the projected vectors in the same class are
closer to their center, while the centers of different classes are farther from each other. Denoting the
corresponding projected vectors as {x7, x5, ...xy}, the objective of LDA can then be achieved by
reducing the within-class covariance €y, and increasing the between-class covariance Cy as defined in
(7.1), where u is the mean of all the projected vectors, and u; is the mean of the projected vectors

belonging to class k [104].

1 ’
Hi = N_kanEck Xn

1 )
n= ;Zgﬂ Xn (7.1)
Cy = Zlk{=1 anECk(x;’l - I"’k)(x;’l - ”k)T
Cp = Xk=1 Ne(te — ) (i — "
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Considering that x;, = VT x,,, C},, and Cy can be expressed in terms of V as given by (7.2), where Sy,

is the within-class scatter matrix and S is the between-class scatter matrix [104].

CW = VTSWV

7.2
CB = VTSBV ( )
where
1
my = N_kaneck Xn
_ 1N
m = Xn=1%n (7.3)

Sw = Zlk{=1 anEck(xn —my)(x, — mk)T
Sp = Y1 N (my, — m)(my, — m)"

7.1.1.1 LDA Version1

The objective of LDA can be realized by maximizing the objective function Q (V) given by (7.4), where
tr{. } computes the trace of the matrix.

QW) = tr{(VSy V)T (V'SV} (7.4)

Maximizing Q (V) defined in (7.4) is equivalent to the optimization problem given by (7.5) [104][105],

where v,, is the p-th column vector of V, which is a projection direction.

max tr{V' SV} max Y.;_; vy Spv,
s.t. = s.t. (7.5)
Vs,V =1 vpSyv, =1 for p=12..P

The constrained optimization problem in (7.5) can be reformulated using a Lagrangian function L(V, 1)

as given by (7.6), where {1, 1, ... 1p} are Lagrange multipliers.
LWV, ) =Xf_1vpSpvy, — Ypo1 Ay (VR Sy, — 1) (7.6)
Setting the derivative of L(V, 1) to zero gives (7.7), which means v,, is an eigenvector of SiiSs.

oLV, 1)
ovyp

=28SpVy — 22,8y, =0 =  Spv, =A,Syv, = Sy'Szv,=4,v, (7.7)
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7.1.1.2 LDA Version 2

Besides the objective function defined in (7.4), another expression of the objective function can be
adopted to realize the target that the within-class covariance of the projected vectors is reduced and the
between-class covariance is increased. The new objective function is defined in (7.8), where « is a non-
negative weighting coefficient balancing the importance of the within-class covariance and the

between-class covariance.
QW) = tr{VTSBV} — tr{aVTSWV} (7.8)

In order to prevent the solution from being infinity, it is necessary to apply the unit-length constraint.

The optimization problem then becomes (7.9).

maxtr{V7SzV} — tr{aV'Ss,,V} max Y.5_; vy, (Sp — aSy)v,
s.t. = s.t. (7.9)
viv =1 vyv, =1 for p=12..P

The corresponding Lagrangian function L(V, 1) is then given by (7.10), where {1;,14, ...1p} are

Lagrange multipliers.
LWV, ) = X5 1v5(Sg — aSy)v, — Xb_1 A, (vpv, — 1) (7.10)
Setting the derivative of L(V, 1) to zero yields (7.11), meaning that v,, is an eigenvector of (Sp — aSy).

aL(V,A)
vy

= Z(SB - aSW)vp - levp =0 . (SB - aSW)‘Up = Apvp (711)

7.1.1.3 Brief Comparison between the Two Versions of LDA

In the following, LDA (v1) refers to LDA version 1, and LDA (v2) refers to LDA version 2. We can
see that LDA (v1) requires finding the eigenvectors of S;;1 Sy, whereas LDA (v2) requires finding the
eigenvectors of (S5 — aSy,). The number of independent eigenvectors (viz. the number of orthogonal
projection directions) of LDA (v1) is limited by min{rank(S), rank(Sy, )}, whereas that of LDA (v2)
is limited by (rank(Sg) + rank(Sy,)). From this perspective, LDA (v2) may find out more orthogonal
projection directions than LDA (v1).
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Besides, LDA (v1) requires inverting the within-class scatter matrix Sy,, which may cause the
singularity problem if S}, is not full-rank, whereas LDA (v2) does not have this difficulty. From this
perspective, LDA (v2) tends to be more stable in terms of numerical computation. Nonetheless, we may
slightly modify the objective of LDA (v1) to finding the eigenvectors of (S, + al)~1S; where a is a
nonnegative regularization parameter. The inclusion of this regularization term helps prevent the

singularity problem.

7.1.2 Kernel Discriminant Analysis

The kernel discriminant analysis (KDA) is a generalization of LDA. Assume we would like to first map

the original feature vector into another dimensional space, using a mapping function ¢: x — ¢(x), and

then find the projection matrix V(#) in the mapped space, where v;‘l’) is the p-th column vector of V(%)

and the superscript ¢ denotes the mapped space. The within-class and between-class scatter matrices in

the mapped space will then have the form as given by (7.12). The relationship between the original

feature vector x and the projected vector x’ is x' = (V(¢))T¢(xn).

(M) = 1Ty, )
¢(m) =~ TN ¢ (xy)
SO = ¥ Ve (00en) — ) () — pm)”
S = ¥K_ Ne(p(my) — p(m)(p(my) — p(m))"

(7.12)

Analogous to LDA, KDA should end up solving an eigenvalue problem similar to (7.7) and (7.11),

which involve the computation of Sgl’)vz(,‘p) and S%’)vgp). Before we proceed, we should do some

derivations on these two terms. In the derivations, we will make use of the facts given by (7.13).

II§=1 Ny =N
Nyp(my,) = aneck b (xn) (7.13)
211§=1 Ny¢p(my) = Np(m)

Sgﬁ)vgp) can be expanded as
T
S5 vy = Tho Ne(@(my) — p(m)) (p (i) — p(m)) v,
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= K1 Nep (i) p(my) v — TK_y N (mi) p(m) v
— 2K Nep (M) (m)Tvs” + ZK_y Nep(m)p (m) vy
= K1 Bnee, $(n) dm) v = BK_, Ve o, $(xn) pm) 0
~Npm)pm) v + Nop(m)p (m) v
= YK 1 Tnnec, $(n) dm) v — BK_, ¥ e, $ () p(m) v
= 21 Tnpee (600 — o)) - p(a)
By introducing a new coefficient variable n,(lB ) such that

T.,(@) _ T,,(d) .
n® =K 18 where & = {¢(mk) v, —om) vy, if xn €
0 , otherwise

(7.14)

(7.15)

Sg”)vff) can then be expressed as a linear combination of ¢(x,) as given by (7.16), where the

coefficients are n,(lB ),

B

SO = 3o

) p(xn)

(@)

Similarly, S‘(,,?)vp

can be expanded as
SWVP = TK 1 T e (@) — ) (p(ay) — ¢(mk))Tv§f/’)
= Y1 Dapea, @@ () v = Bl Bxec d )P (mi0) v},
— K1 Ve, X)) VS + TE_s B o, DMy (M) v
= TN PO ) VS — TK B e D) (M) v

— TR p )N )T + T N (my ) (my ) 0y

= TN p ) d) TV — TK_ Ve co, D) P (my) v
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= 21 Tanea (@) VS — pm)™v) - p(a) (7.17)
By introducing a new coefficient variable n,(lW) such that

T..(®) _ T..(®)
;W) _ 1}\5:177%) where 777(lvkv) _ {(I)(xn) v, o(my) v, if x, €cy (7.18)
0 , otherwise

Slsl‘f)vg,d’) can then be expressed as a linear combination of ¢(x,) as given by (7.19), with the

coefficients given by n,(lw).

PP =N " p(xn) (7.19)

The facts that Sff)vz(f) and S](A‘f’ )v;@ are the linear combination of the mapped training vectors as given

by (7.16) and (7.19) respectively will be useful for understanding KDA.

7.1.2.1 KDA Version 1

Analogous to LDA (v1), KDA (v1) aims at solving the optimization problem defined in (7.20).

T
max 35, (v) s

s.t. (7.20)

T
(vgﬁ)) Sy(ﬁ)"gﬁ) =1 forp=12..P

Consequently, KDA (v1) is simplified to the eigenvalue problem given by (7.21), and the solution is
-1
then given by the eigenvectors of (S‘(/,;’b )) Sg”).
SOV = 1,5y ® (7.21)

Reformulating (7.21) using the expanded expressions of S}(;p)vgp) or S‘(,ff)vgp) given by (7.16) or (7.19)

respectively, we obtain

-1 w -1
v@® = 2, (sff)) SOp@® — %(n% 2, (Sgp)) )qb(xn)

(¢) @\ ! @), (@ (B) @\ ! (7.22)
v, =(/1pSW) Sy vy = Ll(nn l{,l(sw) )¢(xn)
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It is claimed in [71] that v;‘i’) can be a linear combination of all the mapped training vectors as given

by (7.23), where u;"’) is the coefficient vector in the mapped space, (uz(jb)) is the n-th element of u;‘l’),
n

and p(X) = [¢p(x1) P(x;) ... p(xp)] is the data matrix containing all the mapped training vectors.
v =300 (1) $Cen) = pXuy” (7.23)

However, as can be seen from (7.22), vgf’) will be a linear transformation of the linear combination of

all the mapped training vectors, instead of a direct linear combination. Therefore, (7.23) may not always
hold unless ¢ (X) spans the whole mapped space, viz. the covariance of ¢(X) is full-rank. Nevertheless,

even if (7.23) does not hold in some circumstances, the only risk is that we may not be able to find all

()
p -

(@)
P

(@)

v will correspond to a solution v

possible v, but any solution u

Using the relationship given by (7.23), the optimization problem of KDA (v1) becomes

max35_; (p0ul®) sPpxu?
s.t. (7.24)
(¢(X)u§,¢))T sSPpxouP =1 for p=12..P

It is noted that ¢(X)TS§?¢)¢(X) and ¢(X)TSI(A?)¢(X) can be reformulated as given by (7.25) and (7.26)
respectively, where the inner products of mapped vectors are expressed in terms of a kernel function
ker (.,.) as given by (7.27). In (7.27), the dimensionality of ®,,,;, ®,,, and ®,, is N X 1 where N is the

number of training vectors, and the subscript i represents the i-th element.
PXOTSP X = pOOT (Th_y Ne(d(me) — p(m)) (p(mye) — p(m))" ) p(X)
= 2K Ne (9T p(my) — pOOT p(m)) (p(X)T p(my) — XD p(m))’
=YK Ne( Pk — @) (P — P)T (7.25)
PXOTSPSX) = pXOT (Thy T pec (9 @) — dm)) (9 () — p(m))" ) H(X)
= 2K Brnea (60T O (xn) — X7 d(m)) (9 (X)) — SO p(my))"
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= Zlk(=1 anEck(q)n — @) (P, — ':Dmk)T (7-26)

where

(Pmr)i = ¢(xi)T¢(mk) = Nikaneck d)(xi)Td)(xn) = Nikz:xneck ker (x;, x5,)

(@m)i = px)TPam) = = TN p(x))  p(xn) =+ NN ker (x;, %) (7.27)
(cbn)i = d)(xi)Td)(xn) = ker (x;, x,)

If we further define Rgp) = qb(X)TSgb)qb(X) and R%’) = d)(X)TS‘(A(f)d)(X), the optimization problem

-1
of KDA (v1) is simplified to (7.28), whose solution is then the eigenvectors of (R%’)) R,(_f).

T
max 2521 (ugp)) Rgd’)ugp)

s.t. (7.28)

T

Having found all the coefficient vector ugm forp = 1,2 ... P, for a testing vector y, its corresponding

projected vector, denoted as y', can be computed using (7.29), where y,, denotes the p-th element of y’,
(uz(,"’)). is the i-th element of ug’b), and N is the number of training vectors. The dimensionality of y’

1

will be P x 1.

7 = () 60 = (s00u) ¢ = () $XTGO) = £, (u) Jer (x1,9)

(7.29)

7.1.2.2 KDA Version 2

Analogous to LDA (v2), KDA (v2) aims at solving the optimization problem defined in (7.30).

T
max 5o, (v (s - asP) v
s.t. (7.30)
T
(vgp)) vz(,d)) =1 forp=12..P
It is then simplified to the eigenvalue problem in (7.31), whose solution is given by the eigenvectors of

(5P - asiP).
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(9 - asP) v = 2,0 (731)

Using the equations given by (7.16) and (7.19), (7.31) becomes
TN () — a INa i - p ) = 20 (7.32)

Rearranging (7.32) gives (7.33), which implies that as long as v;‘p) is a solution to (7.30), v;‘p) should

be a linear combination of all the mapped training vectors.
1 B
v = 80 (1 — anl”) - () (7.33)

This enables us to express v;‘l’) as (7.34), where u;qb) is the coefficient vector, and ¢ (X) is the data

matrix comprising all the mapped training vectors, the same as that used in KDA (v1).
() _ ()
v, = ¢Xu, (7.34)

Using (7.34), KDA (v2) can be reformulated as (7.35), where Rgl’) and RI(/f ) are the same as those used

in KDA (v1). In order to obtain a unique solution, the unit-length constraint is applied to u;"’). The unit-

(9)
4

length constraint of v,”” can be satisfied by normalizing the projected vector.

T
o () (4 - )
s.t. (7.35)
T
(ugﬁ)) ugp) =1 forp=12..P

Similar to LDA (v2), solving (7.35) gives (7.36), whose solution is the eigenvectors of (Rgl’) - aR‘(,g’)).
(RS - aRP ) u? = 2,ul? (7.36)

Having found all the coefficient vector u§,¢) forp = 1,2 ... P, for a testing vector y, its corresponding

projected vector, denoted as y’, can be computed using (7.29). Having obtained the projected vector,

(@)

we may implicitly normalize the projection vector v,

through normalizing y,, as given by (7.37),
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where y,, denotes the p-th element of y’, ( (¢)) is the i-th element of ué‘b), and N is the number of

training vectors.

v @) em (W) swTew) 52 (uf?) erGeyy)
T [P e ) ecrocou [ (P) o0 o) (P,

S (ug?”) ker (i)
\/Z 2 (u$P) ker Groxp) (¢))]

(7.37)

7.1.2.3 Brief Comparison between the Two Versions of KDA

-1
KDA (v1) requires finding the eigenvectors of (RI(A?)) R,(f), while KDA (v2) requires finding the
eigenvectors of (Rgp) - aRI(A‘f’)). When compared to KDA (v2), KDA (v1) may have the singularity
problem if Rf,ff) is not full-rank. Nevertheless, this problem can be avoided by introducing a

-1
regularization parameter a such that KDA (v1) aims at finding the eigenvectors of (R‘(,‘,f> ) 4 al) R,(;l’).

Besides, the kernel-based formulations for KDA (v1) given by (7.20) and (7.28) do not have a one-to-

@

one correspondence. One u,,”” solved from (7.28) always corresponds to one v(¢) solved from (7.20),

but not vice versa. In contrast, the kernel-based formulations for KDA (v2) given by (7.30) and (7.35)

have a one-to-one correspondence.

7.2 Nuisance Attribute Projection

This section deals with the technique originating from the nuisance attribute projection (NAP), which
is widely used in speaker verification [74]. The role of NAP is to remove the unwanted information
(i.e., the nuisance attribute) from the extracted feature vector; for example, the channel information
embedded in a GSV. Nevertheless, the technique of NAP can be extended to a more general case,

making it a general projection technique. The relationship between NAP and LDA will also be discussed.
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7.2.1 Basic Formulation

Suppose there is a training set of speech samples denoted as {x4, x5, ... Xy }, where N is the number of
training samples, and x,, is a D x 1 vector (such as GSV or i-vector) representing the n-th speech
sample. Assume that these speech samples come from different channels, such as different recording
microphones or different telephone channels. Then, the channel information embedded in the training

vectors will be a type of noise that will degrade the quality of the training vectors.

The objective of NAP is to find a projection matrix V with a size of D x P, such that after performing
this projection, most channel information can be removed from the original vector. This objective can
be achieved by minimizing the objective function Q (V) given by (7.38), where W;; is the ij-th element
of W, which is an N X N symmetric weight matrix. Thus, in the projected space, the channel
information is more concentrated. The projected vector x;, corresponding to the vector x,, is given by

x), = (I — VVT)x,,, where the channel information is expected to be projected out [76].
2
QW) =X, X Wy ||vTx; - Vij”Z (7.38)

where

1, if x; and xj come from dif ferent channels

W;; = 7.39
Y {0, otherwise ( )

NAP works well as a channel compensation technique for speaker verification. However, the original
idea may not be directly applicable to general pattern recognition tasks, as the feature vectors for
different tasks may not contain the so-called channel information. Fortunately, by simply modifying the
meaning of the weight matrix given by (7.39) to that given by (7.40), a general projection technique is
obtained, which can be used to improve the discrimination ability of the original feature vector. In (7.40),
y is a nonnegative regularization parameter explained later. The projected vector is then given as x;, =
Vix,.

1, if x; and xj come from the same class

Wi = {—y, otherwise (7.40)
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Using the weight matrix as given by (7.40), Q(V) can also be written as (7.41), where K is the number

of classes and c;, denotes the k-th class.

Q(V) = II§=1 inEck Zx]-ECk”VTxi - I/Tx]'Hz - Vzlk{=1 inEck Zx]-eck”VTxi - VTxJ'”z (7'41)

The expression of the objective function in (7.41) shows that one goal is reducing the pairwise distance
if the projected vectors come from the same class, and another goal is increasing the pairwise distance
if the projected vectors come from different classes. This makes the projected vectors closer to each
other if they belong to the same class, and farther from each other if they belong to different classes.
The regularization parameter y controls the tradeoff between the two goals. We keep referring to this

projection technique as NAP, even though the original meaning has been changed.

It is reasonable to restrict the projection directions to have a unit length, i.e., the column vectors in V
should have a unit length. The projection matrix can then be obtained by solving the constrained
optimization problem defined in (7.42), where v,, is the p-th column vector in V, and P is the number

of columnsin V.

min Q(V)
s.t. (7.42)
vyv, =1 for p=12..P

The objective function Q(V) can be expanded as
QW) = I, 3 Wi (x — x) VT (x; — x7)
=Y YW (i — )T (Xp=1vpvh) (X — X))
= Yp=12ie 2y Wi (2 — x)Tv,vp (x; — X))
p=1Vp (Tl Xjoy Wij (i — 2) (% — %) ") v,
=1 V(XTI 2N Wi (ex] + xpx] — xix] — x;x])) v,

p=1Vp (2L 121 Wixix] vy + 351 v (ZL 121 1 xiij)”p
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—Xp= 175 (2 1 Wijx; xT)vp p= 175 (2 Wijxjx; )y
=230 v (X, 2N Wixx] vy, — 230, vl (BN, X, Wixix] v, (7.43)

For simplicity, we may use a data matrix X to represent all the training vectors, namely X =
[x; x5 ... xy], which isa D x N matrix. We may also define a matrix Zy,, as given by (7.44), where
eisan N x 1 vector with all elements being one, and diag{. } is an operation that puts the input vector

on the principal diagonal of the output diagonal matrix [76].
Zy = diag{We} - W (7.44)
Using the notations X and Z,,, Q(V) can be simplified to
QW) =2%h_, vIXZyXTv, (7.45)

The constrained optimization problem in (7.42) can be reformulated using a Lagrangian function
L(V,A) as given by (7.46), where the constant factor 2 in (7.45) is dropped, and {1;,1, ...1p} are

Lagrange multipliers.
LWV, ) =X 1 v XZy X v, — Y01 A, (Viv, — 1) (7.46)

Setting the derivative of L(V, 1) with respect to v,, to zero yields (7.47), meaning that v,, is the p-th
eigenvector of XZ,,X”. The unit-length constraint of v,, can then be satisfied by normalization. The

number of projection directions, i.e., P, is then determined by the number of eigenvectors of XZ, X”.

oL(V,A)

T — T —
2oy =2XZy X v, —24,v, =0 = XZyX'v,=1,v, (7.47)

7.2.2 Kernel Extension

From (7.47), itis noticed that if v, is a solution to the eigenvalue problem, it should have the expression
as given by (7.48), which implies that v, is a linear combination of all the training vectors. For

simplicity, a coefficient vector u, is defined, whose dimensionality is N x 1.

ZywX v,
/117

v, =X = Xu,, (7.48)
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Substituting v, in (7.47) by Xu, gives
XZyX"Xu, = 1,Xu, (7.49)
Multiplying both sides of (7.49) by X7 then yields
X"XZyX"Xu, = 1,X"Xu, (7.50)

Since only the inner products of the training vectors are involved in computation, the kernel trick is
applicable. Suppose we would like to map the original vector x to another dimensional space using a
mapping function ¢: x — ¢(x), (7.50) becomes (7.51), where ¢(X) = [Pp(x1) P(x3) ... dp(xn)],

(@)
p

and u, " is the coefficient vector in the mapped space ¢.

P PX)ZydX) XU = 1,6X)T X (7.51)

Define a kernel matrix @, whose ij-th element is the inner product of ¢ (x;) and ¢ (x;), and is expressed

using a kernel function ker (x;, x;) as given by (7.52),
;i = p(x)"P(x;) = ker (x;, x;) (7.52)
Then (7.51) can be simplified to (7.53), which is the kernel-based NAP (KNAP).
@z, oul? = 2, 0ul” (7.53)

When the mapping function is the simple identity mapping, namely ¢(x) = x, (7.53) then becomes

(7.50). Specifying a mapping ¢ or a kernel function ker (.,.), the coefficient vector ug‘p) can be

obtained by solving the generalized eigenvalue problem in (7.53). The number of projection directions,

namely, P, is then the number of eigenvectors. In the mapped space ¢, the relationship between the

(@)

p ~ and the coefficient vector ul(f’) is given by (7.54).

projection direction v

v® = pXu? (7.54)
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Having found ug”) forp = 1,2 ... P, for a testing vector y, its corresponding projected vector, denoted

asy’, can be computed using (7.55), where y, denotes the p-th element of y’, (u;‘p)). is the i-th
l

(@)
P

element of u,”’, and N is the number of training vectors. The dimensionality of y" will be P x 1.

v = () 900 = (s0u?) $0) = (1) $O0TG) = Ty () Ker ()
(7.55)

In order to fulfill the unit-length constraint of the projection directions, although it may be difficult to

(¢
p

@

) in the mapped space ¢, it is feasible to implicitly normalize v,

normalize the projection vector v

through normalizing y, as given by (7.56), which requires ugp) instead of v;‘l’).
v _ (=) o) _ () p0To0) _ 2 () er i) (7,56
||v§;’”||2 \/(vgm)Tv;m \/(u;@)Td,(X)Td)(X)u;w \/(u;@)Tq,u;@

7.2.3 Relationship with LDA

The objective function of NAP is based on the pairwise Euclidean distance, which is the distance
between two vectors. In contrast, the objective function of LDA is based on the cluster-center distance,
which is the distance between two clusters of vectors. Although NAP and LDA seem uncorrelated, there

does exist some relationship between them.

Given a set of training vectors {x;, x,, ... Xy} belonging to K classes, where the k-th class, denoted as
¢, comprises N, training vectors. Denote x;, as the projected version of x,,, u as the mean of all the

projected vectors, and p;, as the mean of the projected vectors belonging to class k, we have

x, =VT'x,
R o
R =75 2n=1%Xn (7.57)
1 ,
Ky N_kanEck n

The objective function of NAP can then be expressed as (7.58), which comprises two parts denoted as

A; and A,.
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QNAP(V) = I]§=1 inECk ZXjECk”xg - x],”z - VZI]§=1 inECk ijeCk”x; - x],”z = Al - yAZ

(7.58)

In the following, we show how to relate NAP to LDA through reformulating A; and A,. A, can be

reformulated in terms of u;, as given by (7.59).
By = TKer Trea xjeedllti = 5112 = Bet Sniee Sayeel 0 — 0 = () — ) |1
=Ykt Dixieck ijECk (||x§ — I3 + ||x]' - ﬂk”z —2(x; — ”k)T(x_;' - Hk))
= TE_y Nie Bgecel% = pell3 + Z5oy Ne S e, |12 — el
—2Yo1 inEck Zx,-EC,{(XQ - llk)T(x]" - !lk)
= 2% K=1 Ny inECk”x; —mellZ —2X5 inECk(x§ - )" ijeak(x]" - Hk)

= 2 ¥k=1 Nie Zxeci 1% — mll? (7.59)

Similarly, A, can be reformulated in terms of w;, and u as given by (7.60).
8 = Ther Treey Znyeall i = [, = Ty Z)llxi - x|, - &
= 2, Sl - ) — (% - )l — A
=X\, Z?I:l”x; — i3 + X, Z?’=1||x1" - IIHE -23Y, Z?’:l(x; - [l)T(x]'- - u) — A
=2N Y llx; —pll3 =23, (i — " X () — ) — Ay
= 2N Zév=1||x§ —pll5 -4,
= 2N ¥k=1 Zxec = ) + (i — w13 — Ay
= 2N XEo1 Dxec 1 — w13 + 2N 5o Bxec, | (e — w113

+4N Yio1 Yxjec, (K — )" (e — 1) — Ay
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= 2N X1 Zxec | — idl13 + 2N TE_y Txec, [l (e — w13
+4N YK (Bxec, (i — )" ) (e — ) — Ay
= 2N X¥=1 Zec | = I3 + 2N ZEog T, Il (i = I3 — 24
= 2N o1 Zec | = I3 + 2N ZEog Txec, | (i — 13 — 2 X1 Nic Zieey X — micll3
= 2X8=1(N = Ni) Zec, 12 — mcll3 + 2N Zioq Txec, /I e — w13
=2 ¥k=1(N = Np) e 1% — pucll + 2N oy Nill (e — 113 (7.60)
Using the reformulations of A; and A,, Qu4p (V) can be expressed as
Qnap(V) = A1 —y4,
= 2 Xk=1 Nie ey lIxi — el
—y(2ZKo1(N = N) Tyec, 1% — miell3 + 2N TR_y Nl (e — w113)
= Yk=1(2Ni = 2y (N = Ni©)) Zxec, 12 — pcll3 — Zk=1 VNNl (e — )13 (7.61)
Recalling that the objective function of LDA (v2) is given by
Qupa(V) = tr{Cp} — tr{aCy}
= tr{Z’k‘=1 Ny (e — ) (pye — #)T} - tr{a Yot Dec (X — ) (xg — ﬂk)T}
= tr{Xk=1 Ne (e — )" (e — )} — tr{a Y54 Yriec (X — )" (x; — )}
= k=1 Ne(ue — 0" (e — ) — a Y54 Zxﬁck(x; — )" (X — ) (7.62)

Considering that NAP aims at minimizing Qy4p (V) whereas LDA (v2) aims at maximizing Q;p4(V),
NAP and LDA (v2) are equivalent under the condition given by (7.63), which demonstrates the

relationship between the two projection techniques.

2Ng—2y(N-Ng) - N (7 63)

—1 =
2YNNy N 14 (1+a)N—-Ny
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According to (7.63), when the value of a varies within [0, o), in order to maintain the equivalence, y

will vary within [NN;‘V ,0).
Nk

7.3 Brief Comparison between LDA and NAP

Both LDA and NAP aim at finding a projection matrix that realizes two targets. The first target is to
shorten the within-class distances (i.e., shorten the distances between the projected vectors belonging
to the same class), and the second target is to increase the between-class distances (i.e., increase the
distances between the projected vectors belonging to different classes). Specifically, LDA realizes the
first target by shortening the distances between the projected vectors and their class centers, whereas
NAP realizes the first target by shortening the distances between pairs of projected vectors belonging
to the same class. LDA realizes the second target by increasing the distances between different class
centers, whereas NAP realizes the second target by increasing the distances between pairs of projected

vectors belonging to different classes.

As the objective function of NAP is based on pairwise distances, a good way of determining the weight
of each pairwise distance may lead to a good performance. From this perspective, the design of the
objective function of NAP is more flexible than that of LDA. Nonetheless, the weight parameter can
also be included in the expression of the scatter matrices in LDA, which makes the design of LDA

flexible, too.
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Chapter 8 Feature Projection Techniques:

Experimental Comparison

This chapter evaluates the effectiveness of NAP, KNAP, LDA, and KDA as a projection technique for
improving the discrimination ability of the raw feature representation. A speaker identification task is
done using the Ahumada dataset. The raw feature representations are 1280-dimensional GSV with g =
0 and 1280-dimensional i-vector estimated with 5 EM iterations, based on a 64-mixture UBM. The
kernel-based projection (i.e., KNAP and KDA) adopts a Gaussian kernel defined by (8.1), where d is
the kernel parameter being varied in the experiments. The property of the Gaussian kernel is that it
implicitly maps the raw feature representation from its original feature space to an infinite-dimensional

space (i.e., ¢(x;) has a dimensionality of infinity) [106].
ker(x;,x;) = p(x)"P(x;) = exp {— @} (8.1)

Since the projection technique ends up solving an eigenvalue problem, the total number of possible
projection directions are the total number of eigenvectors. In our experiments, all the projection
directions are used instead of choosing several most significant ones (e.g., choosing the eigenvectors
with large eigenvalues), as we believe the more the projection directions, the more the class information
the projected vectors will carry. This results in a dimensionality of 1280 x 1 (i.e., the dimensionality
of the raw feature representation) for NAP and LDA, and a dimensionality of 1199 x 1 (i.e., the

number of training data) for KNAP and KDA.

The experimental results using GSV as the raw feature representation are shown in Figures 8.1 ~ 8.3.
Figure 8.1 compares the linear SVM and the kernel SVM. Different values of the parameter C and the

kernel parameter d are tried. Figure 8.2 shows the effectiveness of applying NAP and KNAP to GSV.

121



Different values of the regularization parameter y and the kernel parameter d are tried. Figure 8.3
shows the effectiveness of applying LDA and KDA to GSV. Both versions of LDA and KDA are
investigated, and the corresponding regularization parameter a and the kernel parameter d vary. After

applying the projection techniques, a linear SVM with C = 1 is employed as the classifier.

As shown in Figure 8.1, linear SVM is insensitive to different values of C, so it is safetoset C = 1 in
general. However, this is not true for SVM with the Gaussian kernel. Gaussian kernel maps GSV to an
infinite-dimensional space. In that extremely high dimensional space, the mapped feature vectors should
be linearly separable. Therefore, a large value of C should be chosen to ensure a small value of &, so
that there are few training data lying on the wrong side of the separating hyperplanes in the infinite-

dimensional space.

As shown in Figure 8.2, NAP does not take effect at all, and KNAP gives even worse performance.
Albeit NAP resembles LDA in some sense, the way it finds out the projection directions is ineffective.
Although both NAP and LDA find the projection directions by finding the eigenvectors, the choices of
the eigenvectors are not unique. Thus, the way of constructing the objective function does matter. In
addition, the choice of the value of the regularization parameter y does not exert any influence.

Nevertheless, when compared to LDA, NAP is more flexible in that the weight coefficient W;; can be

dependent on each pair of training data (x;, x;), such that different pairs of data are weighted differently.

GSV + SVM (Ahumada)

SVM (linear kernel)
~—o—0—9

55 //._
SVM (Gaussian kernel,
d=500)

SVM (Gaussian kernel,
d=1000)

Accuracy (%)
oy
wv

SVM (Gaussian kernel,
35 d=2000)

—@— SVM (Gaussian kernel,
d=5000)

SVM (Gaussian kernel,
C d=10000)

Figure 8.1 Linear SVM vs. kernel SVM using GSV as the raw feature representation.
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Accuracy (%)

Figure 8.2
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GSV + NAP/KNAP + linear SVM (Ahumada)
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Figure 8.3 LDA vs. KDA using GSV as the raw feature representation. (a) LDA v1 and KDA v1.
(b) LDA v2 and KDA v2.

As shown in Figure 8.3, both versions of LDA can significantly improve the performance of GSV (more
than 10% in accuracy). LDA (v1) seems to be more favorable than LDA (v2), but is more sensitive to
the choice of the regularization parameter. KDA is worse than LDA, which is similar to the observation
on NAP and KNAP, indicating that an implicit feature mapping before the projection seems

unnecessary, as GSV already has a high dimensionality.

The large variation of the performance for different values of « indicates the importance of the
regularization parameter. Actually, @ has different meanings for LDA (v1) and LDA (v2). Both
formulations include 1) the scatter matrix S, representing the within-class aggregation, and 2) the
scatter matrix S representing the between-class separation. Specifically, LDA (v1) aims at finding the
eigenvectors of (S, + al)~1Sg, where the larger the value of a, the weaker the influence of S, and

the stronger the influence of S;. So, for LDA (v1), the larger the value of «, the more it focuses on the
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separation of different classes in the projected space. In contrast, LDA (v2) aims at finding the
eigenvectors of (S5 — aS),), where the larger the value of «, the stronger the influence of S,. So, for
LDA (v2), the larger the value of a, the more it focuses on the aggregation of the projected vectors

within the same class.

The experimental results using i-vector as the raw feature representation are shown in Figure 8.4 and
Figure 8.5. Figure 8.4 compares the linear SVM and the kernel SVM, while Figure 8.5 shows the
effectiveness of applying LDA and KDA to i-vector. On using i-vector, the kernel SVM may offer small
improvements over the linear SVM with suitably chosen values of C and d as shown in Figure 8.4.
Actually, the combination of i-vector and SVM is better than the combination of GSV and SVM by
comparing Figure 8.1 and Figure 8.4. Still, i-vector leaves less room for LDA to further improve its

performance (about 3% improvement in accuracy) as shown in Figure 8.5, when compared with GSV
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(more than 10% improvement in accuracy) as shown in Figure 8.3. The model assumption of i-vector
states that the latent vector follows a Gaussian distribution, which implies the elements in different
dimensions of an i-vector are supposed to be independent of each other. However, the projection
technique finds the projected space by exploiting the relationship between different elements in the raw
feature representation, and thus may fail when i-vector is used, whose elements are in principle
decorrelated. This phenomenon reveals that the projection techniques highly depend on the

characteristics of the raw feature representation.

125



Chapter 9 Conclusion

9.1 Major Findings

In this thesis, we focus on acoustic and speech signal classification. Three fundamental parts composing
a classification system are investigated, which are 1) feature representations, 2) feature transformation

techniques, and 3) classifiers. All these parts are important and influencing one another.

The feature representation captures the characteristics of an acoustic sample. The information it carries
should be abundant, which requires its dimensionality to be high. Example high-dimensional feature
representations include GSV and i-vector. GSV is obtained by MAP adapting the GMM-based UBM,
S0 its computation is quite efficient. However, its dimensionality is determined by the number of
mixture components in the GMM, which is unchangeable when the GMM is fixed. I-vector is obtained
by estimating an FA model from the GMM, which requires estimating extra model parameters. As the
size of the factor-loading matrix in the FA can be large, the computation can be inefficient. Nonetheless,
the dimensionality of i-vector depends on the dimensionality of the latent vector in the FA, which is

independent of the number of mixture components in the GMM, and thus is changeable.

To make a compromise between the efficiency in computation and the flexibility in dimensionality, we
propose the MFALYV, which is obtained by estimating an MFA from the GMM. Estimating the model
parameters of the MFA is more efficient than that of the FA, as the size of the factor-loading matrix in
the MFA is small. Nonetheless, the dimensionality of MFALYV is proportional to the number of mixture
components, so it is changeable but not as flexible as that of i-vector. The experimental results on two
speaker identification tasks show that the performance of MFALYV is comparable to or even better than
that of i-vector. In brief, GSV has the highest computation efficiency, i-vector has the best flexibility in
dimensionality, while MFALYV lies in between. Different feature representations have their own

strengths and weaknesses.
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Observing that GSV, i-vector and MFALY are all based on a GMM-based universal background model,
we propose the generic supervector, which is the generalization of GSV and MFALYV. I-vector can then
be obtained by post-processing the generic supervector. The formulation of the generic supervector
provides a general design framework, which helps design new types of feature representations. Since
the generic supervector is the weighted sum of a mapped vector and a calibration vector, it can be used
to interpret the feature representation produced by a convolutional layer in a classic CNN. The inclusion

of the calibration vector also helps intuitively explain the robustness of the residual network.

SVM and PLDA are two widely used classification models for acoustic and speech signal classification
tasks. While SVM has been a mature classification model, PLDA has a scalability issue that hinders it
from efficiently handling large numbers of training data, especially when the data have high
dimensionality. Facing this issue, we propose a scalable formulation such that PLDA can efficiently
make predictions even if the number of training data is large. Despite its superior performance for doing
speaker identification tasks, PLDA does a bad job on acoustic scene classification tasks, probably owing
to the violation of the model assumption. Besides, building a PLDA model consumes much more time

than building an SVM.

The dictionary-based classifier, such as the SR-based classifier and the CR-based classifier, is a model-
free classifier. When compared to SR, CR is more computationally efficient. In order to further boost
the discrimination ability of CR, we propose the DCR, which provides improvements over CR in both
speaker identification and acoustic scene classification tasks. The time consumption of DCR is much
lower than that of PLDA and slightly higher than that of SVM. Four datasets have been used to evaluate
the performance of different classifiers. The experimental results demonstrate that, in general, no one

classifier always surpasses the others in all tasks.

We have also investigated two probabilistic models, viz. GMM and RBM. The model assumption
determines that GMM is good at handling low-dimensional decorrelated feature vectors, whereas RBM
is good at handling high-dimensional correlated feature vectors. As a probability estimator, GMM is
better than RBM, which is demonstrated by our experiments on acoustic scene classification.
Nevertheless, the most important use of RBM is working as the building block for a DBN. By adding
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a softmax layer at the end of a DBN, the DBN-DNN is formed, which can then be fine-tuned for doing
classification tasks. It is noteworthy that tuning the softmax layer only cannot offer a good performance.
The improvement is observed only by tuning all the layers of the DBN-DNN. This observation indicates
that the DBN trained in an unsupervised manner does not produce an expressive feature representation.
In addition, high dimensionality of the input feature vector is very important for RBM and DBN-DNN
to effectively learn the relationship between the elements inside the input feature vector. If the
dimensionality of the input feature vector is low, increasing the depth of DBN-DNN may even degrade

its performance.

The discriminative classification model, such as SVM, assumes the data to be separable. So, if the data
are inseparable, SVM may fail. The generative classification models, such as GMM, do not require the
data to be separable. The model is constructed based on the characteristics of all the training data in a
class, so the decision of whether a vector should belong to a class, is made by the joint distribution of
the vector and all the training data in that class. In this case, the boundaries of different classes can be

overlapped.

Two widely used projection techniques, viz. LDA and NAP, are analyzed in this thesis. As the
generalization of LDA and NAP, the kernel-based formulations for LDA and NAP, viz. KDA and
KNAP respectively, are derived in detail. We then analyze the relationship between LDA and NAP,
proving that NAP is equivalent to a formulation of LDA under some condition. It is also found that
using a non-linear kernel may not improve the effectiveness of the projection technique, as sometimes
the implicit feature mapping provided by the kernel is unnecessary. Nevertheless, the kernel-based
formulation generalizes the original formulation and provides the possibility of trying different kernel

functions for implicit feature mappings.

As a projection technique, both LDA and KDA can significantly improve the performance of GSV for
speaker identification tasks, but NAP and KNAP do not take any effect at all. Although the objective
function of NAP is equivalent to that of LDA under some condition, the way NAP finds the projection
directions is not as effective as LDA. However, both LDA and KDA fail on i-vector, as the elements in

an i-vector are approximately independent of each other, which probably hinders the projection
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techniques to exploit the relationship between different elements. This phenomenon reveals that the
effectiveness of the projection techniques highly depends on the structure of the feature representation.
Some feature representations work well but leave little space for the projection technique to offer
improvements, while some feature representations work poorly but make room for the projection

technique to take effect.

In summary, different feature representations have different characteristics in terms of effectiveness and
efficiency. It is indeed difficult for a feature representation to hold the highest effectiveness and the
highest efficiency at the same time. All have their own strengths and weaknesses. The effectiveness of
the feature transformation techniques also highly depends on the characteristics of the feature
representation. Similarly, no one classifier can always surpass the others in all cases. Different
classifiers make different model assumptions on the feature representation, so the most important thing
is to choose the most suitable combination of the feature representation and the classifier, such that the

assumptions of both are matched.

9.2 Future Directions

The formulation of the generic supervector provides a general design framework. Using different
background models or choosing different feature mapping functions may yield different types of feature
representations. For instance, the background model can be a GMM, an MFA, a DBN, a DNN or the
combination of them. Future research can then be focused on the design of heterogenous supervectors,
where the background model is composed of different types of models. The generic supervector may
also have multiple levels, similar to the structure of a DNN. However, the major difference between a
deep supervector and a DNN is that different levels in a deep supervector can be based on different

types of background models and different construction mechanisms.

Including a kernel in SVM has been shown to be effective for long. The kernel trick can also be
combined with other existing techniques, as long as the objective function only involves the inner
products of the feature vectors, such as the sparse representation and the collaborative representation.

It is also feasible to apply the kernel trick to a neural network, as a neural network performs matrix
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multiplications layer by layer. We may also apply the kernel trick to a multivariate GMM if different
variables share the same variance [108], which enables GMM to model feature distributions in the
kernel space instead of the original feature space. If using the Gaussian kernel, the GSV, which is based

on a GMM, will have infinite dimensions.

130



References

[1]

[2]

[3]

[4]

[5]

[6]

[7]

[8]

[9]
[10]

J. H. L. Hansen and T. Hasan, “Speaker recognition by machines and humans: a tutorial review,”
IEEE Signal Processing Magazine, vol. 32, no. 6, pp. 74-99, 2015.

C. Hanilci, F. Ertas, T. Ertas, and O. Eskidere, “Recognition of brand and models of cell-phones
from recorded speech signals,” IEEE Trans. on Information Forensics and Security, vol. 7, no.
2, pp. 625-634, 2012.

S. Gupta, S. Cho, and C. C. J. Kuo, “Current developments and future trends in audio
authentication,” IEEE Multimedia, vol. 19, pp. 50-59, Jan. 2012.

R. Garg, A. L. Varna, and M. Wu, “Modeling and analysis of electric network frequency signal
for timestamp verification,” in Proc. IEEE Int. Workshop on Information Forensics and
Security, 2012, pp. 67-72.

H. Zhao and H. Malik, “Audio recording location identification using acoustic environment
signature,” IEEE Trans. on Information Forensics and Security, vol. 8, no. 11, pp. 1746-1759,
2013.

D. Barchiesi, D. Giannoulis, D. Stowell, and M. D. Plumbley, “Acoustic scene classification:
classifying environments from the sounds they produce,” IEEE Signal Processing Magazine,
vol. 32, no. 3, pp. 16-34, 2015.

W. M. Campbell, D. E. Sturim, and D. A. Reynolds, “Support vector machines using GMM
supervectors for speaker verification,” IEEE Signal Processing Letters, vol. 13, no. 5, pp. 308-
311, 2006.

N. Dehak, P. J. Kenny, R. Dehak, P. Dumouchel, and P. Ouellet, “Front-end factor analysis for
speaker verification,” IEEE Trans. on Audio, Speech, and Language Processing, vol. 19, no. 4,
pp. 788-798, 2011.

D. Reynolds, “Gaussian mixture models,” in Encyclopedia of Biometrics, 2015, pp. 827-832.
Y. Bengio, P. Lamblin, D. Popovici, and H. Larochelle, “Greedy layer-wise training of deep
networks,” in Proc. Advances in Neural Information Processing Systems (NIPS), 2007, pp. 153-

160.

131



[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

T. Kinnunen and H. Li, “An overview of text-independent speaker recognition: from features
to supervectors,” Speech Communication, vol. 52, no. 1, pp. 12-40, 2010.

X. Huang, A. Acero, and H. W. Hon, “Speech signal representations,” in Spoken Language
Processing: A Guide to Theory, Algorithm and System Development. Upper Saddle River, NJ:
Prentice Hall PTR, 2001, ch. 6, pp. 273-333.

G. Hinton et al., “Deep neural networks for acoustic modelling in speech recognition: the shared
views of four research groups,” IEEE Signal Processing Magazine, vol. 29, no. 6, pp. 82-97,
2012.

D. Luo, P. Korus, and J. Huang, “Band energy difference for source attribution in audio
forensics,” IEEE Trans. on Information Forensics and Security, vol. 13, no. 9, pp. 2179-2189,
2018.

M. Todisco et al., “Integrated presentation attack detection and automatic speaker verification:
Common features and Gaussian back-end fusion,” in Proc. Annual Conference of the
International Speech Communication Association (INTERSPEECH), 2018, pp. 77-81.

H. Lee, P. Pham, Y. Largman, and A. Y. Ng, “Unsupervised feature learning for audio
classification using convolutional deep belief networks,” in Proc. Advances in Neural
Information Processing Systems (NIPS), 2009, pp. 1096-1104.

Y. Li et al., “Mobile phone clustering from speech recordings using deep representation and
spectral clustering,” IEEE Trans. on Information Forensics and Security, vol. 13, no. 4, pp.
965-977, 2018.

F. Richardson, D. Reynolds, and N. Dehak, “Deep neural network approaches to speaker and
language recognition,” IEEE Signal Processing Letters, vol. 22, no. 10, pp. 1671-1675, 2015.
J. Li, W. Dai, F. Metze, S. Qu, and S. Das, “A comparison of deep learning methods for
environmental sound detection,” in Proc. IEEE Int. Conf. on Acoustics, Speech and Signal
Processing (ICASSP), 2017, pp. 126-130.

Y. Zhang and J. R. Glass, “Unsupervised spoken keyword spotting via segmental DTW on
Gaussian posteriorgrams,” in Proc. IEEE Workshop on Automatic Speech Recognition &
Understanding, 2009, pp. 398-403.

132



[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

S. Chachada and C. C. J. Kuo, “Environmental sound recognition: a survey,” in IEEE Proc.
Asia Pacific Signal and Information Processing Association Annual Summit and Conference
(APSIPA), 2013, pp. 1-9.

D. A. Reynolds, “Robust text-independent speaker identification using Gaussian mixture
speaker models,” IEEE Trans. on Speech and Audio Processing, vol. 3, no. 1, pp. 72-83, 1995.
D. A. Reynolds, T. F. Quatieri, and R. B. Dunn, “Speaker verification using adapted Gaussian
mixture models,” Digital Signal Processing, vol. 10, pp. 19-41, 2000.

A. D. Dileep and C. C. Sekhar, “GMM-based intermediate matching kernel for classification
of varying length patterns of long duration speech using support vector machines,” IEEE Trans.
on Neural Networks and Learning Systems, vol. 25, no. 8, pp. 1421-1432, 2014.

D. Garcia-Romero and C. Y. Espy-Wilson, “Automatic acquisition device identification from
speech recordings,” in Proc. IEEE Int. Conf. on Acoustic, Speech and Signal Processing
(ICASSP), 2010, pp. 1806-1809.

C. L. Kotropoulis, “Source phone identification using sketches of features,” IET Biometric, vol.
3, no. 2, pp. 75-83, 2014.

L.Jing etal., “DCAR: a discriminative and compact audio representation for audio processing,”
IEEE Trans. on Multimedia, vol. 19, no. 12, pp. 2637-2650, 2017.

V. Vestman, B. Soomro, A. Kanervisto, V. Hautamaki, and T. Kinnunen, “Who do I sound like?
Showecasing speaking recognition technology by youtube voice search,” in Proc. IEEE Int. Conf.
on Acoustic, Speech and Signal Processing (ICASSP), 2019, pp. 5781-5785.

A. Mesaros et al., “Detection and classification of acoustic scenes and events: outcome of the
dcase 2016 challenge,” IEEE/ACM Trans. on Audio, Speech, and Language Processing, vol.
26, no. 2, pp. 379-393, 2018.

H. Delgado et al., “ASVspoof 2017 version 2.0: meta-data analysis and baseline enhancements,”
in Proc. Odyssey, 2018, pp. 296-303.

Y. Li, M. Liu, W. Wang, Y. Zhang, and Q. He, “Acoustic scene clustering using joint
optimization of deep embedding learning and clustering iteration,” IEEE Trans. on Multimedia,
early access, 2019.

133



[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

L. Xu, K. A. Lee, H. Li, and Z. Yang, “Generalizing i-vector estimation for rapid speaker
recognition,” IEEE/ACM Trans. on Audio, Speech, and Language Processing, vol. 26, no. 4,
pp. 749-759, 2018.

V. Vestman and T. Kinnunen, “Supervector compression strategies to speed up i-vector system
development,” in Proc. Odyssey, 2018, pp. 357-364.

S. Cumani and P. Laface, “E-vectors: JFA and i-vectors revisited,” in Proc. IEEE Int. Conf. on
Acoustics, Speech and Signal Processing (ICASSP), 2017, pp. 5435-5439.

F. Perronnin and C. Dance, “Fisher kernels on visual vocabularies for image categorization,”
in Proc. IEEE Conf. on Computer Vision and Pattern Recognition (CVPR), 2007, pp. 1-8.

J. Sanchez, F. Perronnin, T. Mensink, and J. Verbeek, “Image classification with the fisher
vector: Theory and practice,” International Journal of Computer Vision, vol. 105, no. 3, pp.
222-245, 2013.

T. S. Jaakkola and D. Haussler, “Exploiting generative models in discriminative classifiers,” in
Proc. Advances in Neural Information Processing Systems (NIPS), 1999, pp. 487-493.

W. M. Campbell, “Using deep belief networks for vector-based speaker recognition,” in Proc.
Annual Conference of the International Speech Communication Association (INTERSPEECH),
2014, pp. 676-680.

Y. Lei, N. Scheffer, L. Ferrer, and M. McLaren, “A novel scheme for speaker recognition using
a phonetically-aware deep neural network,” in Proc. IEEE Int. Conf. on Acoustic, Speech and
Signal Processing (ICASSP), 2014, pp. 1695-1699.

E. Variani, X. Lei, E. McDermott, I. L. Moreno, and J. Gonzalez-Dominguez, “Deep neural
networks for small footprint text-dependent speaker verification,” in Proc. Int. Conf. on
Acousitc, Speech and Signal Processing (ICASSP), 2014, pp. 4052-4056.

D. Snyder, D. Garcia-Romero, D. Povey, and S. Khudanpur, “Deep neural network embeddings
for text-independent speaker verification,” in Proc. Annual Conference of the International

Speech Communication Association (INTERSPEECH), 2017, pp. 999-1003.

134



[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

D. Snyder, D. Garcia-Romero, G. Sell, D. Povey, and S. Khudanpur, “X-vectors: robust dnn
embeddings for speaker recognition,” in Proc. Int. Conf. on Acoustic, Speech and Signal
Processing (ICASSP), 2018, pp. 5329-5333.

R. Hyder, S. Ghaffarzadegan, Z. Feng, J. H. L. Hansen, and T. Hasan, “Acoustic scene
classification using a CNN-supervector system trained with auditory and spectrogram image
features,” in Proc. Annual Conference of the International Speech Communication Association
(INTERSPEECH), 2017, pp. 3073-3077.

G. Lavrentyeva et al., “Audio replay attack detection with deep learning frameworks,” in Proc.
Annual Conference of the International Speech Communication Association (INTERSPEECH),
2017, pp. 82-86.

O. Eskidere, “Source microphone identification from speech recordings based on a Gaussian
mixture model,” Turkish Journal of Electrical Engineering & Computer Sciences, vol. 22, pp.
754-767, 2014.

N. Peters, H. Lei, and G. Friedland, “Name that room: room identification using acoustic
features in a recording,” in Proc. 20™ ACM Int. Conf. on Multimedia, 2012, pp. 841-844.

A. J. Eronen et al., “Audio-based context recognition,” IEEE Trans. on Audio, Speech, and
Language Processing, vol. 14, no. 1, pp. 321-329, 2006.

G. E. Hinton, “A practical guide to training restricted Boltzmann machines,” in Neural
Networks: Tricks of the Trade, Springer, 2012, pp. 599-619.

O. Ghahabi and J. Hernando, “Restricted Boltzmann machine supervectors for speaker
recognition,” in Proc. Int. Conf. on Acoustic, Speech and Signal Processing (ICASSP), 2015,
pp. 4804-4808.

G. E. Hinton, S. Osindero, and Y. W. Teh, “A fast learning algorithm for deep belief nets,”
Neural Computation, vol. 18, no. 7, pp. 1527-1554, 2006.

G. E. Hinton and R. R. Salakhutdinov, “Reducing the dimensionality of data with neural

networks,” Science, vol. 313, no. 5786, pp. 504-507, 2006.

135



[52]

[53]

[54]

[55]

[56]

[57]

[58]

[59]

[60]

[61]

G. E. Dahl, D. Yu, L. Deng, and A. Acero, “Context-dependent pre-trained deep neural
networks for large-vocabulary speech recognition,” IEEE Trans. on Audio, Speech, and
Language Processing, vol. 20, no. 1, pp. 30-42, 2012.

C. M. Bishop, “Sparse kernel machines,” in Pattern Recognition and Machine Learning,
Springer, 2006, ch. 7, pp. 325-358.

S. Chandrakala and S. L. Jayalakshmi, “Environmental audio scene and sound event
recognition for autonomous surveillance: A survey and comparative studies,” ACM Computing
Surveys, vol. 52, no. 3, 2019.

L. Ferrer and M. McLaren, “Joint plda for simultaneous modeling of two factors,” Journal of
Machine Learning Research, vol. 20, no. 24, pp. 1-29, 2019.

B. Desplanques, K. Demuynck, and J. P. Martens, “Factor analysis for speaker segmentation
and improved speaker diarization,” in Proc. Annual Conf. of the International Speech
Communication Association (INTERSPEECH), 2015, pp. 3081-3085.

A. Nagrani, J. S. Chung, and A. Zisserman, “VoxCeleb: A large-scale speaker identification
dataset,” in Proc. Annual Conf. of the International Speech Communication Association
(INTERSPEECH), 2017, pp. 2616-2620.

J. S. Chung, A. Nagrani, and A. Zisserman, “VoxCeleb2: Deep speaker recognition,” Proc.
Annual Conf. of the International Speech Communication Association (INTERSPEECH), 2018,
pp. 1086-1090.

J. Wright et al., “Sparse representation for computer vision and pattern recognition,”
Proceedings of the IEEE, vol. 98, no. 6, pp. 1031-1044, 2010.

J. Wright, A. Y. Yang, A. Ganesh, S. S. Sastry, and Y. Ma, “Robust face recognition via sparse
representation,” |IEEE Trans. on Pattern Analysis and Machine Intelligence, vol. 31, no. 2, pp.
210-227, 2009.

K. Huang and S. Aviyente, “Sparse representation for signal classification,” in Proc. Advances

in Neural Information Processing Systems (NIPS), 2007, pp. 609-616.

136



[62]

[63]

[64]

[65]

[66]

[67]

[68]

[69]

[70]

[71]

[72]

Y. Panagakis, C. L. Kotropoulos, and G. R. Arce, “Music genre classification via joint sparse
low-rank representation of audio features,” IEEE/ACM Trans. on Audio, Speech, and Language
Processing, vol. 22, no. 12, pp. 1905-1917, 2014.

J. F. Gemmeke, T. Virtanen, and A. Hurmalainen, “Exemplar-based sparse representations for
noise robust automatic speech recognition,” IEEE Trans. on Audio, Speech, and Language
Processing, vol. 19, no. 7, pp. 2067-2080, 2011.

M. Li, X. Zhang, Y. Yan, and S. Narayanan, “Speaker verification using sparse representations
on total variability i-vectors,” in Proc. 12" Annual Conference of the International Speech
Communication Association (INTERSPEECH), 2011, pp. 2729-2732.

T. Lin and Y. Zhang, “Speaker recognition based on long-term acoustic features with analysis
sparse representation,” IEEE Access, vol. 7, pp. 87439-87447, 2019.

L. Zou, Q. He, and J. Wu, “Source cell phone verification from speech recordings using sparse
representation,” Digital Signal Processing, vol. 62, pp. 125-136, 2017.

I. Naseem, R. Togneri, and M. Bennamoun, “Sparse representation for speaker identification,”
in Proc. IEEE Int. Conf. on Pattern Recognition (ICPR), 2010, pp. 4460-4463.

Y. H. Chin, J. C. Wang, C. L. Huang, K. Y. Wang, and C. H. Wu, “Speaker identification using
discriminative features and sparse representation,” IEEE Trans. on Information Forensics and
Security, vol. 12, no. 8, pp. 1979-1987, 2017.

L. Zhang, M. Yang, and X. Feng, “Sparse representation or collaborative representation: which
helps face recognition,” in Proc. IEEE Int. Conf. on Computer Vision (ICCV), 2011, pp. 471-
478.

P. N. Belhumeur, J. P. Hespanha, and D. J. Kriegman, “Eigenfaces vs. fisherfaces: recognition
using class specific linear projection,” IEEE Trans. on Pattern Analysis and Machine
Intelligence, vol. 19, no. 7, pp. 711-720, 1997.

S. Mika, G. Ratsch, J. Weston, B. Scholkopf, and K. R. Muller, “Fisher discriminant analysis
with kernels,” in Proc. IEEE Signal Processing Society Workshop, 1999, pp. 41-48.

G. Baudat and F. Anouar, “Generalized discriminant analysis using a kernel approach,” Neural
Computation, vol. 12, no. 10, pp. 2385-2404, 2000.

137



[73]

[74]

[75]

[76]

[77]

[78]

[79]

[80]

[81]

[82]

R. K. Das, A. B. Manam, and S. R. M. Prasanna, “Exploring kernel discriminant analysis for
speaker verification with limited test data,” Pattern Recognition Letters, vol. 98, pp. 26-31,
2017.

A. Solomonoff, W. M. Campbell, and 1. Boardman, “Advances in channel compensation for
SVM speaker recognition,” in Proc. IEEE Int. Conf. on Acoustics, Speech, and Signal
Processing (ICASSP), 2005, pp. 629-632.

V. Struc, B. Vesnicer, F. Mihelic, and N. Pavesic, “Removing illumination artifacts from face
images using the nuisance attribute projection,” in Proc. IEEE Int. Conf. on Acoustics, Speech,
and Signal Processing (ICASSP), 2010, pp. 846-849.

A. Solomonoff, W. M. Campbell, and C. Quillen, “Nuisance attribute projection,” Speech
Communication, pp. 1-73, 2007.

X. Zhao et al., “Nonlinear kernel nuisance attribute projection for speaker verification,” in Proc.
IEEE Int. Conf. on Acoustics, Speech, and Signal Processing (ICASSP), 2008, pp. 4125-4128.

Y. Jiang, K. A. Lee, Z. Tang, B. Ma, A. Larcher, and H. Li, “PLDA modeling in i-vector and
supervector space for speaker verification,” in Proc. Annual Conference of the International
Speech Communication Association (INTERSPEECH), 2012, pp. 1680-1683.

L. E. Shafey, C. McCool, R. Wallace, and S. Marcel, “A scalable formulation of probabilistic
linear discriminant analysis: applied to face recognition,” IEEE Trans. on Pattern Analysis and
Machine Intelligence, vol. 35, no. 7, pp. 1788-1794, 2013.

KingLine Data Center, American English Speech Recognition Corpus (King-ASR-L-081),
Speechocean, 2013.

J. O. Garcia, J. G. Rodriguez, and V. M. Aguiar, “AHUMADA: a large speech corpus in
Spanish for speaker characterization and identification,” Speech Communication, vol. 31, no.
2, pp. 255-264, 2000. Available at: http://atvs.ii.uam.es/atvs/ahumada25.html.

D. Stowell, D. Giannoulis, E. Benetos, M. Lagrange, and M. D. Plumbley, “Detection and
classification of acoustic scenes and events,” IEEE Trans. on Multimedia, vol. 17, no. 10, pp.

1733-1746, 2015. Available at: http://c4dm.eecs.gmul.ac.uk/sceneseventschallenge/.

138



[83]

[84]

[85]

[86]

[87]

[88]

[89]

[90]

[91]

[92]

[93]

[94]

A. Mesaros, T. Heittola, and T. Virtanen, “TUT database for acoustic scene classification and
sound event detection,” in Proc. IEEE 24™ European Signal Processing Conference
(EUSIPCO), 2016, pp. 1128-1132. Available at: http://dcase.community/challenge2016/task-
acoustic-scene-classification.

M. N. Do, “Fast approximation of Kullback-Leibler distance for dependence trees and hidden
Markov models,” IEEE Signal Processing Letters, vol. 10, no. 4, pp. 115-118, 2003.

C. C. Chang and C. J. Lin, “LIBSVM: A library for support vector machines,” ACM Trans. on
Intelligent Systems and Technology, vol. 2, no. 3, pp. 1-27, 2011. Available at:
http://www.csie.ntu.edu.tw/~cjlin/libsvm.

P. Kenny, G. Boulianne, and P. Dumouchel, “Eigenvoice modeling with sparse training data,”
IEEE Trans. on Speech and Audio Processing, vol. 13, no. 3, pp. 345-354, 2005.

C. M. Bishop, “Continuous latent variables,” in Pattern Recognition and Machine Learning,
Springer, 2006, ch. 12, pp. 559-603.

Z. Ghahramani and G. E. Hinton, “The EM algorithm for mixtures of factor analyzers,”
Technical Report CRG-TR-96-1, University of Toronto, 1996.

S. Young et al., The HTK book (v3.4), Cambridge: Cambridge University Press, 2006, pp. 156-
157.

Y. Jiang and F. H. F. Leung, “The scalable version of probabilistic linear discriminant analysis
and its potential as a classifier for audio signal classification,” in Proc. IEEE Int. Joint Conf.
on Neural Networks (IJCNN), 2018, pp. 1-7.

C. M. Bishop, “Mixture models and EM,” in Pattern Recognition and Machine Learning,
Springer, 2006, ch. 9, pp. 423-459.

Y. Bengio, “Energy-based models and Boltzmann machines,” in Learning Deep Architectures
for Al, Foundations and Trends® in Machine Learning, 2009, ch. 5, pp. 48-67.

R. B. Palm, “Prediction as a candidate for learning deep hierarchical models of data,” Technical
University of Denmark, 2012.

Available at: https://github.com/rasmusbergpalm/DeepLearnToolbox.

M. Brookes, Voicebox, 2003.

139



[95]

[96]

[97]

[98]

[99]

[100]

[101]

[102]

[103]

[104]

[105]

Available at: http://www.ee.ic.ac.uk/hp/staff/dmb/voicebox/voicebox.html.

C. W. Hsu and C. J. Lin, “A comparison of methods for multiclass support vector machines,”
IEEE Trans. on Neural Networks, vol. 13, no. 2, pp. 415-425, 2002.

X. Yang, Q. Song, and Y. Wang. “A weighted support vector machine for data classification.”
International Journal of Pattern Recognition and Artificial Intelligence, vol. 21, no. 5, pp. 961-
976, 2007.

S. J. D. Prince and J. H. Elder, “Probabilistic linear discriminant analysis for inferences about
identity,” in Proc. IEEE Int. Conf. on Computer Vision (ICCV), 2007, pp. 1-8.

P.Li, Y. Fu, U. Mohammed, J. H. Elder, and S. J. D. Prince, “Probabilistic models for inference
about identity,” IEEE Trans. on Pattern Analysis and Machine Intelligence, vol. 34, no. 1, pp.
144-157, 2012.

S. Toffe, “Probabilistic linear discriminant analysis,” in Proc. European Conf. on Computer
Vision (ECCV), 2006, pp. 531-542.

C. M. Bishop, “Probability distributions,” in Pattern Recognition and Machine Learning,
Springer, 2006, ch. 2, pp. 67-136.

A.Y. Yang, Z. Zhou, A. G. Balasubramanian, S. S. Sastry, and Y. Ma, “Fast 11-minimization
algorithms for robust face recognition,” IEEE Trans. on Image Processing, vol. 22, no. 8, pp.
3234-3246, 2013.

Y. Xu, Z. Zhong, J. Yang, J. You and D. Zhang, “A new discriminative sparse representation
method for robust face recognition via 12 regularization,” IEEE Trans. on Neural Networks and
Learning Systems, vol. 28, no. 10, pp. 2233-2242, 2017.

D. Donoho, V. Stodden, and Y. Tsaig, About SparseLab(v2.1), Stanford, 2007.

C. M. Bishop, “Linear models for classification,” in Pattern Recognition and Machine Learning,
Springer, 2006, ch. 4, pp. 179-224.

K. Fukunaga, “Feature Extraction and Linear Mapping for Classification,” in Introduction to
Statistical Pattern Recognition, 2" Ed., San Diego, California: Academic Press, 1990, ch. 10,

pp. 441-507.

140



[106] C.J. C. Burges, “A tutorial on support vector machines for pattern recognition,” Data mining
and knowledge discovery, vol. 2, no. 2, pp. 121-167, 1998.

[107] K. He, X. Zhang, S. Ren, and J. Sun, “Deep residual learning for image recognition,” in Proc.
IEEE Conf. on Computer Vision and Pattern Recognition (CVPR), 2016, pp. 770-778.

[108] Y. Jiang and F. H. F. Leung, “Gaussian mixture model and Gaussian supervector for image
classification,” in Proc. IEEE Int. Conf. on Digital Signal Processing (DSP), 2018, pp. 1-5.

[109] R. Rigamonti, M. A. Brown, and V. Lepetit, “Are sparse representations really relevant for
image classification,” in Proc. IEEE Conf. on Computer Vision and Pattern Recognition
(CVPR), 2011, pp. 1545-1552.

[110] Q. Shi, A. Eriksson, A. V. D. Hengel, and C. Shen, “Is face recognition really a compressive
sensing problem,” in Proc. IEEE Conf. on Computer Vision and Pattern Recognition (CVPR),

2011, pp. 553-560.

141





